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Abstract

Previous LLMs-based RL studies typically fol-
low either supervised learning with high an-
notation costs, or unsupervised paradigms us-
ing voting or entropy-based rewards. How-
ever, their performance remains far from satis-
factory due to the substantial annotation cost
and issues such as model collapse or reward
hacking. To address these issues, we intro-
duce a new perspective inspired by cogni-
tive learning theory and propose a novel ap-
proach called EasyRL. The core of EasyRL
is to simulate the human cognitive acquisi-
tion curve by integrating reliable knowledge
transfer from easy labeled data with a progres-
sive divide-and-conquer strategy that tackles
increasingly difficult unlabeled data. Specif-
ically, we initialize a warm-up model using
supervised RL with few-shot labeled data. This
is followed by a divide-and-conquer pseudo-
labeling strategy on difficult unlabeled data,
combining consistency-based selection for low-
uncertainty cases and reflection-based resolu-
tion for medium-uncertainty cases. Finally,
difficulty-progressive self-training with itera-
tive pseudo-labeling and RL further strength-
ens the model’s reasoning capability. EasyRL
provides a unified self-evolving framework that
facilitates data-efficient post-training of LLMs.
Experimental results on mathematical and sci-
entific benchmarks demonstrate that EasyRL,
using only 10% of easy labeled data, consis-
tently outperforms state-of-the-art baselines.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across diverse domains
such as mathematical reasoning (Cui et al., 2025;
Luo et al., 2025b; Guan et al., 2025), scientific re-
search (Team et al., 2025; Yu et al., 2025), and
code generation (Guo et al., 2024; Qian et al.,

† Corresponding authors.

2024). Recent advances including DeepSeek-
R1 (DeepSeek-AI, 2025), OpenAI’s o1 (OpenAI,
2024), and Kimi-1.5 (Team, 2025) have shown
that Reinforcement Learning (RL), as a promis-
ing post-training paradigm, can effectively elicit
and enhance the reasoning abilities of LLMs. In-
triguingly, LLMs trained with RL exhibit emergent
cognitive behaviors such as self-reflection (Gandhi
et al., 2025), and spontaneous “aha moments,”
while also achieving strong generalization across
diverse downstream tasks (Lambert et al., 2025).

In recent advances of LLM reinforcement learn-
ing for reasoning, existing approaches can be
broadly categorized into supervised and unsuper-
vised paradigms (Zhang et al., 2025e). Supervised
methods rely on outcome-based rewards, derived ei-
ther from verifiable answers or pre-trained reward
models (Lyu et al., 2025; Ouyang et al., 2022).
While effective, these methods heavily depend
on human-labeled data or reward model supervi-
sion, resulting in substantial annotation cost (Zhang
et al., 2025c) and limited scalability (Yuan et al.,
2024; Liu et al., 2025). On the other hand, un-
supervised methods attempt to construct reward
signals through voting (Zuo et al., 2025) or entropy
estimation (Zhang et al., 2025d). However, their
performance gains are often marginal and suscep-
tible to issues such as model collapse (Shumailov
et al., 2024) or reward hacking (Shafayat et al.,
2025), and they struggle to generalize across di-
verse models (Shao et al., 2025), making stable
self-evolution difficult to achieve.

Inspired by Mind in Society (VYGOTSKY,
1978), cognitive development and skill acquisition
are known to follow a from-easy-to-hard trajectory.
Vygotsky’s seminal Zone of Proximal Develop-
ment (ZPD) theory posits learners master complex
tasks by first internalizing knowledge from simple
and achievable cases, and then gradually extending
this knowledge to more difficult challenges with
minimal external guidance. Subsequent studies fur-
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Figure 1: Comparison between (a) existing supervised
and unsupervised RL approaches and (b) EasyRL.

ther validate this principle: humans require only a
small set of easy, labeled examples to induce gener-
alizable rules (Lake et al., 2016), and can transfer
this foundational knowledge to tackle novel, harder
problems through analogy and self-reflection (Nam
and McClelland, 2024). This insight highlights a
critical opportunity: if LLM training can be aligned
with human cognitive patterns such that limited
easy-labeled cases guide the model’s progression
toward increasingly difficult tasks, we may achieve
a data-efficient RL paradigm that balances annota-
tion cost and generalization. Therefore, we aim to
address the following question:

Can LLMs gradually evolve with limited
easy labeled data and abundant difficult
unlabeled data?

To address this question, we propose EasyRL,
a novel reinforcement learning framework that
enables LLMs to self-evolve from limited easy
cases toward more difficult reasoning tasks. Dif-
ferent from existing supervised and unsupervised
approaches, the core of EasyRL is to not only trans-
fer reliable knowledge from easy labeled data, but
also leverage difficult unlabeled data in a structured,
progressively refined manner to enhance reasoning
capability (see Figure 1). Specifically, we first
transfer knowledge from labeled data to initialize
a warm-up model using supervised reinforcement
learning. Next, we adopt a Divide-and-Conquer
strategy to construct high-quality pseudo-labeled
datasets, where consistency-based selection han-
dles low-uncertainty cases and reflection-based res-
olution addresses medium-uncertainty ones. To
further promote self-improvement, we incorpo-
rate difficulty-progressive self-training: the model
is iteratively trained on increasingly challenging
pseudo-labeled samples, with selection criteria dy-
namically updated to follow an easy-to-hard pro-
gression aligned with human cognitive learning.
Comprehensive experiments across multiple rea-

soning benchmarks demonstrate that EasyRL sig-
nificantly outperforms competitive baselines, and
enables a self-evolving learning trajectory in LLMs.
The main contributions are summarized as follows:

❶ New Perspective. We introduce a cognitive-
inspired framework that enables large language
models to self-evolve from limited easy cases to
more difficult reasoning tasks.

❷ Novel Methodology. EasyRL transfers knowl-
edge from easy samples and progressively incor-
porates unlabeled data via divide-and-conquer,
achieving difficulty-progressive self-training to
enhance reasoning.

❸ Extensive Experiments. We conduct extensive
experiments across multiple benchmarks, show-
ing that EasyRL is (1) data-efficient, using only
10% easy labeled data while surpassing GRPO
trained on the full dataset; (2) self-evolving, with
steadily improving pseudo-label quality and an
increasing focus on more difficult samples; and
(3) robust-performing, outperforming super-
vised and unsupervised RL baselines and trans-
ferring effectively to out-of-domain tasks.

2 Related Work

2.1 Reinforcement Learning for Reasoning
Reinforcement learning with Verifiable Rewards
(RLVR) has been widely utilized to strengthen
the reasoning capabilities of LLMs (DeepSeek-AI,
2025; Yang et al., 2025a,b; Zhang et al., 2025e;
Singh et al., 2025; Li et al., 2025c). Recently, an in-
creasing body of research has focused on label-free
RL, which eliminates reliance on human annota-
tions (Shao et al., 2025; Zweiger et al., 2025; Xin
et al., 2025). Zuo et al. (2025); Shafayat et al.
(2025); Wei et al. (2025) adopt majority voting to
generate pseudo-labels for correctness rewards. Al-
ternatively, Zhang et al. (2025d) minimize predic-
tive entropy within a latent semantic space, while
other approaches (Zhao et al., 2025b; Prabhude-
sai et al., 2025; Li et al., 2025a; Agarwal et al.,
2025) quantify model confidence via self-certainty
or token-level entropy. Beyond evaluating only the
final outputs, several studies incorporate intermedi-
ate reasoning states into reward modeling (Zhang
et al., 2025c; Zhou et al., 2025). In parallel, re-
search on self-evolving (Zhao et al., 2025a; Zhang
et al., 2025b) and co-evolving (Wang et al., 2025a;
Fang et al., 2025) RL paradigms further demon-
strates the potential of autonomous adaptation. De-
spite their progress, self-evolving RL frameworks
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in a staged RL training loop.

from a cognitive perspective remain underexplored,
and our work aims to bridge this gap.

2.2 Data-efficient LLM Training

In recent years, achieving data-efficient post-
training of LLMs with limited data has become
a key research direction (Luo et al., 2025a). Ex-
isting approaches primarily focus on five major
themes: data selection (Jeong et al., 2025; Liu et al.,
2024), data quality enhancement (Li et al., 2024;
Dai et al., 2025), synthetic data generation (Dong
et al., 2024; Ming et al., 2024), data distillation
and compression (Cui et al., 2024; Pan et al., 2024),
and self-evolving data ecosystems (You et al., 2024;
Madaan et al., 2023). Recent studies have also ex-
plored data selection in reinforcement learning (Li
et al., 2025b) and even demonstrated that RL with
as few as one or four samples can yield improve-
ments (Wang et al., 2025b; Fatemi et al., 2025).
In contrast, our work argues that by leveraging a
small set of easy samples, the model can self-evolve
to tackle increasingly difficult examples, aligning
with the intuition of the human learning process.

3 Methodology

3.1 Problem Analysis

In real-world scenarios, obtaining annotations for
difficult reasoning tasks is often expensive and

time-consuming, while collecting answers for sim-
ple problems is much easier. Consider given a
small labeled dataset Dlabel consisting of easy sam-
ples and a large unlabeled dataset Dunlabel contain-
ing difficult samples. In this work, we aim to ex-
plore whether a LLM can self-evolve from limited
easy cases toward more difficult tasks through data-
efficient RL. Inspired by (He et al., 2025), we adopt
the difficulty definition provided by the AoPS1 rat-
ing scale (1–10). Specifically, our EasyRL focuses
on two objectives: (1) enhancing the model’s rea-
soning capability and generalization performance
on test sets, and (2) improving the quality of
pseudo-labels generated on unlabeled difficult sam-
ples, thereby enabling a self-improving learning
cycle without additional human supervision.

3.2 Framework Overview
As illustrated in Figure 2, our EasyRL workflow
follows a multi-step process that enables the model
to evolve from easy to increasingly difficult tasks.
First, we transfer knowledge from the labeled
dataset containing easy samples to obtain a sta-
ble warm-up model that serves as a reliable pol-
icy prior for subsequent pseudo-label generation.
Then, we use this warm-up model to pseudo-label
unlabeled data and partition samples by uncertainty

1https://artofproblemsolving.com/wiki/index.p
hp/AoPS_Wiki:Competition_ratings
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into low-, medium-, and high-uncertainty groups,
where consistency-based selection handles low-
uncertainty cases and reflection-based resolution
refines medium-uncertainty ones. Finally, EasyRL
iteratively combines labeled data with the selected
pseudo-labeled samples in a reinforcement learn-
ing training loop, gradually exposing the model to
increasingly difficult samples until convergence.

3.3 Knowledge Transfer for Foundational
Capability

To provide a stable model πwarm for subsequent
pseudo-label generation and self-evolution on un-
labeled data Dunlabel, we first transfer knowledge
from the labeled data Dlabel through supervised re-
inforcement learning. Specifically, we employ the
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) algorithm, following DeepSeek-R1-
Zero (DeepSeek-AI, 2025), to align the model’s
outputs with reference answers. The optimization
objective is formulated as:

JGRPO = Eq∼Q,{xi}Gi=1∼πθ(X|q)

[
1

G

G∑

i=1

(
min(Ai,

clip(Ai, 1− ϵ, 1 + ϵ))− βKL(πθ∥πref)
)]

,

(1)
where {x1, . . . , xG} are a group of outputs sam-
pled from the policy model πθ, and the KL term,
controlled by the coefficient β, limits divergence
from the reference policy πref. The normalized
advantage Ai for each output xi is computed as:
Ai = ri−mean({r1,··· ,rG})

std({r1,··· ,rG}) . The reward ri is com-
puted from labeled pairs (q, a) ∈ Dlabel, based on
a correctness verifier that checks whether the model
output matches the ground-truth response. Addi-
tionally, a format penalty is applied if the output is
not in the expected boxed format:

ri =





1, if verifier(xi, a) = True,

−0.5, if xi is not in boxed format,

0, otherwise.

(2)

This supervised RL training embeds domain-
specific knowledge from the labeled data into the
model. The resulting πwarm thus serves as a reli-
able model for pseudo-label generation and self-
evolution on unlabeled data.

3.4 Divide-and-Conquer for Reliable
Pseudo-Labeling

To leverage unlabeled data, we adopt a divide-
and-conquer strategy for pseudo-labeling. Specif-
ically, we partition samples based on uncertainty
of pseudo-labels: (1) Low-uncertainty: samples
with consistent outputs across multiple reasoning
attempts form Dconsistent via consistency-based se-
lection. (2) Medium-uncertainty: samples with in-
consistent outputs are re-evaluated through a reflec-
tion mechanism and filtered to form Dresolved via
reflection-based resolution. (3) High-uncertainty:
highly uncertain samples are deferred to sub-
sequent rounds for Difficulty-Progressive Self-
Training (Section 3.5). The final pseudo-labeled
set is Dunlabel_selected = Dconsistent ∪Dresolved.

Consistency-based Selection. For each unlabeled
query x ∈ Dunlabel, the model πwarm performs N
independent inferences:

Dcons =
{
x
∣∣∣ o1 = o2 = · · · = oN , oi ∼ πθ(·|x)

}
,

(3)
where o1, . . . , oN denote the generated outputs. If
all outputs are identical, the sample is regarded
as consistent. The overall consistency rate is de-
fined as: ConsRate = |Dconsistent|

|Dunlabel| , which reflects the
model’s stability and confidence on unlabeled data.

Reflection-based Resolution. For samples that
fail the consistency check, we employ a reflection
mechanism to assess their reliability. Given a set
of proposed answers Ox = {o1, . . . , oN}, we com-
pute empirical probability px(y) for each distinct
answer y, and define the prediction entropy as:

H(x) = −
∑

y∈Ox

px(y) log px(y). (4)

A dynamic threshold τt is used to determine
whether a sample can be confidently resolved:

x ∈ Dresolved if H(x) ≤ τt, (5)

where τt is a dynamic threshold, set by default
to 0.3. The pseudo-label is assigned as ŷx =
Reflection(Ox), which is the answer obtained after
the reflection-based resolution, while samples with
H(x) > τt are reserved for future rounds.

In summary, this divide-and-conquer strat-
egy progressively constructs the reliable pseudo-
labeled datasetDunlabel_selected while avoiding noisy
supervision from high-uncertainty samples. By it-
eratively combining Consistency-based Selection
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and Reflection-based Resolution, our method en-
sures stable and high-quality pseudo-labels that
effectively support the self-evolution process.

3.5 Difficulty-Progressive Self-Training for
Evolution

To further enable self-evolution on Dunlabel_selected,
we adopt a difficulty-progressive self-training strat-
egy that exposes the model to increasingly difficult
or uncertain examples.

Specifically, we first combine the pseudo-labeled
set D(0)

unlabel_selected obtained via the divide-and-
conquer strategy with the labeled dataset Dlabel

to perform supervised RL training. The reward re-
flects the correctness of pseudo-labels: the model
receives 1 if its output matches the pseudo-label, 0
otherwise, with an additional penalty for incorrect
format, resulting in the first intermediate model π1.

We then iteratively apply pseudo-labeling, se-
lection (see Section 3.4), and self-training to pro-
gressively refine the model. In each iteration, the
current model πi generates pseudo-labels for the
remaining unlabeled samples D(i)

unlabel_unselected,
which correspond to the high-uncertainty samples
from the previous round in the divide-and-conquer
process. These pseudo-labeled samples are then
combined with labeled data for supervised rein-
forcement learning to obtain the next model πi+1.
This process continues until convergence, produc-
ing a sequence of models π1, π2, . . . , πn, each in-
creasingly capable of handling more difficult or
uncertain cases. Formally, at iteration i:

πi+1 = RL(Dlabel ∪ D(i)
unlabel_selected), (6)

where D(i)
unlabel_selected denotes the pseudo-labeled

set selected by πi in the current iteration. This
framework enables gradual evolution from easy
to difficult instances, leveraging both labeled and
pseudo-labeled data.

3.6 Summarization

To summarize, the overall workflow of EasyRL is
presented in Algorithm 1. First, in the Knowl-
edge Transfer stage, a supervised RL model πwarm
is trained on labeled data to provide a reliable
policy prior for pseudo-label generation. Next,
the Divide-and-Conquer stage leverages πwarm to
generate multiple candidate outputs for each unla-
beled query and organizes them by uncertainty via
consistency-based selection and reflection-based

Algorithm 1: EasyRL framework
Input :Labeled dataset Dlabel, unlabeled

dataset Dunlabel, maximum
iterations Imax.

1 // Step 1: Knowledge Transfer;
2 Train a supervised RL model πwarm on
Dlabel using Eq. 1 and 2;

3 // Step 2: Divide and Conquer;
4 foreach x ∈ Dunlabel do
5 Generate N outputs {oi}Ni=1 using

πwarm by Eq. 3; Consistency-based
Selection to obtain Dconsistent;

6 Reflection-based Resolution by Eq. 4
and Eq. 5 to obtain Dresolved;

7 Dunlabel_selected = Dconsistent ∪ Dresolved;
8 // Step 3: Difficulty-Progressive

Self-Training;
9 for i← 0 to Imax do

10 Train πi with RL on

Dlabel ∪ D(i)
unlabel_selected to obtain πi+1;

11 Use πi+1 to generate new pseudo-labels

for D(i)
unlabel_unselected via Step 2;

12 Update D(i+1)
unlabel_selected;

Output :Evolved model πfinal.

resolution, resulting in a high-quality pseudo-
labeled dataset Dunlabel_selected. From a cognitive
perspective, Dunlabel_selected can be viewed as an
analogue of the Zone of Proximal Development
(ZPD), which characterizes tasks that slightly ex-
ceed an agent’s current capability yet remain learn-
able under appropriate guidance. Although ZPD
is traditionally defined in human learning contexts
involving more knowledgeable peers or instructors,
we adapt this concept to the LLM RL setting by
treating intrinsic feedback as implicit instructional
signals. It allows the model to progressively expand
its capability boundary, facilitating self-evolution
through difficulty-progressive self-training.

4 Experiment

4.1 Experimental Setup
Datasets. For training, we construct a final dataset
consisting of 20,000 samples from DeepMath-
103K (He et al., 2025) with each problem assigned
a difficulty level. We randomly select 2,000 sam-
ples with difficulty levels ranging from 3.0 to 4.5
as the labeled data, and 18,000 samples with dif-
ficulty levels between 5.0 and 10.0 as the unla-
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Mathematical Reasoning Scientific Reasoning
Methods

MATH Minerva Olympiad AIME24 AMC23 Avg. Biology Chemistry Physics Avg.

Qwen2.5-Math-1.5B

Vanilla Base 65.0 18.0 28.3 6.7 45.0 32.6 0.0 2.3 1.4 1.5

w/ Supervised GRPO 66.4↑1.4 27.9↑9.9 30.7↑2.4 3.3↓3.4 50.0↑5.0 35.7↑3.1 11.4↑11.4 10.0↑7.7 4.3↑2.9 7.9↑6.4
w/ Unsupervised EMPO 66.6↑1.6 28.3↑10.3 31.0↑2.7 6.7↑0.0 60.0↑15.0 38.5↑5.9 20.0↑20.0 16.9↑14.6 12.1↑10.7 15.6↑14.1
w/ EasyRL Iter1 69.8↑4.8 28.7↑10.7 31.0↑2.7 3.3↓3.4 52.5↑7.5 37.1↑4.5 27.1↑27.1 14.6↑12.3 10.7↑9.3 15.6↑14.1
w/ EasyRL Iter2 70.0↑5.0 31.6↑13.6 31.3↑3.0 10.0↑3.3 50.0↑5.0 38.6↑6.0 24.3↑24.3 20.8↑18.5 11.4↑10.0 17.6↑16.1
w/ EasyRL Iter3 71.2↑6.2 30.9↑12.9 31.3↑3.0 13.3↑6.6 55.0↑10.0 40.3↑7.7 35.7↑35.7 17.7↑15.4 12.9↑11.5 19.4↑17.9

Qwen2.5-Math-7B

Vanilla Base 72.6 16.9 33.8 16.7 52.5 38.5 18.6 24.6 26.4 24.1

Vanilla Instruct 85.0↑12.4 41.5↑24.6 40.4↑6.6 16.7↑0.0 60.0↑7.5 48.7↑10.2 28.6↑10.0 23.8↓0.8 31.4↑5.0 27.9↑3.8
w/ Supervised GRPO 75.6↑3.0 28.3↑11.4 37.8↑4.0 20.0↑3.3 55.0↑2.5 43.3↑4.8 24.3↑5.7 23.1↓1.5 32.9↑6.5 27.4↑3.3
w/ Unsupervised EMPO 74.8↑2.2 35.3↑18.4 37.3↑3.5 16.7↑0.0 57.5↑5.0 44.3↑5.8 25.7↑7.1 23.1↓1.5 30.0↑3.6 26.5↑2.4
w/ EasyRL Iter1 79.0↑6.4 38.6↑21.7 42.1↑8.3 16.7↑0.0 50.0↓2.5 45.3↑6.8 28.6↑10.0 23.1↓1.5 27.9↑1.5 26.2↑2.1
w/ EasyRL Iter2 78.4↑5.8 43.8↑26.9 39.9↑6.1 13.3↓3.4 57.5↑5.0 46.6↑8.1 28.6↑10.0 20.8↓3.8 37.1↑10.7 29.1↑5.0
w/ EasyRL Iter3 79.0↑6.4 43.4↑26.5 41.2↑7.4 26.7↑10.0 62.5↑10.0 50.6↑12.1 31.4↑12.8 24.6↑0.0 35.7↑9.3 30.6↑6.5

Llama-3.2-3B-Instruct

Vanilla Base 47.4 21.0 13.0 3.3 22.5 21.4 27.1 17.7 15.0 18.5

w/ Supervised GRPO 47.2↓0.2 18.8↓2.2 14.4↑1.4 10.0↑6.7 27.5↑5.0 23.6↑2.2 34.3↑7.2 16.2↓1.5 19.3↑4.3 23.3↑4.8
w/ Unsupervised EMPO 47.6↑0.2 20.6↓0.4 13.5↑0.5 6.7↑3.4 27.5↑5.0 23.2↑1.8 30.0↑2.9 17.7↑0.0 13.6↓1.4 18.5↑0.0
w/ EasyRL Iter1 47.2↓0.2 22.1↑1.1 15.1↑2.1 10.0↑6.7 27.5↑5.0 24.4↑3.0 32.9↑5.8 16.9↓0.8 23.6↑8.6 24.5↑6.0
w/ EasyRL Iter2 49.0↑1.6 22.1↑1.1 16.0↑3.0 10.0↑6.7 22.5↑0.0 23.9↑2.5 34.3↑7.2 21.5↑3.8 19.3↑4.3 25.0↑6.5
w/ EasyRL Iter3 47.4↑0.0 21.7↑0.7 14.8↑1.8 13.3↑10.0 27.5↑5.0 24.9↑3.5 35.7↑8.6 23.8↑6.1 22.1↑7.1 27.2↑8.7

Table 1: Performance comparison of different reinforcement learning strategies on LLMs for mathematical and
scientific reasoning tasks. The boldfaced scores represent the best results. The arrows denote the performance
change of each method relative to Vanilla Base.

Figure 3: Quality evolution of pseudo-labeled data
across three rounds, measured by consistency rate, total
accuracy, samples and average difficulty.

beled data to demonstrate the self-evolving pro-
cess. The selected samples across different diffi-
culty levels are evenly distributed as much as pos-
sible. For evaluation, we adopt several well-known
mathematical and scientific reasoning benchmarks,
including MATH (Hendrycks et al., 2021), Min-
erva MATH (Lewkowycz et al., 2022), Olympiad-
Bench (He et al., 2024), AIME242, AMC233 and
GPQA (Rein et al., 2023).
Baseline. We compare our proposed EasyRL to
three types of baselines as follows:
• Vanilla: We utilize Qwen2.5-Math-1.5B and

Qwen2.5-Math-7B (Yang et al., 2024) to examine
2https://huggingface.co/datasets/HuggingFaceH

4/aime_2024
3https://huggingface.co/datasets/AI-MO/aimo-v

alidation-amc

Figure 4: Performance comparison under different pro-
portions of labeled data on Qwen2.5-Math-1.5B (left)
and Qwen2.5-Math-7B (right).

the scalability of EasyRL. To assess its generality
across architectures, we also include Llama-3.2-
3B-Instruct (Grattafiori et al., 2024).

• Supervised: We implement supervised GRPO
using verl (Sheng et al., 2025) on labeled data.
For every prompt, we sample 8 responses. The
reward is 1 for a correct answer, 0 for an incorrect
one, and −0.5 if no extractable answer is found.

• Unsupervised: We include EMPO (Zhang et al.,
2025d) as a representative label-free RL baseline.
The reward is based on semantic entropy.

Implementation Details. For training, we imple-
ment GRPO via (Sheng et al., 2025) and run experi-
ments on 8×140 GB H200 GPUs. We perform two
inferences per sample for consistency-based selec-
tion. For evaluation, we use zero-shot prompting
with greedy decoding and report pass@1 accuracy.
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Model Variant MATH Minerva Olympiad Bench AIME24 AMC23 GPQA Avg.
EasyRL w/o KT 68.2↓3.0 29.0↓1.9 31.9↑0.6 10.0↓3.3 52.5↓2.5 17.9↓1.5 34.9↓2.0
EasyRL w/o DC 67.6↓3.6 25.4↓5.5 30.2↓1.1 3.3↓10.0 45.0↓10.0 18.2↓1.2 31.6↓5.3
EasyRL w/o DST 69.8↓1.4 30.1↓0.8 32.4↓1.1 3.3↓10.0 55.0↓0.0 17.6↓1.8 34.7↓2.2

Qwen2.5-Math-1.5B

EasyRL 71.2 30.9 31.3 13.3 55.0 19.4 36.9
EasyRL w/o KT 76.2↓2.8 39.3↓4.1 40.9↓0.3 20.0↓6.7 57.5↓5.0 28.5↓2.1 43.7↓3.5
EasyRL w/o DC 76.4↓2.6 39.0↓4.4 38.1↓3.1 23.3↓3.4 57.5↓5.0 25.3↓5.3 43.3↓3.9
EasyRL w/o DST 78.4↓0.6 44.1↑0.7 37.8↓3.4 26.7↓0.0 57.5↓5.0 29.1↓1.5 45.6↓1.6

Qwen2.5-Math-7B

EasyRL 79.0 43.4 41.2 26.7 62.5 30.6 47.2

Table 2: Ablation study via performance comparison of different variants on EasyRL. The boldfaced scores represent
the best results. The arrows denote the performance change of each variant relative to EasyRL.

4.2 Main Results

Performance on Mathematical Reasoning Tasks.
We report the main results of EasyRL in Table 1 and
summarize several observations. Firstly, EasyRL
consistently outperforms both supervised and un-
supervised RL baselines across all backbone mod-
els. Notably, with only 10% of easy labeled data,
it achieves the largest improvements of 7.7% on
Qwen2.5-Math-1.5B, 12.1% on Qwen2.5-Math-
7B, and 3.5% on LLaMA3.2-3B-Instruct. Sec-
ondly, the iterative self-evolution process leads
to a steady improvement in model performance,
e.g., Qwen2.5-Math-7B improves by 5.3% from
Iter1 to Iter3. Thirdly, EasyRL demonstrates strong
transferability, effectively enhancing the reason-
ing capability of language models across different
architectures and model scales.
Performance on Scientific Reasoning Tasks. Pre-
vious studies have shown that training language
models on reasoning-intensive domains such as
mathematics can enhance their general reasoning
capabilities across other fields (Huan et al., 2025).
To evaluate the out-of-domain (OOD) generaliza-
tion of our method, we train EasyRL on math
datasets and assess its transfer performance on biol-
ogy, chemistry, and physics benchmarks. As shown
in Table 1, EasyRL consistently improves over the
base model, achieving an average gain of 17.9% on
Qwen2.5-Math-1.5B, 6.5% on Qwen2.5-Math-7B,
and 8.7% on LLaMA3.2-3B-Instruct. These results
demonstrate that EasyRL has strong generalization
and exhibits OOD reasoning capability.

Finding 1: EasyRL achieves robust perfor-
mance gains: it outperforms supervised and
unsupervised RL baselines, improves steadily
through iterative self-evolution, and transfers
effectively to out-of-domain scientific tasks.

4.3 Further Analysis

Pseudo-label Quality Analysis. To assess the
quality of pseudo-labels across three iterations, we
adopt four metrics: Consistent Rate, the propor-
tion of samples that yield identical outputs across
multiple reasoning attempts; Total Accuracy, the
fraction of correctly pseudo-labeled samples; Total
Samples, the number of selected pseudo-labeled
samples in each round; and Average Difficulty,
the mean difficulty of samples in D(i)

unlabel_selected.
Figure 3 shows the normalized trends of Con-
sistent Rate and Total Accuracy over Dunlabel, as
well as Total Samples and Average Difficulty in
D(i)

unlabel_selected, for Qwen2.5-Math-1.5B and 7B.
From these results, we draw three observations:

❶ Across iterations, both Consistent Rate and Total
Accuracy on Dunlabel steadily increase, indicating
that models improve through self-evolution. Con-
sistent Rate and Total Accuracy are positively cor-
related, which aligns with prior studies (Englesson
and Azizpour, 2021; Sohn et al., 2020); ❷ Total
Samples decreases over iterations, as each round
operates on the remaining subset from the previ-
ous iteration; and ❸ Average Difficulty increases,
with the overall average difficulty on Dunlabel being
6.9274, while in iteration 3 it reaches 7.0282 for
the 1.5B model and 7.4256 for the 7B model. This
pattern suggests that the model’s learning process
gradually shifts from easier to more difficult cases.

Finding 2: EasyRL exhibits a self-evolving
pseudo-labeling process, with steadily improv-
ing pseudo-label quality and increasing focus
on more difficult samples.

Data Proportion Analysis. We evaluate the perfor-
mance of supervised GRPO and EasyRL using 1%,
5%, 10%, 20%, and 30% of Dlabel/D, as well as
supervised GRPO trained on 100% labeled data, on
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Question: Given that ���+� = � , find the value of � if � =  ��∙����+�+�+�. Answer: 4 Difficulty: 7.0

(a) Iteration1 -> Inconsistent ; Incorrect!

Inference 1: Misinterpretation of nested exponentials - the substitution 
treated ��+1 as equal to 2 rather than ��+1 being the exponent in ���+� = �. 

� =  (��)2∙��+1 =  ( 2)2� =  2
2∙ 2

=  2
2 2

= 2 2

( 2) 2
2+1

≠ ( 2) 2
2∙ 2

Inference 2: The error lies in incorrectly substituting 2 into the exponent 
during the simplification of X, and a prior incorrect check that � = 2 satisfies 
the initial equation. 

answer = 2

(c) Iteration3 -> Consistent ; Correct! (d) Learning Curve

(b) Iteration2 ->  Inconsistent ; Incorrect! 

Inference 1: answer = 4； Inference 2: answer = 4 Consistent

Reasoning: By setting � = ��+1, we establish the key relationship �� = 2.  We 
simply the expression for � using the exponent laws ��+� = ���� ��� ��� = (��)�: 

� = ��∙����+�+�+� = ��∙(���∙��+�) = ��∙((��)�∙�) = ��∙( �)�∙�

= ��∙�∙� = ��� = (��)� = ( �)� = � answer = 4

Inference 1: The error results from an incorrect simplification of the 
exponent 2 ∙ �2�+�+1 to 4, leading to the final incorrect answer of � = 2.

� = �2∙�2�+�+1
� = �2( 2)2 = �2∙2 = �4 incorrect 

simplification
Inference 2: The derivation incorrectly verifies � = 2 due to a error in 
simplifying exponents, making the subsequent substitution process flawed. The 
final answer is correct,       but the methodology used is incorrect.

Figure 5: Case Study. Comparison of the pseudo-labeling process, generated by: (a) EasyRL Iteration 1, (b) EasyRL
Iteration 2, and (c) EasyRL Iteration 3. Panel (d) shows the learning curve.
Qwen2.5-Math-1.5B and Qwen2.5-Math-7B (see
Figure 4). Performance is measured as average
accuracy across five math reasoning datasets. We
draw two conclusions. First, EasyRL consistently
outperforms supervised GRPO when trained with
the same amount of labeled data. Second, using
only 10% of easy labeled data, EasyRL already
surpasses the performance of supervised GRPO
trained on 100% labeled data, achieving 40.3 com-
pared to 39.5 on Qwen2.5-Math-1.5B and 50.6
compared to 49.5 on Qwen2.5-Math-7B. Addi-
tional results are provided in Appendix B.

Finding 3: EasyRL demonstrates strong data
efficiency: with only 10% easy labeled data, it
surpasses supervised GRPO trained on 100%
labeled data and consistently outperforms
GRPO under equal labeled data budgets.

Ablation Study. To validate the contribution of
each core component, we conduct ablation stud-
ies on Qwen2.5-Math-1.5B and Qwen2.5-Math-
7B, as shown in Table 2. We compare three vari-
ants: ❶ EasyRL w/o Knowledge Transfer (KT): a
variant that removes the supervised GRPO warm-
up on labeled data; ❷ EasyRL w/o Divide and
Conquer (DC): a variant that applies unsupervised
RL training directly after πwarm; and ❸ EasyRL
w/o Difficulty-Progressive Self-Training (DST): a
variant that performs only one round of pseudo-
labeling and selection after πwarm, jointly training
on Dlabel ∪D(1)

unlabel_selected to obtain the final model
πfinal. To ensure fair comparison, we select the top
70% pseudo-labeled samples with the lowest dy-
namic entropy for training. The results show that re-
moving any of the Knowledge Transfer, Divide and

Conquer, or Difficulty-Progressive Self-Training
components leads to an average performance drop
of 2.8%, 4.60%, and 1.9% on two models, demon-
strating that each component plays an indispens-
able role in the overall performance of EasyRL.
Case Study. We present a case study on a problem
from Dunlabel (see Figure 5). Across iterations, the
model shows a refinement process: Iter 1 yields an
inconsistent and incorrect solution; in Iter 2, one
inferred answer is correct but the reasoning process
remains flawed; and Iter 3 finally produces a consis-
tent and correct answer. We further report learning
curves for Qwen2.5-Math-1.5B (left) and Qwen2.5-
Math-7B (right), showing accuracy onDunlabel after
pseudo-labeling and selection across difficulty lev-
els. While the non–self-evolving baseline exhibits
a steep accuracy drop as difficulty increases, the
self-evolving model maintains more stable perfor-
mance and achieves gains in the 9.0–10.0 difficulty
range, highlighting the effectiveness of EasyRL un-
der challenging reasoning conditions.

5 Conclusion

In this work, we present EasyRL, a data-efficient
reinforcement learning framework that enables
LLMs to self-evolve from limited easy labeled
samples. EasyRL first initializes a reliable policy
via supervised reinforcement learning, then con-
structs high-quality pseudo-labeled data through
a divide-and-conquer strategy combining consis-
tency and reflection. Finally, EasyRL progressively
refines the model by incorporating difficult sam-
ples in a staged training loop. Experiments show
that EasyRL outperforms strong baselines and sig-
nificantly improves pseudo-label quality, enabling
self-evolving reasoning in LLMs.
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6 Limitations

Despite its promising performance, EasyRL still
faces several limitations. Our current experiments
mainly focus on domains with verifiable rewards.
Extending EasyRL to open-ended tasks with non-
verifiable rewards, including creative writing and
scientific research, remains a challenging but valu-
able future direction. Moreover, future work may
apply EasyRL to real-world scenarios such as em-
bodied intelligence (Zhao et al., 2025a), social sim-
ulation, and safety-critical settings (Li et al., 2026).

7 Ethical Statement

This work adheres to ethical research and deploy-
ment principles. All experiments are conducted on
publicly available datasets, and no private, sensi-
tive, or personally identifiable data are used. Our
EasyRL aims to improve model reasoning ability in
a transparent and reproducible manner.

Nevertheless, as with all self-evolving AI sys-
tems, care should be taken to prevent potential un-
intended reinforcement of biased behaviors. We en-
courage future research to integrate fairness-aware
reward functions and continuous human oversight
to ensure that self-evolving LLMs remain aligned
with human values and societal norms.
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A Experimental Settings

A.1 Parameter Settings
Following previous work, we build on the Sim-
pleRL codebase (Zeng et al., 2025) and adopt the
standard evaluation prompt (Zhang et al., 2025d):
“Let’s think step by step and output the final an-
swer within \boxed{}.” During inference, we use
a greedy decoding configuration with temperature
set to 0, top-p set to 1, and a fixed random seed of
0. All experiments are conducted with the vLLM
framework on 2 x NVIDIA H200 GPUs (140GB).

For RL training, we adopt the GRPO algorithm
with a maximum sequence length of 4096. The
training batch size is set to 8, with a mini-batch
size of 2 and a micro-batch size of 1. The actor and
critic are optimized using learning rates of 5×10−7

and 9 × 10−6, respectively. All experiments are
conducted on eight NVIDIA H200 GPUs (140GB
each), and the model is trained for a single epoch.

A.2 Instruction Settings

Mathematical Reasoning Training and Eval-
uation Template

<|im_start|> system
Please reason step by step, and output your
final answer within \boxed{}.
<|im_end|>
<|im_start|>user
{Question} Let’s think step by step and output
the final answer within \boxed{}.
<|im_end|>
<|im_start|>assistant

GPQA Test Prompt

<|im_start|>system
Reason step by step, and output your final an-
swer (A, B, C, or D) within \boxed{}.
<|im_end|>
<|im_start|>user
{Question} Reason step by step and output the
final answer (A, B, C, or D) within \boxed{}.
<|im_end|>
<|im_start|>assistant

Reflection-based Resolution

You are given multiple proposed answers to a
math problem. Your task is to carefully exam-
ine these answers and determine whether any
of them is correct.
- If one of the proposed answers is correct,
return it as the final answer.
- If none of the proposed answers is correct,
re-solve the problem step-by-step and provide
the correct answer.
- Always show the final answer clearly inside
\boxed{}.
Question: {question}
Proposed Answers: {answers}
Now, please reflect on the answers above and
give the final correct answer in \boxed{}.

B Further Analysis

Table 3 reports the results of the consistency-based
selection during pseudo-labeling, where we vary
the number of inferences (N) as 2, 3, and 4. We
compare the consistent rate, average entropy, total
number of selected samples, and accuracy. As ex-
pected, a larger N leads to a lower consistent rate.
As discussed in Section 3.3, the consistent rate is
positively correlated with the total accuracy. There-
fore, we set N=2 as the default configuration, which
achieves a good balance between performance and
computational efficiency.

N Cons Rate Entropy Samples Accuracy
2 0.1653 0.1550 7483 0.3186
3 0.0983 0.1593 6638 0.3039
4 0.0706 0.1613 6289 0.2822

Table 3: Analysis of the number of inferences (N) in
consistency-based selection.
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We provide analysis on the threshold setting
(0.1–0.5) using Qwen2.5-Math-1.5B across multi-
ple benchmarks. From the results shown in Table 4,
we make the following observations: (1) EasyRL
demonstrates robust performance across various
settings, indicating low sensitivity to the thresh-
old. (2) The threshold determines the percentage
of inconsistent samples with the lowest entropy
that are selected in each iteration. As the threshold
increases, more samples are selected. However,
a higher threshold also introduces samples with
greater uncertainty or noise. Therefore, when the
threshold becomes too large, performance drops,
suggesting that the excessive inclusion of uncer-
tain samples negatively affects training. (3) As the
threshold decreases, only a limited number of sam-
ples are selected per iteration. This restricts the
model’s exposure to diverse training signals and
leads to suboptimal improvement. We choose 0.3
as the default value, as it provides the best balance
between sample quality and quantity.

Thres MATH Minerva Olympiad AIME24 AMC23 Avg.
0.1 69.8 26.5 30.7 13.3 52.5 38.6
0.2 70.0 30.1 34.2 13.3 52.5 40.0
0.3 71.2 30.9 31.3 13.3 55.0 40.3
0.4 71.0 28.3 32.7 6.7 50.0 37.7
0.5 68.2 31.6 31.6 6.7 50.0 37.6

Table 4: Sensitivity analysis of the threshold.

We also extend our experiments to five self-
training iterations using Qwen2.5-Math-1.5B. The
results are summarized in Table 5. From Iter 1 to
Iter 5, we observe the following: (1) Performance
steadily improves from Iteration 1 to Iteration 3,
demonstrating that iterative self-training effectively
enhances the model’s reasoning capability in the
early stages. (2) After Iteration 3, performance
gradually converges, with the average score show-
ing only marginal improvement or slight decline.
This suggests that excessive self-training may intro-
duce accumulated noise from pseudo-labels, lead-
ing to minor performance degradation.

Iter MATH Minerva Olympiad AIME24 AMC23 Avg.
1 69.8 28.7 31.0 3.3 52.5 37.1
2 70.0 31.6 31.3 10.0 50.0 38.6
3 71.2 30.9 31.3 13.3 55.0 40.3
4 73.8 32.7 33.0 10.0 52.5 40.4
5 74.2 32.0 33.8 10.0 47.5 39.5

Table 5: Sensitivity analysis of iterations.

Table 6 presents the sensitivity analysis of our
method under different ratios of labeled data. The
GRPO variants represent standard RL trained with

varying amounts of labeled samples, while the
EasyRL variants apply our self-evolving mecha-
nism under the same limited supervision. Notably,
EasyRL achieves comparable or even superior per-
formance to fully supervised GRPO, demonstrating
the effectiveness of our data-efficient RL even with
only 1–10% labeled data.

Table 7 summarizes the self-evolution dynamics
across three pseudo-labeling iterations. As itera-
tions proceed, the consistency rate and accuracy
on Dunlabel consistently improve, indicating more
reliable pseudo-label generation. Meanwhile, the
average difficulty of the selected samples gradually
increases, showing that the model progressively
shifts its focus from easy to harder problems. In
contrast, the accuracy on Dselected declines as sam-
ples become more challenging.

C Related Work

Curriculum Learning in LLMs. Curriculum
Learning trains models on samples of increasing
difficulty to improve convergence and generaliza-
tion, and has been widely applied in computer vi-
sion (CV) (Deng et al., 2025), natural language
processing (NLP) (Platanios et al., 2019), and re-
inforcement learning (RL) (Wang et al., 2025c).
Traditional curriculum learning methods typically
rely on predefined static difficulty metrics to sort
labeled training data offline (Lee et al., 2024; Team,
2025). More recent work explores dynamic or adap-
tive curriculum learning strategies, where sample
difficulty is re-estimated during training to adjust
batch ordering (Zhang et al., 2025a). In contrast,
EasyRL targets a data-scarce setting, where models
evolve from limited easy samples to more difficult
reasoning tasks. For methodology, EasyRL trans-
fers knowledge from easy samples and progres-
sively incorporates unlabeled data via a divide-and-
conquer strategy, enabling difficulty-progressive
self-training to enhance reasoning ability.

D Case Study

As shown in Table D, the model demonstrates an in-
stance of self-reflection. Initially, it explores poten-
tial solutions by testing the symmetric case a = b
and then evaluates specific candidate values such as
a = 1 or b = 1. Upon finding that these attempts
yield no valid solutions, the model revisits its rea-
soning strategy, systematically reconsidering the
structure of the equation and leveraging symmetry
to identify the correct solution (a, b) = (12 ,

1
2).
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Model Variant MATH-500 Minerva MATH Olympiad Bench AIME24 AMC23 Avg.

1% GRPO 65.2 19.1 29.8 10.0 47.5 34.3
5% GRPO 66.4 24.6 28.3 10.0 45.0 34.9
10% GRPO 66.4 27.9 30.7 3.3 50.0 35.7
20% GRPO 68.2 26.8 29.5 3.3 47.5 35.1
30% GRPO 69.4 27.9 31.3 6.7 50.0 37.1
100% GRPO 72.6 32.7 33.9 3.3 55.0 39.5
1% EasyRL 69.8 31.2 33.2 6.7 50.0 38.2
5% EasyRL 71.0 30.9 33.3 13.3 50.0 39.7
10% EasyRL 71.2 30.9 31.3 13.3 55.0 40.3
20% EasyRL 71.4 30.5 32.0 13.3 57.5 40.9

Qwen2.5-Math-1.5B

30% EasyRL 71.6 31.2 34.8 13.3 52.5 40.7

1% GRPO 71.0 21.7 34.7 26.7 50.0 40.8
5% GRPO 73.8 32.0 35.6 23.3 60.0 44.9
10% GRPO 75.6 28.3 37.8 20.0 55.0 43.3
20% GRPO 77.8 33.5 40.6 20.0 60.0 44.9
30% GRPO 78.0 39.3 39.4 16.7 62.5 47.2
100% GRPO 80.8 39.3 42.2 20.0 65.0 49.5
1% EasyRL 77.4 42.3 39.1 13.3 65.0 47.4
5% EasyRL 77.8 41.9 40.0 13.3 62.5 47.1
10% EasyRL 79.0 43.4 41.2 26.7 62.5 50.6
20% EasyRL 79.0 39.3 38.5 23.3 62.5 48.5

Qwen2.5-Math-7B

30% EasyRL 80.6 39.7 38.7 16.7 70.0 49.1

Table 6: Performance comparison of GRPO and EasyRL under different labeled data ratios.

Models Iteration Data Consistent Rate Total Samples Accuracy Difficulty
1 Dunlabel 0.1653 7483 0.3186 6.6933

Dunlabel 0.2077 8017 0.3706 6.9274
2

Dselected1 0.1251 4078 0.2469 6.7308
Dunlabel 0.2259 8247 0.3829 6.9274

Qwen2.5-Math-1.5B

3
Dselected2 0.0777 2284 0.1375 7.0282

1 Dunlabel 0.1939 7844 0.4106 6.5788
Dunlabel 0.3117 9328 0.4597 6.5110

2
Dselected1 0.1747 4289 0.2949 6.7093
Dunlabel 0.3205 9438 0.4646 6.5388

Qwen2.5-Math-7B

3
Dselected2 0.0614 1055 0.1412 7.4256

1 Dunlabel 0.0982 6637 0.1770 6.8001
Dunlabel 0.2687 8785 0.2444 6.7625

2
Dselected1 0.1368 4497 0.1841 6.8611
Dunlabel 0.3168 9392 0.2528 6.7593

Llama-3.2-3B-Instruct

3
Dselected2 0.1486 2774 0.1388 6.9638

Table 7: Self-evolution dynamics during iterative pseudo-labeling.
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Qwen2.5-Math-7B’s Answer to the 13-th Question in AMC23

Question: How many ordered pairs of positive real numbers (a, b) satisfy the equation (1 +
2a)(2 + 2b)(2a+ b) = 32ab?
Response: To solve the equation (1 + 2a)(2 + 2b)(2a+ b) = 32ab for positive real numbers a and
b, we can use the method of substitution and symmetry. Let’s start by expanding and simplifying the
left-hand side of the equation.
First, let’s expand the left-hand side:

(1 + 2a)(2 + 2b)(2a+ b) = (1 + 2a)(2(1 + b)(2a+ b)) = 2(1 + 2a)(2a+ b)(1 + b).

... Now, let’s check if there are any obvious solutions. One way to do this is to check if a = b. If
a = b, then the equation becomes:

(1 + 2a)(2a+ a)(1 + a) = 16a2,

... Since a is a positive real number, a ̸= 0. So we need to solve the quadratic equation:

6a2 − 7a+ 3 = 0.

The discriminant of this quadratic equation is:

∆ = (−7)2 − 4 · 6 · 3 = 49− 72 = −23,

which is negative. Therefore, the quadratic equation has no real solutions. This means that a = b
does not provide any valid solutions. Next, let’s check if there are any other solutions. We can use the
method of symmetry and substitution. Let’s try a = 1 and solve for b:

(1 + 2 · 1)(2 + 2b)(2 · 1 + b) = 32 · 1 · b,

... The discriminant of this quadratic equation is:

∆ = (−7)2 − 4 · 3 · 6 = 49− 72 = −23,

which is negative. Therefore, the quadratic equation has no real solutions. This means that a = 1
does not provide any valid solutions.
By symmetry, we can try b = 1 and solve for a:

(1 + 2a)(2 + 2 · 1)(2a+ 1) = 32a · 1,

... So the solution is: a = 1
2 . By symmetry, if a = 1

2 , then b = 1
2 is also a solution. Therefore, the

only solution is (a, b) =
(
1
2 ,

1
2

)
.

Thus, there is only one ordered pair of positive real numbers (a, b) that satisfies the equation. The
final answer is: 1 .
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