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Abstract

Reinforcement learning scaling enhances the rea-
soning capabilities of large language models, with
reinforcement learning serving as the key tech-
nique to draw out complex reasoning. However,
key technical details of state-of-the-art reasoning
LLMs—such as those in the OpenAl O series,
Claude 3 series, DeepMind’s Gemini 2.5 series,
and Grok 3 series—remain undisclosed, making
it difficult for the research community to repli-
cate their reinforcement learning training results.
Therefore, we start our study from an Early Pre-
view Reinforcement Learning (EPRLI) algorithm
built on the open-source GRPO framework, in-
corporating difficulty-aware intervention for math
problems. Applied to a 1.5B-parameter LLM,
our method achieves 50.0% on AIME24, 89.2%
on Math500, 77.1% on AMC, 35.3% on Minerva
and 51.9% on OBench—super-pass O1-Preview
and is comparable to O1-mini within standard
school-lab settings.

1. Introduction

Large language models (LLMs) like OpenAI’s o-series
(OpenAl, 2025a;b), DeepSeek R1 (Guo et al., 2025), Claude
3.7 (Anthropic, 2025), Grok-3 (XAI, 2024), and Gemini 2.5
(LLC, 2025) excel at complex reasoning tasks such as math
and code generation. These capabilities are often acquired
via large-scale reinforcement learning (RL), incorporating
strategies like step-by-step reasoning (Wei et al., 2022),
self-reflection (Wang et al., 2023), and backtracking (Ahma-
dian et al., 2024). However, enhancing reasoning in small
models remains difficult. To address this, we propose a
preview difficulty-aware intervention-based RL algorithm
that improves the math reasoning ability in small-sized large
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language models. Our 1.58 LLM, trained with an early
preview of the proposed GRPO algorithm with difficulty-
aware intervention, outperforms OpenAl’s O1-Preview and
O1-mini (OpenAl, 2024; Jaech et al., 2024) on major math
reasoning benchmarks (Guo et al., 2025; Christiano et al.,
2017; Everitt et al., 2021; Weng, 2024).

2. Related Work
2.1. Reasoning Large Language Models

Reinforcement learning (RL) has been widely applied to
align LLMs with human preferences (Christiano et al., 2017;
Ouyang et al., 2022; Yuan et al., 2024a; Azar et al., 2024,
Rafailov et al., 2023), while the open-source community
has mainly relied on imitation learning (Yuan et al., 2024b;
Yue et al., 2023; Guan et al., 2025) to improve reasoning.
Recently, the trend has shifted toward RL, with OpenAl
ol (Jaech et al., 2024) demonstrating its promise, and later
works confirming the scalability of outcome-reward-based
RL (Guo et al., 2025; Qwen Team, 2024; XAI, 2024). De-
spite this, dense reward methods remain underexplored,
as highlighted by PRIME (Cui et al., 2025), while most
RL applications still use outcome reward models (ORMs)
(Rafailov et al., 2023; Shao et al., 2024; Guo et al., 2025).
Top-performing models—OpenAI’s o-series (Jaech et al.,
2024; OpenAl, 2024; 2025a;b), DeepSeek R1 (Guo et al.,
2025), Claude 3.7 (Anthropic, 2025), Grok-3 (XAl 2024),
and Gemini 2.5 (LLC, 2025)—excel in reasoning tasks.
However, deep reinforcement learning are not well studied
for boosting reasoning in math problems in small LLMs
(0.7B-1.5B) trained on limited math data with difficulty-
aware intervention.

3. Method

3.1. Early Preview Group Relative Policy (Shao et al.,
2024) Optimization(GRPO) with Difficulty-Aware
Intervention

We define a discrete-time finite-horizon discounted
Markov decision process (MDP) by a tuple M =
(S,A,P,r, po,7, H), where S is a state set, A is an ac-
tion set, P : S x A x S — R is the transition probability
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distribution, v € [0, 1] is a discount factor, and H the hori-
zon. Our objective is to find a stochastic policy 7y that
maximizes the expected discounted return within the MDP,

n(me) = E; [Zf:o fytr(st,at)}. We use 7 = (89, ag, - - -)
to denote the entire state-action trajectory, where sg ~
po(s0), ar ~ mo(aclse), se1 ~ P(st41lst, ar).

In this work, we propose a method to learn a hierarchical
policy and efficiently adapt all the levels in the hierarchy
to perform a new task. We study hierarchical policies com-
posed of a higher level, or manager 7, ., (anion|Spnion ),
and a lower level, or sub-policy mg,_, (@siow|Ssiow ). Both
the higher level and the lower level take actions in the envi-
ronment directly. The manager typically operates at a lower
frequency than the sub-policies.

It is important to note that the hierarchical architecture in
our preview version framework is composed of L discrete
levels, where each level is indexed by [ € {0,1}. In this
configuration, a higher-level policy corresponds to high =
I + 1 and its corresponding lower-level policy is defined as
low = [. This structure allows for top-down coordination,
in which, higher levels guide the behavior and planning
strategies of the lower ones.
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In the early preview version of the proposed Group Rela-
tive Policy (Shao et al., 2024) Optimization(GRPO) with
Difficulty-Aware Intervention, we adopt a simplification of
the underlying Markov Decision Process (MDP). Specifi-
cally, we assume that the policies across the high and low
levels share the same parameterization. This simplification
leads to the expression 7y, (agmien | Spien) = 7o, (Qov |
Spow) = g, where both high- and low-level policies are
treated uniformly under the shared policy 7g. This unified
parameterization not only reduces the model complexity but
also facilitates efficient training and inference within the
hierarchical structure.

3.1.1. REFORMULATION

Then, we propose the reformulation of the early pre-
view group relative policy (Shao et al., 2024) optimiza-
tion(GRPO) with difficulty-aware intervention (EPRLI)

1 .
samples a group of outputs {0!}$, for each question ¢!

paired with the answer a!, [ = {0,1} and optimizes the
policy via the objective represented as equation 1, where
L is the total number of levels in the early preview group
relative policy (Shao et al., 2024) optimization(GRPO) with
difficulty-aware intervention (EPRLI) algorithm 1. Simi-
larly, [ denotes the index of the lever in the L = 2 hierarchy,
which means there are total L = 2 hierarchy in EPRLI.

3.1.2. IMPLEMENTATION

Then, we implement our proposed preview early preview
group relative policy optimization(GRPO) with Difficulty-
Aware Intervention(EPRLI) of reasoning LLMs. Particu-
larly, the implementation is made to take the difficulty of
the reasoning tasks in accordance with the hierarchy in the
proposed early preview EPRLI. The details of the proposed
implementations(Algorithm 1) is represented as the follow-
ing:

Early Preview EPRLI(Algorithm 1) Implementation In
the implementation of the Early Preview Group Relative
Policy Optimization(GRPO) with Difficulty-Aware Inter-
vention framework, the hierarchy is structured with a total
of two levels specifically designed to tackle mathematical
reasoning problems. This two-level hierarchical design is
crucial to effectively manage the complexity inherent in
such tasks. More precisely, the quality values at different
levels satisfy the relationships Q' < Q?, Additionally, the
maximum allowable sequence lengths follow a strict in-
creasing order such that Len?2, < Lenl, . This setup
enables the preview algorithm to handle math reasoning
problems of varying lengths/difficulties while maintaining
the preview hierarchical learning.

Furthermore, the hierarchical policies H', H? are designed
with a dominant influence order such that H* > H?, mean-
ing the top-level policy has the greater guiding power in
the reasoning process, while the subsequent levels exert
progressively less influence. So, optimizing this reasoning
trajectory through carefully controlled hierarchical interac-
tions.

4. Experiment

To investigate the effectiveness of the two proposed imple-
mentations of the early preview hierarchical GRPO on the
reasoning capabilities of large language models (LLMs),
we conduct a series of experiments. The experiments are
designed to provide a comparative analysis against the
state-of-the-art reasoning-oriented LLMs of different param-
eters, in particular, DeepSeek-R1-Distill-Qwen-7B (Guo
et al., 2025), STILL-3-1.5B-Preview (RUC-AIBOX, 2025),
DeepScaler-1.5B-Preview (Luo et al., 2025), FastCuRL-
1.5B-Preview (Chen et al., 2025) with 1.5B parameters,
Qwen3-4B (Yang et al., 2025), DeepSeek-R1-Distill-Qwen-
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Algorithm 1 Early Preview EPRLI: Early Preview Group Relative Policy Optimization(GRPO) with Difficulty-

Aware Intervention

Require: initial policy model 7g; reward model {R'}; task prompts {D'} with corresponding difficulty

level {Q'}; hyperparameters {e{,, }, {ehign}> | = 1,2, ..

corresponding max length {Len! 1}, Len! !
Ensure: my
0: fori=1,...,Ldo
0: forstep=1,...,M do

max

L, Q1 > Q. Length Reward {K'} with

— l
= Len_,. .

0: Sample a batch D} from D!

0: Update the old policy model 7y, < mg

0: Sample G' outputs {oli}icfl:1 ~ o, (- | ¢*) for each question ¢! € D!

0: Compute rewards {r!;i }G_ | for each sampled output o}, by running R!

0: Filter out o} and add the remaining to the dynamic sampling buffer.

0: if buffer size n, < N' then

0: continue

0: end if

0: For each 0! in the buffer, compute A!, ,; for the ¢'-th token of o}

0:  end for ’

0: for iteration = 1, ..., ;! do

0: Update the policy model 7y by maximizing the GRPO+ objective combining with Length Reward
K:l

0: end for

0: end for=0

7B (Guo et al., 2025), MIMO-7B (Xiaomi LLM-Core Team,
2025) with middle-sized parameters, Llama 4 Maverick (Al,
2025b), Phi4-Reasoning-14B (Abdin et al., 2025), Qwen
2.5-72B (Team, 2024), Kimi-1.5 (Team, 2025a), Llama
4 Behemoth (AI, 2025a), Qwen3-235B (Team, 2025b),
DeepSeek-R1 (Guo et al., 2025) with large-sized parame-
ters, and closed-source reasoning models such as Claude 3.7
Sonnet (Standard) (Anthropic, 2025), O1, O1-Mini (Ope-
nAl, 2024a), and O1-Preview (OpenAl, 2024b), enabling a
thorough evaluation of the proposed early preview methods.

4.1. Experiment Setup

We choose DeepScaler-1.5B-Preview-16k (Luo et al., 2025)
as our base model, which is a 1.5B parameter model. We
utilize the AdamW (Loshchilov & Hutter, 2019) optimizer
with a constant learning rate of 1 x 10 for optimization. For
the roll-outs, we set the temperature to 0.6 and sample 16
responses per prompt. In this experiment, we do not utilize
a system prompt; instead, we add “Let’s think step by step
and output the final answer within boxed.” at the end of each
problem.

4.2. Benchmarks

Math Reasoning Benchmark To better evaluate the
trained model, we have selected five benchmarks to as-
sess its performance: MATH 500 (Hendrycks et al., 2021),

AIME 2024 (AI-MO, 2024a), AMC 2023 (AI-MO, 2024b),
Minerva Math (Lewkowycz et al., 2022), and Olympiad-
Bench (He et al., 2024b).

4.3. Dataset and Evaluation Metric

Math Reasoning Dataset The training dataset is con-
sisted of 40K problems with two difficulty levels. Particu-
larly, it is consisted of AIME (of America, 2024) (Ameri-
can Invitational Mathematics Examination) problems (1984-
2023), AMC (of America, 2025) (American Mathematics
Competition) problems (prior to 2023), Omni-MATH (Gao
et al., 2024) dataset and Still dataset (RUC-AIBOX, 2025).
We set the maximum generation length for the models to
32768 tokens and leverage PASS @1 as the evaluation met-
ric. Specifically, we adopt a sampling temperature of 0.6
and a top-p value of 1.0 to generate k responses for each
question, typically k¥ = 16. Specifically, PASS @1 is then
calculated as: PASS@1 = ¢ Zle Di.

4.4. Math Reasoning Experiments

The proposed hierarchical reasoning model is evaluated
against both open-source and closed-source state-of-the-art
reasoning models, including O1-Preview (OpenAl, 2024b),
O1-Mini (OpenAl, 2024a), O1 (OpenAl, 2024a), Claude
3.7 Sonnet (Anthropic, 2025), and others. As shown in
Table 1, our 1.58 model achieves impressive performance
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Table 1. Model Performance Comparison

Model MATHS00 AIME24 AMC Minerva OBench Avg.
Close-Source

O1-Preview (OpenAl, 2024b) 85.5 44.6 - - - -
O1-Mini (OpenAl, 2024a) 90.0 70.0 - - - -
O1 (OpenAl, 2024a) 90.4 71.5 - - - -
Claude 3.7 Sonnet (Standard) (Anthropic, 2025) 82.2 23.3 - - - -
Open-Source-Large

DeepSeek-R1 (Guo et al., 2025) 97.3 79.8 - - - -
Owen3-235B (Team, 2025b) 94.6 85.7 - - - -
Llama 4 Behemoth (Al, 2025a) 95.0 78.0 - - - -
Kimi-1.5 (Team, 2025a) 96.2 717.5 - - - -
Owen 2.5-72B (Team, 2024) 83.1 30.0 - - - -
Phi4-Reasoning-14B (Abdin et al., 2025) - 81.3 - - - -
Llama 4 Maverick (Al, 2025b) 18.0 64.0 - - - -
Open-Source-4B/7B

MIMO-7B (Xiaomi LLM-Core Team, 2025) 95.8 68.2 - - - -
DeekSeek-Qwen-Distill-7B (Guo et al., 2025) 92.8 55.5 - - - -
QOwen3-4B (Yang et al., 2025) - 73.8 - - - -
Open-Source-1.5B

DeepSeek-R1-Distill-QWEN-1.5B (Guo et al., 2025) 82.8 28.8 62.9 26.5 433 489
STILL-3-1.5B-Preview (RUC-AIBOX, 2025) 84.4 32.5 66.7 29.0 454 51.6
DeepScaler-1.5B-Preview (Luo et al., 2025) 87.8 43.1 73.6 30.2 50.0 57.0
FastCuRL-1.5B-Preview (Chen et al., 2025) 88.0 43.1 74.2 31.6 504 575
Ours2-1.5B Algorithm 1 89.2 50.0 77.1 35.3 519 60.7

across multiple benchmarks: 50.0 Pass@1 on AIME24 (Jia,
2025), 89.2 on MATHS00 (HuggingFaceH4, 2025), 74.7 on
AMC?23 (of America, 2023), 35.3 on Minerva (Dyer & Gur-
Ari, 2022), and 51.9 on OlympiadBench (He et al., 2024a).
These results demonstrate the model’s robust general rea-
soning ability across various mathematical and competition-
level tasks.

Notably, the reinforcement learning training strategy with
preview difficulty-aware intervention enables our 1.58
model to outperform the current best-performing 1.55
reasoning model by 6.9 points on AIME24 (Jia, 2025),
1.4 points on MATH500 (HuggingFaceH4, 2025), 1.1 on
AMC23 (of America, 2023), 4.1 on Minerva (Dyer &
Gur-Ari, 2022), and 1.9 on OlympiadBench (He et al.,
2024a) —averaging a 3.7-point gain overall. Furthermore,
it surpasses several larger parameter models, including O1-
Preview (OpenAl, 2024b), and is comparable with O1-2024-
12-17 (Low) (OpenAl, 2024a).

5. Discussion

We initiate an exploration of reinforcement learning for im-
proving the reasoning capabilities of large language models
(LLMs) by introducing a preview difficulty-aware inter-
vention strategy based on reinforcement learning, specifi-
cally tailored for mathematical problem-solving tasks. De-
spite being applied to a relatively small-scale math dataset,
our approach demonstrates reasoning ability improvements:
our 1.5B parameter model not only surpasses OpenAl’s
O1-Preview (OpenAl, 2024b) but also approaches the per-
formance level of the stronger O1-Mini model (OpenAl,
2024a).

We plan to further develop the framework to support both
small- and mid-sized models, with a longer-term goal of
developing a unified reasoning agent that can excel across
domains, including mathematical and coding tasks. To fos-
ter transparency and accelerate progress in this area, we
commit to open-sourcing to provide the community with
tools and benchmarks to advance the study of reasoning in
LLMs under resource-efficient settings.
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