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Abstract

Reinforcement Learning with Verifiable Re-
wards (RLVR) has markedly enhanced the
reasoning abilities of large language models
(LLMs). Its success, however, largely depends
on strong base models with rich world knowl-
edge, yielding only modest improvements for
small-size language models (SLMs). To ad-
dress this limitation, we investigate Guided
GRPO, which injects ground-truth reasoning
steps into roll-out trajectories to compensate for
SLMs’ inherent weaknesses. Through a com-
prehensive study of various guidance configu-
rations, we find that naively adding guidance
delivers limited gains. These insights motivate
G2RPO-A, an adaptive algorithm that automat-
ically adjusts guidance strength in response to
the model’s evolving training dynamics. Ex-
periments on mathematical reasoning and code-
generation benchmarks confirm that GZRPO-A
substantially outperforms vanilla GRPO. Our
code and models are available at https://
github.com/T-Lab-CUHKSZ/G2RPO-A.

1 Introduction

Recent advancements in reasoning-centric
large language models (LLMs), exemplified by
DeepSeek-R1 (Guo et al., 2025), OpenAl-ol
(Jaech et al., 2024), and Qwen3 (Yang et al.,
2025a), have significantly expanded the perfor-
mance boundaries of LLMs, showcasing the
immense potential of reasoning-enhanced models.
Building upon robust base models with compre-
hensive world knowledge, these reasoning-focused
LLMs have achieved breakthrough progress in
complex domains such as mathematics (Guan
et al., 2025; Liu et al., 2026), coding (Souza et al.,
2025; HUANG et al., 2025), and other grounding
tasks (Li et al., 2025b; Wei et al., 2025). At the
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Figure 1: Naive guidance does not help. Using
Qwen2.5-Math-7B as the base model, we train it on
the s1K-1.1 dataset for a single epoch with a simple,
fixed-length guidance (naive guidance). The naive guid-
ance method shows a temporary increase in the accuracy
reward during the early training stages, but it quickly be-
comes indistinguishable from the vanilla GRPO curve.

core of this success lies Reinforcement Learning
with Verifiable Rewards (RLVR) (Shao et al., 2024;
Chu et al., 2025; Liu et al., 2025). This innovative
approach, which employs reinforcement learning
techniques in LLMs using rule-based outcome
rewards, has garnered significant attention in
the Al community. RLVR has demonstrated
remarkable improvement in generalization across
a wide spectrum of downstream tasks (Jia et al.,
2025; Wu et al., 2025), positioning it as a pivotal
advancement in the field of artificial intelligence.

As the de-facto algorithm, Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) improves
upon Proximal Policy Optimization (PPO) (Schul-
man et al., 2017) by removing the need for a critic
model through inner-group response comparison,
thereby speeding up the training.
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Capacity of small-size LLMs limits the perfor-
mance gains of GRPO. Despite GRPO’s success
with large-scale LLMs, its effectiveness is signifi-
cantly constrained when applied to smaller LLMs.
Recent research (Ye et al., 2025; Muennighoff et al.,
2025a) reveals that GRPO’s performance gains
highly depend on the base model’s capacity (Bae
et al., 2025; Xu et al., 2025; Zhuang et al., 2025).
Consequently, small-scale LLMs (SLMs) show lim-
ited improvement under GRPO (Table 3, 9), expos-
ing a critical scalability challenge in enhancing rea-
soning capabilities across diverse model sizes. To
address this challenge, researchers have explored
various approaches: distillation (Guo et al., 2025),
multi-stage training (Xu et al., 2025) prior to RLVR,
and selective sample filtering (Xiong et al., 2025;
Shi et al., 2025). However, these methods precede
RLVR or suffer performance degradation in com-
plex problems (Table 8). Consequently, optimizing
the RLVR process for efficient learning in SLMs
remains an open challenge, representing a critical
frontier in Al research.

Adaptive guidance as a solution. We propose
incorporating guidance into the roll-out process to
facilitate the generation of high-quality, reward-
worthy candidates (Figure 2). However, our initial
findings revealed that the implementation of sim-
ple fixed-length guidance to the prompts (naive
guidance) failed to improve overall performance
(Figure 1). Through a comprehensive analysis of
the guidance mechanism—varying both the propor-
tion of guided roll-outs within GRPO batches and
the guidance length over training epochs—we ob-
tained two key findings: (1) Code-generation tasks
benefit from a higher guidance ratio than mathe-
matical reasoning tasks, and smaller models like-
wise require more guidance than larger ones. (2)
The optimal guidance length evolves throughout
training and is highly context-dependent, render-
ing simple, predefined schedules ineffective. In
response, we introduce the Guided Group Rela-
tive Policy Optimization with Adaptive Guidance
(G?RPO-A) algorithm. This approach dynamically
adjusts guidance length based on the model’s real-
time learning state, offering a practical solution to
the challenges of enhancing small-size LLM perfor-
mance in RLVR. Importantly, GZRPO-A remains a
pure RL method: we do not add any auxiliary SFT
objective, and both guided and unguided roll-outs
are optimized with the same final-answer reward.
The key contributions of this paper are summarized

as follows:

* We enhance GRPO for small-scale LLMs by
injecting guidance into the rollout thinking tra-
jectories. Our systematic analysis of key guid-
ance configurations reveals that the optimal
strategy is highly context-dependent, while
the ideal guidance length evolves dynamically
throughout training, rendering simple, prede-
fined schedules ineffective.

* Drawing on the preceding findings, we intro-
duce G?RPO-A, an adaptive algorithm that
automatically adjusts guidance length in re-
sponse to the evolving training state.

We evaluate our method on mathematical rea-
soning and coding tasks with several models—
including the Qwen3 series, DeepSeek-Math-
7B-Base, and DeepSeek-Coder-6.7B-Base—
and observe substantial performance gains
over a range of baselines, including vanilla
GRPO, SFT, and simple guided approaches.

2 Related Works

The introduction of chain-of-thought (CoT)
prompting has markedly improved LLM perfor-
mance on complex reasoning tasks (Wei et al.,
2022; Kojima et al., 2022). Complementing this
advance, Reinforcement Learning with Verifiable
Rewards (RLVR) has emerged as a powerful train-
ing paradigm for reasoning-centric language mod-
els (Yue et al., 2025; Lee et al., 2024). The de-
facto RLVR algorithm, Group Relative Policy Op-
timization (GRPO) (Guo et al., 2025) delivers
strong gains on various benchmarks while remain-
ing training-efficient because it dispenses with the
need for a separate critic network (Wen et al., 2025;
Shao et al., 2024). Recent efforts to improve GRPO
have explored several directions. Some approaches
focus on refining the core GRPO objective, either
by pruning candidate completions (Lin et al., 2025)
or by removing normalization biases (Liu et al.,
2025). Separately, other studies aim to enhance
the training signal and stability. DAPO (Yu et al.,
2025), for instance, introduces dense, step-wise
advantage signals and decouples the actor-critic
training to mitigate reward sparsity.

However, adapting GRPO-style algorithms to
small-scale LLMs remains challenging due to the
sparse-reward problem (Lu et al., 2024; Nguyen
et al., 2024; Dang and Ngo, 2025). Recent stud-
ies have therefore focused on improved reward

4526



Guidance

One query Completion 2

0-8€

Aground
truth

A thinking
trajectory Completion n

&
€ BEE-T6
OODD-O8

Dag}
B ae

Generations

Decide the
guidance strength

|
papinb 3

suona|dwod

)

Generate the
nt responses

986
uona|duwio:
papinbun

Generations

Figure 2: Overview of GZRPO-A. Each step we split roll-outs into a guided set and an unguided set. We then
compare the current rewards with those from the previous steps; the resulting ratio determines the future guidance

length.

estimation (Cui et al., 2025). TreeRPO (Yang
et al., 2025b) uses a tree-structured sampling pro-
cedure to approximate step-wise expected rewards,
and Hint-GRPO (Huang et al., 2025) applies sev-
eral reward-shaping techniques. Other lines of
research investigate knowledge distillation (Guo
et al., 2025), multi-stage pre-training before RLVR
(Xu et al., 2025), selective sample filtering (Xiong
et al., 2025; Shi et al., 2025), and mixed-objective
post-training that combines SFT and RL losses
(Chen et al., 2025). In our experiments, however,
filtering or sampling strategies that remove hard
examples are either applied only before RLVR or
degrade performance on difficult subsets. In this
paper, we introduce a guidance mechanism that
injects ground-truth reasoning steps directly into
the model’s roll-out trajectories during RL train-
ing. Because the guidance is provided online, the
proposed method can still learn effectively from dif-
ficult examples while mitigating the sparse-reward
issue. Unlike mixed-objective methods, our ap-
proach keeps a single GRPO-style RL objective
and uses guidance only to shape trajectory sam-
pling.

Two concurrent studies also consider guidance
in GRPO-style training (Nath et al., 2025; Park
et al., 2025). We include direct comparisons with
these baselines in our main experiments (Table 7).
We also show that naive guidance can lead to low
advantage and limited final gains, which motivates
selective and adaptive guidance on ratio, length,
and scheduling.

3 Preliminary

Group Relative Policy Optimization (GRPO).
Given a prompt, GRPO (Shao et al., 2024) samples
G completions and computes their rewards {r;}&
Define the t" token of the i completion as o0; ;.
GRPO then assigns an advantage, flm to it. The

optimization objective is defined as:

~

Lorpo(8) = ~E, {min (w04
clip(wy(6),1 —¢,1+ e)flt)
—BDKL(Wa('ISt)Ilmef(-ISt))] (1)
where the importance weight w; ; is given by

™o (03¢ | ¢, 0i<t)
[7T901d(0i,t ‘ q, 0i,<t)} .
The clipping threshold € controls update mag-
nitude, [ -]oiq indicates policy at last step, /3 is the
influence of KL divergence Dki, whose detailed
definition can be found in the section Detailed
equations in section A.2.1.

wiy = @

)

Limitations of GRPO for small-size LLMs. De-
spite the success of GRPO in large language mod-
els (LLMs), small-size LLMs (SLMs) face signif-
icant challenges when confronted with complex
problems requiring long chains of thought (Zhang
et al., 2025). Due to their inherently limited capac-
ity, SLMs struggle to generate high-quality, reward-
worthy candidates for such tasks (Li et al., 2025a;
Zheng et al., 2025). As shown in Figure 3a, Qwen3-
1.7B often fails to generate correct answers on code
tasks. This limitation substantially reduces the
probability of sampling high-reward candidates,
resulting in advantage signals vanishing (Figure
4b), thereby constraining the potential performance
gains achievable through GRPO in SLMs.

4 Methodology

To address the limitations of GRPO on SLMs, we
propose a guidance mechanism that injects par-
tial, high-quality thinking trajectories—such
as those generated by more capable LLMs or
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derived from ground-truth reasoning steps—
into the model’s rollout process. This approach
steers SLMs toward generating superior comple-
tions, thereby facilitating the sampling of high-
quality candidates. We then conduct a compre-
hensive investigation into various design choices
for guidance strategies. Finally, we introduce the
G?RPO-A algorithm, which integrates our empiri-
cal observations and significantly reduces the need
for extensive hyperparameter tuning.

4.1 Guided GRPO as a Solution
The Guided GRPO can be formulated as:

Egmded(e) E(q a)ND {gz}l 1~g {01}1 1N7T1et( |q gz)
|gz‘

[ Z o7 ‘ . <Zm1n wgzt,chp) A”
T Z

|oi ]

+ Z min (wo,i,u clip )Az‘,t
t=1

- /BDKL(T"GHT"ref)>:| E)

where wg;: and w,;; denote the token-level
weighting coefficient of guidance g; and the model
outputs o;, respectively. Note that clip here refers to
clip(wg,it, 1 —€,1+4€) and clip(we i, 1 —€, 1 4€).
As shown in Figure 3b, this guidance enables SLMs
to generate higher-reward candidates, potentially
overcoming their inherent limitations.

Naive Guided GRPO fails to boost the final per-
formance. Despite increasing expected rewards
(Figure 3b), we found that

simply adding guidance to thinking trajectories of
all candidates doesn’t enhance final performance
and suffers from low advantage.

As shown in Figure 4a and 4b, we train Qwen-
3-1.7B-Base on a math dataset sourced from the
Math-220K corpus (Wang et al., 2024), and find
that: (1) Guided GRPO’s accuracy reward curve
almost matches original GRPO. (2) Guided GRPO
suffers from low advantage standard deviation, hin-
dering the optimization of the models. As a result,
further investigation is needed to leverage Guided
GRPO’s higher rewards while ensuring effective
training, as the naive approach fails to utilize its po-
tential benefits. This also indicates that gains from
G?RPO-A are not solely attributable to additional
supervision; strategic guidance design is essential.
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Figure 3: Reward of Guided GRPO. We fine-tuned
Qwen3-1.7B on coding tasks, using 10 roll-outs and
generating 280 candidates per batch. The candidates’
rewards form a 20x14 matrix. We then applied 2x2 av-
erage pooling, reducing it to a 10x7 matrix for clearer
visualization. The results demonstrate that when config-
ured with an optimal guidance ratio, GZRPO-A enables
the model to sample candidates that yield a significantly
denser reward signal.

MATH500 a =2 a=3 a=§ a=1
=50  66.80 66.00 67.20 65.10
=100 6520 63.00 66.20 64.70
£=200 57.60 52.40 62.00 59.30
£=1500 57.80 62.00 68.20 55.80
(=0 62.00

Table 1: Empirical study on guidance length ¢ and
guidance ratio o.. We use the Qwen2.5-Math-7B as the
backbone.

4.2 Optimizing Guided GRPO Design

In this section, we thoroughly examine optimal de-
sign choices for Guided GRPO, focusing on guid-
ance ratio of GRPO candidate groups and adjust-
ing guidance strength at different training stages.
These investigations aim to maximize the effec-
tiveness of the Guided GRPO and overcome the
limitations observed in the naive implementation.

Inner-Group Varied Guidance Ratio. The in-
sufficiency of naive guidance suggests that a more
nuanced approach is required. We begin by investi-
gating the impact of the guidance ratio a. In each
GRPO group of size G, we steer only an a-fraction
of the candidates. Let g; denote the guidance for
the i-th candidate (ordered arbitrarily), we have:

(i > a@), (1 < a@).
“)
That is, the first oG candidates have guidance,
while the remaining (1 — )G candidates evolve
freely. We conduct experiments on the Qwen2.5-
Math-7B model (Yang et al., 2024) with a roll-out
number n = 6, training for one epoch on the s1k-

1.1 dataset (Muennighoff et al., 2025b). We set

l9i| =0 lgi| =1
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Figure 4: Pitfalls of naive Guided GRPO. We trained
Qwen3-1.7B-Base on a curriculum-ordered subset of
Math-220K (Wang et al., 2024): problems are presented
from easy to hard. Because the curriculum continually
increases task difficulty, the accuracy reward does not
plateau at a high level-an expected outcome of the CL
schedule. This training dynamic indicates that the ad-
vantage standard deviation is extremely low under the
naive guidance condition, a situation that negatively im-
pacts training efficiency for SLMs.

a€{1/6,...,1} and I € {50,100,...,500} to-
kens, with all accuracies reported on the Math 500
benchmark. The results in Table 1 show that:

* Partial inner-group guidance improves model
performance. In most settings, Guided GRPO
with guidance provided to only a subset of can-
didates outperforms the vanilla GRPO, con-
firming the usefulness of the guidance mecha-
nism.

For Qwen2.5-Math-7B on the Math500 bench-
mark, the lowest guidance ratio o combined
with a longest guidance window { yields the
best results. This suggests that Qwen2.5-
Math-7B benefits from infrequent but heavy-
weight guidance.

In summary, selective guidance—directing only few
candidates by a long guidance—strikes the best bal-
ance between exploration and control, thereby im-
proving model performance. Moreover, the opti-
mal guidance ratio varies with both the task domain
and model capacity. As Table 9, 10 shows, smaller
models and coding tasks benefit from stronger in-
tervention, whereas larger models and math tasks
achieve better results with lighter guidance.

Time Varied Guidance Length. Apart from the
guidance ratio, Table 1 shows that performance also
depends on the guidance length ¢. To investigate
this further, we evaluate guided GRPO by varying
the guidance length during training under three

Guidance length Decay Policies
Guidance ratio Step Linear Concave
{=50,a=0.8333 63.80 58.40 57.60
¢ =100, a =0.1667 60.60 62.00 66.20
£ =200,a=0.8333 6660 54.20 58.40
¢=200,a=0.1667 6120 64.20 59.60
£ =500, a=0.1667 59.60 69.80 62.40
{=0 62.00

Table 2: Performance of Guided GRPO under dif-
ferent guidance-length adjustment policies. We train
Qwen2.5-Math-7B and evaluate it on the MATH 500
benchmark. For each guidance-length schedule, we re-
port the results obtained with the guidance ratio that
achieves the highest score in Table 1.

strategies. Those are:

N~

)5
0 = £0<1 - %) (5)
U =Yy WWSJ >

Concave decay: ¢, = {y (1 —
Linear decay:

Stepwise decay:

where 1" is the total training steps, and ¢y is the
initial guidance length. The parameter § € (1, 00]
controls the concavity, and v € (0, 1) sets the de-
cay rate, and s specifies the decay interval.

We use the same experiment setting as in Table 1,
and choose the guidance ratio that performs the
best. The results are reported in Table 2. The
results indicate that (1) model quality is highly
sensitive to the chosen guidance length ¢;, and (2)
no single schedule consistently outperforms the
others. This highlights the need for more effective
methods of controlling guidance length.

4.3 G?RPO-A: Sampling Difficulty Motivated
Adaptive Guidance

In this section, we propose an adaptive algorithm
that automatically selects the guidance strength ¢
at every optimization step. Our approach is in-
spired by recent work on data filtering and sam-
pling (Bae et al., 2025; Xiong et al., 2025; Shi
et al., 2025) , which removes examples that yield
uniformly low or uniformly high rewards. Such
“uninformative” samples—being either too easy or
too hard—contribute little to learning and can even
destabilize training. The pseudo-code can be found
in section A.1.

Guidance length adjustment. Our key idea is to
control the difficulty of training samples by dynam-
ically adjusting the guidance length, taking into
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Base Model « Benchmark Base GRPO SFT G2RPO-A
MATHS500 40.18 5426 50.53 51.77
Qwen3-0.6B-Base 0.75 Minerva 11.43 9.57 10.40 12.29
gpqa 2549 2451 2549 30.39
MATH500 50.96 6374 62.11 67.21
Qwen3-1.7B-Base 0.25 Minerva 13.84 16.19  18.89 15.10
gpqa 2745 2941 2451 32.35
MATH500 7132 7949  80.29 82.08
Qwen3-8B-Base 0.14  Minerva 33.24 37,51 36.60 36.42
gpqa 43.17 4413  42.85 49.72

Table 3: Performance of G2RPO-A on Math Tasks. We report accuracy (%) on various benchmarks. Models are
trained for 5 epochs, and guidance ratios are selected based on the best settings obtained from Table 10.

Base Model @  Benchmark Base GRPO G2RPO-A

MATH500 7620 8537  87.15
Minerva 12.32  20.59 21.57
Qwen3-0.6B 075, a 2451 2545 2643
AIME24 1000 6.67  10.00
AIME25 1333 2000  23.33
MATHS500 92.71 9452  91.69
Minerva  33.16 3538  38.26
Qwen3-1.7B 025 . a 4823 51.68 5527
AIME24 4667 56.67  63.33
AIME25  36.67 50.00  53.33

Table 4: Performance of GZRPO-A on Math Tasks.
The experimental settings are the same as in Table 3.
We additionally report AIME24 and AIME25 because
these stronger checkpoints allow more informative com-
parison on harder math benchmarks.

account the ongoing training states. At each train-
ing step k, the guidance ¢y, 1 is determined by the
following equation:

min(7T, k
minET k) )Tk ’ (6)
=1 Tk

=1 -7

U1 = U -

where 7, is the average reward of the k-th train-
ing step, 7 is a hyperparameter that controls the
number of history steps we considered, and we
found that setting 7 = 2 is already sufficient for
noticeably improving Guided GRPO performance
(Table 11, 12).

Equation 6 implies the following dynamics:

¢ When recent rewards rise, ¢}, is reduced, mak-
ing the next batch of examples harder.

¢ When recent rewards fall, ¢, is increased, mak-
ing the next batch easier.

Thus, the training difficulty is automatically and
continuously adjusted to match the model’s current
competence.

Random CL
GRPO G?RPO-A GRPO G?RPO-A
Qwen3-1.7-Base
'MATH500 53.81

57.67 52.05 58.94
Minerva 12.41 15.12 14.98 16.69
gpqa 24.79 23.53 27.45 25.49
Qwen3-0.6B-Base
MATHS500 43.25 50.72 48.16 53.59
Minerva 11.04 11.21 9.66 10.08
gpqa 23.1 25.49 24.51 32.35

Table 5: Comparison of training with random order
and curriculum learning (CL) order across different
models and benchmarks.

Curriculum learning as a necessary component.
Equation 6 shows that the adaptive guidance-length
controller updates ¢ by comparing the current re-
ward with rewards from previous steps. When con-
secutive batches differ markedly in difficulty, these
reward variations no longer reflect the model’s true
learning progress, which in turn degrades G2RPO-
A ’s performance.

To eliminate this mismatch, we embed a
curriculum-learning (CL) strategy (Parashar et al.,
2025; Shi et al., 2025; Zhou et al., 2025). Con-
cretely, we sort the samples by difficulty. Us-
ing math task as an example, we rank examples
by source, yielding five ascending difficulty tiers:
cn_contest, aops_forum, amc_aime, olympiads,
and olympiads_ref. We also tested ADARFT (Shi
et al., 2025), which orders samples by success rate,
but its buckets proved uninformative in our cases—
most questions were either trivial or impossible
(see section C.1.1 Figure 6)—so it failed to sepa-
rate difficulty levels effectively. Table 5 shows that
both vanilla GRPO and G?RPO-A benefit from
CL. Therefore, CL is not an auxiliary add-on in
our pipeline; it is needed to keep adjacent training
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Base Model Guidance Ratio Benchmark Base GRPO SFT G2RPO-A
HumanEval 3232 38.89 4033 44.96
Qwen3-0.6B 0.75 LiveCodeBench  17.07 2222  13.58 23.14
Qwen3-1.7B | HumanEval  46.08 67.65 63.34 75.93
) LiveCodeBench 34.31 53.14 56.33 51.96
HumanEval 64.36 81.48 77.42 80.33
Qwen3-8B 0.57 LiveCodeBench 6058 77.12 6382  79.71

Table 6: Performance of GZRPO-A on Code Tasks. We report accuracy (%) on various benchmarks. Models are
trained for 5 epochs, and guidance ratios are selected based on the best settings obtained from Table 9.

GRPO Guide-GRPO DeepVideo-R1-style GZRPO-A

Base Model « Benchmark Base
MATHS500 50.96 63.74
Minerva 13.84 16.19

Qwen3-1.7B-Base 0.25 GPQA 2745 2941
Average 30.75 36.45

65.20
16.41
31.37
37.66

64.36
15.94
30.39
36.90

67.21
15.10
32.25
38.19

Table 7: Comparison with concurrent guidance baselines on math tasks. We compare against Guide-GRPO (Nath
et al., 2025) and a DeepVideo-R1-inspired baseline (Park et al., 2025). The latter adapts its adaptive signal-shaping

idea to text reasoning.

Setting Level Level Level Level Level
1 2 3 4 5
Remove 76.74  71.11 50.00  35.00 24.00
Replace 8837 7556 5400 37.00 18.00
Original 86.05 77.77 60.00 43.00 28.00
Table 8: Performance of GRPO with different

sample-filtering methods. We train Qwen3-1.7B
model using G2RPO-A, with & = 0.25. In the RE-
MOVE setting all hard samples are excluded from the
original dataset, whereas in the REPLACE setting each
hard sample is substituted with a sample of moderate
difficulty.

steps comparable so that reward-based adaptation
remains more reliable.

Compare G’RPO-A to sample-filtering methods.
Earlier work argues that policy-gradient training
benefits most from mid-level queries. Bae et al.
(2025) keep only moderate-difficulty batches via
an online filter, and Reinforce-Rej (Xiong et al.,
2025) discards both the easiest and hardest exam-
ples to preserve batch quality. Our experiments
show that this exclusion is counter-productive: re-
moving hard problems deprives the model of vital
learning signals and lowers accuracy on challeng-
ing tasks. Table 8 confirms that either dropping
hard items or substituting them with moderate ones
reduces Level 4 and 5 test accuracy. G?RPO-A
avoids this pitfall by retaining tough examples and
attaching adaptive guidance to them, thus exploit-
ing the full difficulty spectrum without sacrificing

a=0 a=025 a=05 a=07 a=1

Qwen3-1.7B
HumanEval 68.52  59.88 64.81 72.22  70.81
LCB 28.43  19.61 23.53 30.39 35.72
Qwen3-0.6B
HumanEval 41.98 32.10 27.72 38.89  49.38
LCB 12.75  11.76 9.80 18.63 12.75

Table 9: Ablation studies on guidance ratio o for
Code Tasks. The group size is set to 12. The initial
guidance length for GZRPO-A is set to 3072. The LCB
indicates LiveCodeBench.

performance.

S Experiments

In this section, we outline the experiment settings
we used, and more details about dataset filtering
methods and evaluation on more models can be
found in Appendix.

5.1 Experiment Settings

In this section, we outline the experimental settings.
Additional details on dataset filtering and extended
evaluations are provided in the Appendix.

Datasets and models. We conduct experiments
on math and code tasks. In detail,

* Mathematical reasoning tasks. We construct
a clean subset of the Open-R1 math-220k cor-
pus (Wang et al., 2024). Problems are kept
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a=0 a= i o= % o= % a=1
Qwen3-1.7B-Base
MATH500 52.05 58.71 53.09 55.53 45.95
Minerva 14.98 16.69 16.25 18.21 16.11
gpqa 27.45 25.49 30.39 25.49 22.55
Qwen3-0.6B-Base
MATHS500 48.16 49.59 50.94 53.50 38.42
Minerva 9.66 9.10 8.96 10.08 15.69
gpqa 24.51 19.61 31.37 32.35 25.49

Table 10: Ablation studies on guidance ratio o for
Math Tasks. The group size is set to 12. The initial
guidance length for G?RPO-A is set to 3072.

Fixed Guidance

3072 2048 1024

GRPO RDP G?RPO-A

Qwen3-1.7B-Base
MATH500 52.05

51.28 60.52 46.78 51.02 58.71
Minerva 1498 1440 17.16 12.22 17.99 22.46
gpqa 27.45 25.00 24.51 23.53 22.13 25.49
Qwen3-0.6B-Base
MATH500 48.16 55.80 54.17 52.69 55.97  53.50
Minerva 9.66 13.27 15.26 11.78 14.32 15.69
gpqa 24.51 24.00 21.57 22.55 26.00 32.35

Table 11: Guidance-length ablation on Math Tasks.
Each run uses the optimal guidance ratio reported in
Table 10. The initial guidance budget for GZRPO-A
is fixed at 3,072 tokens. RDP refers to the rule-based
decay policy.

only if their solution trajectories are (i) com-
plete, (ii) factually correct, and (iii) syntacti-
cally parsable.

* Code generation. For programming ex-
periments we adopt the Verifiable-Coding-
Problems-Python benchmark from Open-R1.
For every problem we automatically gen-
erate a chain-of-thought with QWQ-32B-
preview (Team, 2024b). These traces are later
used as guidance by our proposed G?RPO-A
training procedure.

We use Qwen3 series (Yang et al., 2025a) for both
tasks. Results of DeepSeek-Math-7B-Base (Shao
et al., 2024) for math and DeepSeek-Coder-6.7B-
Base (Guo et al., 2024) for code are also included
in section C.2. Unless specifically mentioned, CL
is used for all experiments for fair comparison, and
we also conduct ablations in Table 5.

Evaluation protocol. We assess our models
mainly on three public mathematical-reasoning

Fixed Guidance

GRPO RDP G?RPO-A
3072 2048 1024

Qwen3-1.7B

HumanEval 68.52 58.64 58.02 60.49 69.29  70.81
LCB 23.53 29.41 28.43 31.37 2647 35.72
Qwen3-0.6B

HumanEval 38.89 4393 36.54 38.40 42.27 49.38
LCB 12.75 13.73 10.78 9.80 11.67 12.75

Table 12: Guidance-length ablation on Code Tasks.
Each run uses the optimal guidance ratio reported in
Table 9. The initial guidance budget for G2RPO-A is
fixed at 3,072 tokens. RDP refers to the rule-based
decay policy.

benchmarks—MATHS500 (Hendrycks et al., 2021),
MINERVA-MATH (Lewkowycz et al., 2022), and
GPQA (Rein et al., 2024). For the mathemat-
ical training of Qwen3-1.7B and Qwen3-0.6B,
AIME?24 (Li et al., 2024) and AIME?25 are also
used. For code tasks, we evaluate on HUMANEVAL
(Chen et al., 2021) and LIVECODEBENCH (Jain
et al., 2024). Decoding hyper-parameters are
fixed to: temperature = 0.6, top-p = 0.95, and
top-k = 20. Unless otherwise noted, we generate
with a batch size of 128 and permit a token budget
between 1,024 and 25,000, based on each model’s
context window.

Training details. Our G?RPO-A algorithm is im-
plemented on top of the fully open-source OPEN-
R1 framework (Face, 2025). We use the following
hyper-parameters: (i) number of roll-outs per sam-
ple set to 12 for 0.6B and 1.7B backbones, and 7
for 7B and 8B backbones; (ii) initial learning rate
1 x 1075, decayed with a cosine schedule and a
warm-up ratio of 0.1; (iii) a training set of 1,000
problems for 5 epochs. Note that for ablation exper-
iments, only 1 epoch is implemented in our training.
(iv) All models are trained on 8 A100 GPUs.

5.2 Numerical Results

Superior performance of GZRPO-A. As re-
ported in Table 3, 4, 6 and 7, (i) our proposed
G?RPO-A markedly surpasses vanilla GRPO and
SFT on most model-benchmark pairs. (ii) com-
pared with concurrent guidance baselines, GZRPO-
A attains the best average score in Table 7, while
remaining competitive on individual benchmarks.
(>iii) all RL-based methods outperform both the
frozen base checkpoints and their SFT variants,
mirroring trends previously observed in the litera-
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ture.

Why some benchmark-level anomalies appear.
G?RPO-A is not expected to dominate every sin-
gle model-benchmark pair. For robustness, we use
one shared guidance ratio « per base model in the
main comparison tables, rather than over-tuning
a for each benchmark. This choice can be subop-
timal for some datasets (e.g., Minerva for certain
checkpoints), but improves cross-benchmark com-
parability. We also observe that the most visible
gains of G2RPO-A appear on harder sets such as
AIME?24/25, which aligns with our goal of improv-
ing difficult reasoning cases.

Effect of the guidance ratio . Table 9, 10 show
that (1) larger models benefit from weaker guid-
ance—e.g., Qwen3-1.7B peaks at «=0.25/0.5 on
Math, whereas the smaller Qwen3-0.6B prefers
a=0.75; (2) Code tasks consistently require a
higher guidance ratio than Math.

Ablation on guidance-length schedules. Ta-
ble 11, 12 contrast our adaptive scheme (G*RPO-
A) with (i) fixed guidance and (ii) a rule-based de-
cay policy (RDP). (1) G2RPO-A achieves the best
score on almost every model-benchmark pair, con-
firming the benefit of on-the-fly adjustment. (2) For
fixed guidance, the optimal value varies across both
tasks and model sizes, with no clear global pattern,
underscoring the need for an adaptive mechanism
such as GZRPO-A.

6 Conclusion

We introduce a method that injects partial ground-
truth guidance into GRPO roll-outs to improve
small-scale LLM training. Through systematic
analysis, we show that both guidance ratio and guid-
ance length are highly context-dependent, and we
therefore propose G2RPO-A, an adaptive controller
that tunes guidance online. Experiments on mathe-
matical reasoning and code generation demonstrate
that G2RPO-A consistently improves performance
over vanilla GRPO and strong guidance baselines.

7 Limitations

The scope of this study presents two primary lim-
itations. First, while the efficacy of G?RPO-A
has been validated on mathematical and code-
generation tasks, its generalizability to other do-
mains, such as multi-modal reasoning, remains to
be investigated. Second, the selection of the hyper-
parameter « currently relies on empirical tuning

via ablation studies, as we have not yet identified
a discernible principle governing its optimal value.
Future work should be directed towards a more
systematic investigation to establish a principled
approach for its determination.
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Appendix

A Algorithm and Mathematical
Formulations

A.1 Pseudo-code for G’RPO-A

The integral process of our proposed G2RPO-A is

shown in Algorithm 1:

A.2 Detailed equations

A.2.1 Group Relative Policy Optimization
(GRPO)

The loss function for GRPO is:

L‘GRpo(Q) = —Et [min (wt(G)At,
clip(wt(e), 1—¢1+ e)flt)
—m)KL(m<'|st>|r7rref<‘|st>)]. )

where the importance weight w; ¢ is given by

) (at]st)
ﬂ—ref(at‘st)
The advantages used in GRPO is a normalized,

intra-group relative advantage, which can be calcu-
lated by:

wt(e) = ®)

A, r; — mean(r)

= std(r) ©)

Algorithm 1 G2RPO-A

Require: Dataset D with guided reasoning traces
Oy, initial guidance length [, guidance ratio
k/n

Ensure: Learned model parameters 6

1: 6 < 6y

2: H H

3: while not converged do

4: if || = 2 then

5: Told < mean(H)

6: p < scaleFactor(rqq)

7: L+ pxl

8: end if

9: Generate k£ completions under guidance

length [

10 for each completion o do
11: Compute success indicator (o)
12: Append r(0) to buffer H
13: end for

14: Update 6 via GRPO
15: end while
16: return 6

and the KL divergence is given by:

71'ref(oi,t Q70i,<t)
79(0it | ¢, 0i,<t)
7"'ref(oi,t | q, 0i,<t)
7T9(O'i,t \ q,Oi,<t)

Dxr [7T€ ”ﬂ'ref] =

—log

-1,
(10)

The function clip(x, min, max) is a bounding func-
tion that constrains a value x to a specified interval
[min, max]. Mathematically, it is defined as:

a ifr<a
clip(z,a,b) =¢x ifa<z<b
b ifz>0b

In the context of policy optimization, the expres-
sion clip(w¢(f),1 — €,1 + €) thus constrains the
probability ratio wy () to the interval [1 — €, 1 + €].
Its primary function is to prevent excessively large
policy updates, which is critical for ensuring stable
and robust training.
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A.2.2 Guided Group Relative Policy
Optimization (G’RPO)
The loss function for GZRPO can be described as:

Laiged(0) =E(g 0)~D,16:15 , ~G {01}E | ~mar(-1a9:)

G
1 1
{G; |oil + |g]

t=1

lo;|

lgil
(Z min (wg,q,¢ A e, clip (wg,ie, 1 —€,1+€)) A

labels and match(c; P;) € {0,1} be a pattern-
matching predicate against the code-format pattern
for label ¢. We define

Reode_fmt(c) = 1{3¢ € L : match(c;Py) = 1}.

Here, P, requires the tag
|<think>...</think>] followed by

sequence
[<answer>...|

; containing a fenced code block labeled /¢, and
"closing with I</answer>|. The reward returns 1 on

an exact match and O otherwise.

+ Z min(wo,i,tAi,t, clip (wo,s,t, 1 — €, 1+ €) )Ai,t

t=1

- ﬂDKL(ﬂ'GHWref))], (11)

where wy;; and w,; denotes the token-level
weighting coefficient of guidance g; and the model
outputs o;:

779(057,1',t ‘ Q7og,i,<t)
[Trenld (Og,i,t | q, 097i7<t)] ’
70(00,it | G, 00,i,<t)

[W%ld (OO,i,t | q, 007i,<t)] ’

Wit =

(12)

Wo,it =

B Reward Function Definitions

Each completion ¢ 1is evaluated by up
to five base rewards R, (c), m €
{tag, fmt, code_fmt, code, acc}, combined
via nonnegative weights { A, }:

Rtotal(c) - Z )\m Rm(c)

B.1 Tag-Count Reward (R;g).

Let 7 = {(think), (/think), @nswer), (lanswer)}.
Then

B.4 Code-Execution Reward (R oqe)-

Given M test cases { (2, Ym )} and execution in-
dicator exec(c, x,,) € {0,1}:

M
1
Reode(c) = i E exec(c, ), Reode € [0,1].
m=1

B.5 Accuracy Reward (R,c).

Parsing LaTeX and verifying semantic equivalence
yields

1, if output matches,
gold
0, otherwise.

Racc(c) = (13)

B.6 Group-Level Aggregation.

For G completions {c¢;}, form vector r =
(Rtotal(ci))z‘G:p compute mean i, and standard de-
viation ¢,., and normalize:

P Ty — My

Ai: )

Or

to obtain the per-token advantage estimates used in
the GRPO update.

Riag(c) = % Z 1{c contains ¢ exactly once}, Rtagcé [OEﬁperimental Setup and Additional

teT

B.2 Format Reward (Ry;).

Checks that c matches
{think) --- (/think)@nswer) --- (fanswer):

R (c) = {1’

0, otherwise.

if format is exact,

B.3 Code-Format Reward (R ode_fmt)-

Using language-specific fenced blocks inside
the answer section, together with the required
I<think>...</think>| and I|<answer>...</answer>|
tags. Formally, let £ be the set of allowed language

Result

C.1 Experiment Details
C.1.1 Dataset filtration

We curated our dataset by applying a two-stage fil-
tration process to the math-220k dataset from open-
rl (Wang et al., 2024) to select for samples con-
taining complete, correct, and technically parsable
thinking trajectories.

Sourcing from the math-220k dataset offered by
open-rl (Wang et al., 2024), we first perform two
filtrations on the math dataset we use:

1. The first filtration ensures the remaining sam-
ples are with:
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Distribution of Difficulty Scores
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Figure 5: To approximate a difficulty score for each
query, we adopt the methodology from ADARFT (Shi
et al., 2025). In this approach, the Qwen2.5-1.5B-
Instruct model is deployed to solve each query 128
times. The difficulty score is then calculated based on
the number of failed attempts.

(a) Integrated thinking trajectories.
(b) Correct final answers given by thinking
trajectories verified by ground truths.

2. The second filtration ensures the remaining
samples are with:

(a) Parsable by the python package "math
verify".

Inspired by ADARFT(Shi et al., 2025), we order
our dataset by the difficult level of each sample. In
detail, we use model Qwen2.5-7B(Team, 2024a) to
solve each problem for 128 times, taking the ratio
of the number of failures to the total number of
attempts as the difficulty score for them. However,
the difficulty scores assigned to each sample in our
dataset via the scoring methodology proposed in
ADARFT exhibited little variance, making them
largely indistinguishable from one another. The
distribution of difficult score is shown in Figure 5:

As aresult, we directly choose samples from five
difficulty levels containing cn_contest, aops_forum,
amc_aime, olympiads and olympiads_ref ordering
those chosen samples from easy to hard.

The dataset we use to train on code tasks is
obtained from verifiable-coding-problems-python
which is also released by open-rl (Wang et al.,
2024). We use a much stronger model, QWQ-32B-
preview (Team, 2024b), to generate a step-by-step
chain of thought for each problem, which is then
used as guidance in G?’RPO-A. After generating
these thinking trajectories, we run them through
two filtrations:

1. The first filtration ensures the thinking trajec-
tories we generate are:

(a) Complete.

(b) The total number of tokens does not ex-
ceed the max guidance length we set.

2. The second filtration ensures the thinking tra-
jectories we generate are:

(a) With code reward being equal to 1 re-
turned by the reward computation func-
tion.

We also do a filtration on the query part of the
dataset to make sure the numbers of tokens in
queries won’t surpass 512 because the descriptions
of coding tasks are always longer than those of
math tasks.

C.1.2 Sandbox for code tasks

For the verification of model-generated code snip-
pets, we employ the E2B sandboxed execution en-
vironment(E2B-Dev, 2024), an open-source cloud
sandbox environment designed for securely execut-
ing Al-generated code.

C.1.3 Evaluation

We assess our models on three public math-
ematical-reasoning ~ benchmarks—MATH500
(Hendrycks et al., 2021), MINERVA-MATH
(Lewkowycz et al., 2022), and GPQA (Rein
et al., 2024). For the mathematical training of
Qwen3-1.7B and Qwen3-0.6B, AIME24 (Li et al.,
2024) and AIMEZ2S5 are also used. For code tasks,
we evaluate on HUMANEVAL (Chen et al., 2021)
and LIVECODEBENCH(Jain et al., 2024). For
Math500, we first report accuracy on five difficulty
levels and then average them as the final score. The
evaluation settings follow the official benchmark
tutorial: all tasks are evaluated in a zero-shot
setting without additional prompting tricks. We
set the evaluation batch size to 128 and allocate
a budget from 4096 to 25000 tokens according
to each model’s maximum context length. The
generation configurations are: temperature set to
0.6, top_p set to 0.95, and top_k set to 20.

C.1.4 Training details

Our G?RPO-A algorithm is implemented on top of
the fully open-source OPEN-R1 framework (Face,
2025). We use the following hyper-parameters: (i)
batch size of 12 per GPU; (ii) number of rollouts
per sample set to 12 for 0.6B and 1.7B backbones,
and 7 for 7B and 8B backbones; (iii) initial learn-
ing rate 1 x 1075, decayed with a cosine schedule
and a warm-up ratio of 0.1; (iv) a training set of
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Base Model a  Benchmark Base GRPO G2RPO-A

DeepSeek-Coder 071 HumanEval 51.27 66.71 70.11
-6.7b-Base " LCB 12.38 25.15 23.52

MATH500 31.37 49.78 55.17
0.29 Minerva 5.61 18.19 21.63
gpqa 17.28 22.14 21.52

DeepSeek-MATH
-7B-Base

Table 13: Performance of GZRPO-A on DeepSeek
series base models. We report accuracy (%) on various
benchmarks. Models are trained for 5 epochs.

1,000 problems for 5 epochs. For ablation studies,
we only implement 1 training epoch for fast veri-
fication (which is also the default training epoch
number in OPEN-R1). The maximum sequence
length is limited to 4,608 tokens. Thus, the max
completion length and max prompt length could be
automatically adjusted according to the guidance
length provided at every training step.

C.2 Extra results

We also conduct experiments on DeepSeek series
(Guo et al., 2024; Shao et al., 2024) to verify the
effectiveness of our proposed method. Results are
shown in Table 13.
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