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Abstract

Large Language Models demonstrate strong reasoning ca-
pabilities, which can be effectively compressed into smaller
models. However, existing datasets and fine-tuning ap-
proaches still face challenges that lead to catastrophic for-
getting, particularly for models smaller than 8B. First, most
datasets typically ignore the relationship between training
data knowledge and the model’s inherent abilities, making it
difficult to preserve prior knowledge. Second, conventional
training objectives often fail to constrain inherent knowl-
edge preservation, which can result in forgetting of previ-
ously learned skills. To address these issues, we propose a
comprehensive solution that alleviates catastrophic forgetting
from both the data and fine-tuning approach perspectives. On
the data side, we construct a dataset of 5K instances that
covers multiple reasoning tasks and incorporates metacog-
nitive knowledge, making it more tolerant and effective for
distillation into smaller models. We annotate the metacogni-
tive knowledge required to solve each question and filter the
data based on task knowledge and the model’s inherent skills.
On the training side, we introduce GDPO (Group Direction
Preference Optimization), which is better suited for resource-
limited scenarios and can efficiently approximate the perfor-
mance of GRPO. Guided by the large model and by implicitly
constraining the optimization path through a reference model,
GDPO enables more effective knowledge transfer from the
large model and constrains excessive parameter drift. Exten-
sive experiments demonstrate that our approach significantly
alleviates catastrophic forgetting and improves reasoning per-
formance on smaller models.

Code — https://github.com/Qlanxue/MetaGDPO
Extended version — https://arxiv.org/abs/2511.12113

1 Introduction

Large Language Models (LLMs) have demonstrated strong
capabilities, enhanced by advanced reasoning skills that
enable them to solve complex tasks (Jaech et al. 2024;
Guo et al. 2025; Yang et al. 2025; Anthropic 2025). How-
ever, enabling excellent reasoning capabilities typically re-
quires models with a large number of parameters, which
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Figure 1: Small-scale fine-tuning on challenging mathemat-
ical data such as LIMO can enhance the performance of 32B
models, whereas 8B models tend to suffer from severe per-
formance degradation.

presents practical challenges for deployment, particularly
in resource-constrained training or inference environments.
This highlights the need to compress reasoning capabilities
into smaller models with limited resources.

Existing studies usually compress reasoning abilities into
smaller models through large-scale datasets or small-scale
but high-quality data. DeepSeek R1 (Guo et al. 2025) em-
ploys large-scale data (800K) to distill the reasoning abil-
ities. In contrast, LIMO (Ye et al. 2025) and slk (Muen-
nighoff et al. 2025) utilize high-quality and small-scale dis-
tilling data to 32B models based on question difficulty. How-
ever, compressing reasoning abilities into models smaller
than 8B remains challenging, especially as fine-tuning with
multi-perspective objectives to support broader applications
often leads to performance degradation (Zheng et al. 2025;
Arora and Zanette 2025; Wang et al. 2025). As shown in Fig-
ure 1, fine-tuning smaller models with small-scale but high-
quality data often results in substantial performance degra-
dation across multiple evaluation dimensions, especially on
difficult tasks like AIME24. Even when trained on math-
ematical data, these models still exhibit decreased perfor-
mance on simple math problems. These degradation are usu-
ally caused by the catastrophic forgetting during fine-tuning.
Therefore, we desire to discuss one research question in
this paper: How to improve the model’s reasoning ability
while decreasing the catastrophic forgetting under limited



resources?

According to previous studies, it is effective to alleviate
this issue from data (Resta and Bacciu 2024; Rebuffi et al.
2017) and fine-tuning (Hu et al. 2022; Houlsby et al. 2019;
Zheng et al. 2025) perspective. From the data side, previous
methods usually utilize difficulty-based dataset collection or
experience replay. However, datasets (Ye et al. 2025; Muen-
nighoff et al. 2025) using difficulty as the selection principle
ignore the relationship between the data and the base mod-
els’ inherent knowledge, leading the model to forget sim-
ple knowledge for difficult data learning. Experience replay
(Resta and Bacciu 2024) involves constructing appropriate
datasets aligned with the training set, which can be chal-
lenging when training data is unknown (Xiao et al. 2024).
From the fine-tuning perspective, previous researches usu-
ally choose to freeze part of the models’ parameters to pre-
serve existing experience, like PEFT (Houlsby et al. 2019),
LoRA (Hu et al. 2022), and freezing layers (Zheng et al.
2025). They focus on learning new tasks while ignoring
constraints from prior knowledge, which easily leads to for-
getting during training. Although GRPO (Shao et al. 2024)
demonstrates strong performance in reasoning tasks with pa-
rameter constraints, it requires more resources for online
sampling and model-based reward calculation.

To solve the above issues, we propose METAGDPO to
improve models’ entire performance during training from
the data and fine-tuning perspective.

To enhance the relationship between training data and
models’ inherent capabilities, we propose a knowledge-
based data construction approach that leverages metacog-
nitive knowledge as the selection principle, referring to the
learner’s accumulated understanding of specific knowledge
types (Didolkar et al. 2024). To support comprehensive anal-
ysis, we collect different reasoning tasks that occurred in
real applications. We label the metacognitive knowledge re-
quired to solve each question and analyze the base models’
performance across different types of knowledge. Based on
this analysis, we retain complex questions that combine mul-
tiple knowledge units and select representative questions for
each knowledge unit according to the base models’ profi-
ciency. For knowledge that the model is already proficient
in, we can retain only a small number of instances to serve
as a reminder to keep the inherent abilities. Finally, we ob-
tain METAKL with 5K training questions covering a wider
knowledge range. This data collection method includes not
only new knowledge that the model lacks but also previously
acquired knowledge, thereby reinforcing existing capabili-
ties and mitigating forgetting.

To enhance the improvement during fine-tuning progress,
we propose Group Direct Preference Optimization (GDPO),
which enables base models to learn group-wise response dis-
tributions guided by advantages derived from high-quality
response groups generated by the capable model. By pre-
serving constraints on prior knowledge, the model can al-
leviate catastrophic forgetting. Specifically, we sample a
group of responses from the strong model and compute their
corresponding advantages. The small model is then updated
based on the preferences of nearby responses within the
sorted group, which reduces the inter-group preference com-
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putation from O(G?) to O(G). This method enables the
small model to learn the response distribution along with
the corresponding preferences. Besides, GDPO is suitable
for source-limited training scenarios compared with GRPO.
As demonstrated in Figure 1, our approach effectively en-
hances the performance of smaller models across multiple
dimensions.

To further demonstrate the effectiveness of our method,
we provide a detailed analysis with proof and conduct
thorough experiments across 12 benchmarks and differ-
ent training methods. Experimental results demonstrating
METAGDPO can further improve the model’s performance
with little disturbance to inherent reasoning abilities.

Our contribution can be summarized as follows:

e We first introduce the METAKL, a dataset that pro-
vides diverse reasoning tasks from a metacognitive knowl-
edge perspective to associate training data with models’ in-
herent knowledge.

e We propose the Group Direct Preference Optimization
to improve the performance of models while alleviating the
catastrophic forgetting of efficient models.

e We conduct extensive experiments to demonstrate the
effectiveness of METAGDPO.

2 Related Works

Unlike traditional large language models (LLMs) that prior-
itize immediate answer generation, large reasoning models
(LRMs) distinguish themselves by leveraging a long chain-
of-thought to solve complex tasks with thorough think-
ing. Since the release of OpenAl’s ol series in late 2024
(Jaech et al. 2024), which marked a significant leap in
Al reasoning, several advanced LRMs have emerged. Ope-
nATI’s 03 series (OpenAl 2025) demonstrated doctoral-level
problem-solving across disciplines, while Google’s Gemini
2.5 Pro (?) and XAI's Grok-3 (xAI 2025) further pushed
state-of-the-art performance in reasoning-intensive tasks.
Anthropic’s Claude 3.7 Sonnet (Anthropic 2025) combines
dual reasoning modes to excel in code generation and multi-
step logic. In the open-source domain, DeepSeek-R1 (Guo
et al. 2025) and Qwen3 (Yang et al. 2025) represent notable
advances, with Qwen3 pioneering a hybrid fast/slow mode
architecture that rivals closed-source systems on challenging
benchmarks. These developments highlight the rapid evolu-
tion of LRMs and their growing impact on real-world com-
plex reasoning tasks.

There are some studies devoted to compressing large
models’ reasoning abilities into smaller models. Some stud-
ies collect LLMs’ distillation datasets like LaMini (Wu et al.
2024), UltraChat (Ding et al. 2023), NuminaMath (Li et al.
2024), and SYNTHETIC-1 (Mattern et al. 2025), focusing
on providing large-scale datasets to cover diverse instruc-
tions. These datasets usually need more resources to fine-
tune the LLM. Therefore, there are also works advocating
for utilizing small-scale high-quality datasets to enhance
the LLMs’ performance. STILL-2 (Min et al. 2024) con-
structed a 4.9k-sample long-form reasoning dataset through
DeepSeek-R1 and QwQ (Qwen Team 2025). Ol1-journey-
part2 (Huang et al. 2024) involved the direct utilization of
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Figure 2: The framework of our paper. We first construct the data based on metacognitive knowledge with analyzing base
models’ inherent ability. Then, we utilize the Group Direct Preference Optimization to fine-tune the base model.

the OpenAl O1’s API to synthesize lengthy thought chains.
LIMO (Ye et al. 2025) and slk (Muennighoff et al. 2025)
identify 817 and 1K datasets of high-quality mathematical
reasoning datasets. STAR-1 (Wang et al. 2025) filters out
1K to improve the safeguard ability of reasoning models.
However, these works usually adopt supervised fine-tuning
based on difficult datasets, which leads to the catastrophic
forgetting phenomenon.

3 Method

To comprehensively alleviate catastrophic forgetting during
distillation in small LLMs, we design our approach from
both the data and training perspectives. On the data side, we
collect training instances based on the metacognitive knowl-
edge required to solve each question and the model’s inher-
ent knowledge. This helps align the small model’s metacog-
nitive understanding with that of the large model. On the
training side, we propose Group Direction Preference Op-
timization (GDPO), which further enhances model perfor-
mance while preserving as much inherent knowledge as pos-
sible.

3.1 Knowledge-based Data Construction

Data Collection To support real-world applications from
multiple perspectives, we collect existing training datasets
targeting mathematical reasoning (NuminaMath-CoT (Li
et al. 2024)), non-mathematical / general reasoning (MMLU
(Hendrycks et al. 2021a), CommonsenseQA (Talmor et al.
2019), CommonsenseQA 2.0 (Talmor et al. 2022), LogiQA
(Liu et al. 2023)), and safety-related tasks. Detailed infor-
mation on these datasets is provided in the Appendix, which
can be found in our extended version. To reduce the num-
ber of similar prompts, we first perform coarse filtering fol-
lowing the steps in STAR-1 (Wang et al. 2025), including
n-gram filtering, TF-IDF similarity filtering, and semantic
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embedding similarity filtering. To ensure fair evaluation, we
strictly avoid using any data similar to the evaluation bench-
marks and only adopt existing training datasets. After this
process, we obtain 38,838 data instances and carefully check
for any overlap between these prompts and the benchmarks
used in our experiments, removing any duplicates to prevent
data leakage.

Metacognitive knowledge acquire To determine the
metacognitive knowledge required to solve each question
and to better control the scope of training data, we identify
the relevant metacognitive knowledge for each question us-
ing a similar approach to (Didolkar et al. 2024). We first in-
struct GPT-40 to extract the knowledge needed for problem-
solving. Then, we cluster the knowledge names to group
similar knowledge together, which reduces redundancy and
enables more precise filtering. After clustering, we obtain
8,325 knowledge. The detailed prompts used for this pro-
cess are provided in the Appendix. To demonstrate the rea-
sonability of the metacognitive knowledge, we conducted
human annotation. Specifically, we randomly sample 500
prompts along with their extracted knowledge and engage
five expert annotators to evaluate the consistency between
the knowledge and the corresponding questions. Each anno-
tation is paid $0.20 per instance. The average consistency
score reaches 92.18%, demonstrating the reliability of the
generated knowledge.

Knowledge-based selection In order to make the selec-
tion process more tight with the base model itself, we first
analyze the performance of small commonly used LLMs
including Qwen2.5-7B-Instruct, LLaMA3.1-8B, DeepSeek-
R1-Qwen-7B, DeepSeek-R1-LLaMA-8B, and Qwen3-8B.
Figure 3 illustrates the performance of each model across
the skill numbers. We can observe that with the increase in
skill combined numbers, the models’ performance reduced.
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Figure 3: The performance on metacognitive knowledge of
base models.

Considering both the difficulty of the dataset and the
model’s inherent ability, we first reserve all complicated in-
stances, solving which requires more than 5 skills. Then, we
consider the base model’s skill accuracy as a skill filter ra-
tio and select based on the knowledge unit. To ensure the
skill while reducing the training instance numbers, we adopt
a greedy selection strategy. We first keep 20 questions with
a priori correct and safe responses for each knowledge unit.
Then we select a question based on average proficiency, as
it is more relevant to all models’ knowledge levels. We pri-
oritize keeping the questions more adequate. The pseudo-
algorithm can be found in the Appendix.

3.2 Group Direct Preference Optimization

While GRPO demonstrates strong performance in reasoning
training, its reliance on online sampling incurs substantial
resource costs and can lead to uncontrollable exploration,
particularly when the model’s initial capabilities are limited.
Therefore, we propose Group Direct Preference Optimiza-
tion (GDPO), which adapts the distillation process by lever-
aging high-quality responses from the capable model.

Given a question g, we generate a group of responses
{r1,r2,...,7¢} from large model. The objective is to ob-
tain a policy model 7y derived from a reference model . ¢,
based on the group advantages of the responses.

We first derive the GDPO objective similar to DPO
(Rafailov et al. 2023). We retain rule-based advantage
weights and derive the optimal solution my from the re-
inforcement learning objective, following the prior works
(Schulman et al. 2017; Shao et al. 2024):

1 A;

To = Z(q)mef(yzlfJ) exp(— 5 r(a, i), (M
where Z(q) = 30, mrer(yilg) exp(4r(g,u:)) is the
partition function, which is 1ndependent from 7g. The
ground-truth reward can then be expressed as 7*

51 (e, B
X log m o Gn T A s Z(a)-

A;
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Based on the Bradley—Terry model p*(yi > y;)

exp(r(qe”;f’)(;ifii/&l @) (Bradley and Terry 1952), we fur-

ther extend this formulatlon to incorporate pairwise compar-
isons within each response group. Then, we can obtain the
following optimization loss:

B . me(yila)

L 0 —log ——~

GDPO( ) 121; (A ﬂref(yi|q)

B o (Yit1q)
— 1 zZ
At o8 Tref (Yiv1]q) ek (q))),

2
where f(Z(q)) = Blog Z(q )(— - —]) Based on rigorous

proof in the Appendix, we can ignore f(Z(q)) without dis-
turbing the convergence progress, which is irrelevant to 7g.

To further reduce the computation, we optimize the loss
to the nearby pairs chain, then the optimization objective can
be transferred as follows:

7o (Yilq
Eapprox (0 | )

7Tref (yz|Q)

o (yJ |q) )
7Tref (y] ‘q)
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A
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i
ﬁ

To determine how to choose GG to minimize the error of
the above calculation optimization, we derive the estimated
error of the gradient as follows:

Var(ig)
/ 2 adj

& < (Baty = Hag)) + —7 7 )
where fi,9; = E[o(AT;,41)] is the ideal expectation of

nearby pairs and the ,u;dj is the expectation of sampling G
responses. When G >= 10, the relative error of the gradient
is lower than 10% compared with G = 2. The corresponding
proof can be found in the Appendix.

Therefore, we offline generate G = 10 responses for each
question to ensure both efficiency and effectiveness. If all
responses are incorrect or unsafe, we use GPT-4o to recon-
struct the reasoning and answer based on the golden so-
Iution. To calculate the advantages A;, we adopt three re-
ward functions: accuracy, format, and length, with weights
of 1, 0.5, and 0.5, respectively, indicating that correctness
is prioritized. When all responses are correct, we prefer
shorter responses. To prevent long reasoning chains from
dominating the reward, we normalize the response length
within each group to calculate the reward as: Al 1 -

li—min({l1,l2,...,] ts
maw({ll,l27...,lG(}{)iWQLin({i}:l)g,.“,lg})' Additionally, we manu-
ally check each response to account for discrepancies in out-
put format that may not exactly match the standard answers,
ensuring the accuracy and quality of the training data.

To further support the feasibility of GDPO, we provide a
detailed proof showing that its derivation and optimization
process can approximate the loss of GRPO, along with a
comprehensive comparison to GRPO, DPO, and SFT.




Model | AIME24 AMC MATH500 GSMSK Olympiad Minerva | AVG | Overall AVG
Large Model
DeepSeek-R1-0528 ‘ 82.92 98.26 95.0 95.28 69.19 52.21 ‘ 82.15 ‘ 81.91
7/8B Models
Origin ‘ 72.71 95.16 93.8 95.10 64.89 53.31 ‘ 79.16 ‘ 78.98
Qwen3 LIMO 56.67 89.06 87.2 91.13 52.44 47.06 70.59 70.20
STAR-1 72.71 93.91 92.6 74.45 64.15 48.90 74.45 73.59
L+S 69.17 92.34 92.8 93.48 62.67 52.21 77.11 75.15
METAGDPO 76.047 94.69 94.01 95.227 64.30 56.257 80.0871 80.8671
Origin ‘ 56.46 88.44 86.2 89.69 48.74 4191 ‘ 68.57 ‘ 59.52
R1-Qwen LIMO 42.71 83.44 83.4 84.46 37.19 34.56 60.96 54.42
STAR-1 54.79 89.841 86.2 89.39 48.15 43.017 68.56 72.681
L+S 52.92 90.167 84.4 46.47 53.481 36.03 60.58 64.231
METAGDPO | 5354  89.53%  88.01 89.46 48.39 45221 | 69.021 60.141
Origin ‘ 43.75 86.72 79.2 77.94 41.33 31.25 ‘ 60.03 ‘ 55.37
R1-LLaMA LIMO 33.96 80.47 80.87 67.10 46.967 27.57 56.14 54.18
STAR-1 41.46 83.44 79.0 66.49 45.637 26.84 57.14 66.9671
L+S 51251 86.887 86471 61.11 5037t 34931 | 61.821 66.121
METAGDPO 43.54 89.531 79.2 76.88 41.487 29.78 60.071 59.391

Table 1: Evaluation results on mathematical benchmarks. The bold results denote the best results across different fine-tune
baselines. The uparrow denotes the result improved compared with the original model without finetuning. Overall AVG denotes
the overall performance of the models, deriving from the average score of all benchmarks.

4 Experimental Results

4.1 Experimental Settings

Datasets In this paper, we utilize mathematical reasoning,
commonsense reasoning and safety benchmarks to compre-
hensively analysis the performance on multiple application
perspectives:

e Mathematical reasoning: We first adopt various math-
ematical reasoning datasets to assess models’ reasoning
capabilities, including the American Invitational Math-
ematics Examination (AIME24) (MAA 2024), MATH-
500 (Hendrycks et al. 2021b), the American Mathe-
matics Competitions (AMC23), GSM8k (Cobbe et al.
2021), OlympiadBench (He et al. 2024), and Miverva
(Lewkowycz et al. 2022).

e General reasoning: Besides, we use MMLU
(Hendrycks et al. 2021a), Commonsense QA (Talmor et al.
2019), and GPQA (Rein et al. 2024) to reflect the non-
mathematical reasoning abilities of LRMs.

o Safety evaluation: We utilize three safety benchmarks
to reflect the safety level of models: TrustLLM(Sun et al.
2024), StrongReject(Souly et al. 2024), and WildJail-
break(Jiang et al. 2024). We utilize the LLaMA-GUARD-3-
8B (Inan et al. 2023) to judge the safety of the responses, and
report the safety ratio. High score denotes the model safer.

For the dataset lower than 50 questions (AIME24 and
AMC23), we adopt generating 16 samples with a tempera-
ture setting of 0.7 and calculating the unbiased pass @ I met-
ric as introduced in (Chen et al. 2021). To ensure the com-
parison fairness, we utilize the same sample parameters and
set the temperature as 0 to provide the evaluation results for
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other datasets. To analyze overall model performance, we
compute the average score to represent its overall capability.

Baselines To assess the generalizability across different
model architectures, we fine-tune five base models: Qwen3-
8B, DeepSeek-R1-Qwen-7B, and DeepSeek-R1-LLaMA-
8B. We also provide the analysis on Qwen2.5-Instruct-7B
and LLaMA3.1-Instruct-8B in the Appendix due to space
limitation. Furthermore, to investigate the influence of data
composition on training dynamics, we conduct comparative
experiments using LIMO, STAR-1, and their mixture (de-
noted as L+S for simplicity).

4.2 Results

Tables 1 and 2 report the performance of the teacher model
and 7B/8B-scale student models. The results demonstrate
that our proposed framework substantially preserves the
model’s original reasoning capabilities while achieving con-
sistent improvements in overall performance. Compared to
conventional fine-tuning on existing datasets, our method
improves relative gains of approximately 5-10% on over-
all performance. Besides, we observe that directly fine-
tuning on mathematically challenging datasets may induce
catastrophic forgetting on simpler tasks. For instance, train-
ing with L+S leads to a 40% performance degradation on
GSMSK for DeepSeek-R1-Qwen and over 50% on Qwen3.
In contrast, training with METAGDPO effectively mitigates
this degradation and better maintains generalization across
different task complexities. For all models, we can improve
the general abilities stably. While STAR-1 contributes sig-
nificantly to enhancing safety alignment, it adversely af-
fects the model’s general utility, often resulting in over-



TrustLLM Strong Wild
Model MMLU ~ CQA GPQA ‘ AVG Misuse Jailbreak Reject Jailbreak AVG
Large Model
DeepSeek-R1-0528 | 83.36 7970 8426 | 8244 | 9561  53.50 98.40  77.15 | 81.17
7/8B Models

Origin | 79.28 7789 59.09 | 72.09 | 9298  83.50 9489  64.12 | 83.87

Qwen3  LIMO 78.20 78.871 3434 | 63.80 | 8525  77.07 7732 5801 74.41
wen STAR-1 46.53 3038 4747 | 4146 | 999117 98211 100.01  87.421 96.391
L+S 55.73 2727 4293 | 4198 | 99.651 99.571 99.681  89.461 97.091
METAGDPO | 83.37t  84.117 62.121 | 76.791 | 92.89  84.79t 95.85%  64.12 84.411%

Origin | 53.85 6552 3586 | 5174 | 6586  55.84 3355 5176 | 51.75

Rl-Qwen MO 47.80 59.54  29.80 | 4571 | 5847 62211 35.141  48.69 51.13
STAR-1 54201 5831  37.881 | 50.13 | 99.301  99.681 98361  85.701 95.761

L+S 30.85 18.67 42421 | 30.65 | 99211  99.43t 99.047  81.861 94.891
METAGDPO | 55931  66.017 3434 | 52091 | 56.8%  66.57t 37.06t 5095 52.851

Origin | 60.47 7076 29.29 | 53.51 | 64.62 6693 4505  54.52 | 57.78

RlLLaMa LIMO 69.637 5127 2929 | 50.06 | 66.021  69.641 4281 5430 58.191
STAR-1 50.78 49.14  36.871 | 45.60 | 99397  99.681 99.687  92.081 97.71%

L+S 38.14 2039  39.391 | 32.64 | 99.657 98.641 99.681  92.761 97.681
METAGDPO | 66.88t  70.76  37.371 | 58.341 | 65.147  67.93% 49201  54.39 59.17%

Table 2: Evaluation results on general reasoning and safety benchmarks. The bold results denote the best results across different
fine-tune baselines. The uparrow denotes the result improved compared with the original model without finetuning.

conservative behaviors that compromise task completion
and practical usability.

Furthermore, we observe that SFT is more effective for
safety-oriented learning, while GDPO demonstrates supe-
rior performance on reasoning tasks. We hypothesize that
improvements in safety may require the model to partially
overwrite or forget certain prior harmful thoughts. In con-
trast, our GDPO framework is designed to leverage the
model’s initial knowledge, which is more closely related to
memory retention.

5 Analysis
5.1 Ablation Study

To locate the effect of advantages in training enhancement,
we remove the advantage weight to optimize the model,
which can be considered as expanded response pairs for each
prompt from DPO. The average results are 85.24, 69.99,
84.27, and 80.25 for math, general, safety, and overall, re-
spectively. We can find that even when removing the advan-
tages during preference learning, increasing the number of
responses can still benefit models’ performance.

5.2 Scaling Law Analysis

Group number impaction To investigate how the group
size impacts the training results, we experiment on G =
2,4,6,8,10 respectively. Figure 4 presents the results of
varying the group number. For G < 10, we preserve the best
response and randomly select the remaining responses. We
observe that as the group size increases, overall performance
improves. However, when G < 10, certain dimensions may
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Figure 4: The performance varies with the number of groups
and training data size.

slightly degrade, which is consistent with the proof in the
Appendix that small group sizes can lead to high training
variance.

Training Size Scaling In this section, we explore the im-
pact of the training data size on training effectiveness. We it-
erate the training number as G = [10, 100, 500, 1000, 5000].
Figure 4 illustrates how performance varies with data size.
We observe that using as few as 10 instances can still en-
hance the model’s overall performance. We speculate that
this improvement stems from the group-wise distribution of
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Figure 5: Comparison of model performance across different
training data compositions on Qwen3-8B.

responses, which encourages the model to better leverage
the potential embedded in its inherent knowledge.

5.3 Data Composition Analysis

To examine the influence of data composition, we train mod-
els using different datasets under the GDPO framework, in-
cluding LIMO, STAR-1, LIMO+STAR-1, METAKL-Math,
METAKL-General, and METAKL-Safety. Figure 5 presents
the average scores across various categories, with detailed
results provided in the Appendix.

We observe that training solely with LIMO slightly re-
duces the model’s mathematical reasoning ability, though
the degradation is less severe compared to SFT. In con-
trast, our METAKL-Math data significantly enhances math-
ematical reasoning, highlighting the importance of bounding
metacognitive learning with training data. While all train-
ing configurations improve overall performance, combining
LIMO and STAR-1 mitigates performance degradation dur-
ing GDPO training, suggesting that learning response distri-
butions helps retain general capabilities.

Consequently, our method supports multi-task fine-
tuning, even with single-task data. It preserves the model’s
inherent capabilities, making it possible to enhance perfor-
mance across multiple application domains.

5.4 Training Method Comparison

To intuitively compare the impact of different training meth-
ods on model performance, we take Qwen3-8B as the ex-
perimental subject to explore SFT, DPO, and GDPO, along
with their LoRA-augmented variants across mathematical
reasoning, commonsense reasoning, and safety benchmarks.
For DPO, we utilize the best responses as preferred re-
sponses while randomly choosing one as the rejected re-
sponse.

As shown in Figure 6, GDPO exhibits distinct advan-
tages over other training methods. Compared to SFT and
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Figure 6: The comparison between different training meth-
ods.

DPO, GDPO outperforms SFT by an average of nearly 17%
and 3%, respectively, denoting the superiority of learning
responses with a large group. In contrast, SFT excels in
safety tasks as its supervised training directly aligns with
safety-specific labels, while RLHF methods like DPO and
GDPO prioritize reasoning enhancement, temporarily sacri-
ficing some safety alignment during optimization.

Therefore, improving performance on general and safety
tasks is relatively easier than on mathematical tasks for
most methods, suggesting that catastrophic forgetting is
more likely to occur in mathematical reasoning. For weaker
training methods such as SFT and DPO, applying LoRA
proves effective in mitigating this forgetting. In contrast,
our method achieves superior performance through full-
parameter training.

6 Conclusion

In this paper, we address the catastrophic forgetting dur-
ing distillation of reasoning abilities from LLMs to smaller
models. We solve this issue by improving training data and
training methods. From the data perspective, we fully lever-
age the model’s inherent knowledge and minimize catas-
trophic forgetting. We filter and organize the data based on
the metacognitive skills required for each question. This en-
sures that the learning process remains well-aligned with
the model’s cognitive abilities and preserves previously
acquired knowledge. From the training side, we propose
GDPO, which efficiently utilizes the preference characters
in group responses of the teacher model, which approxi-
mates GRPO and is better adapted for distillation learning.
Experimental results demonstrate that our approach effec-
tively supports reasoning generalization while alleviating
catastrophic forgetting, providing a valuable resource and
experimental guidance for real-world applications of effi-
cient LLMs.
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