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Abstract

Improving training efficiency continues to be
one of the primary challenges in large-scale Re-
inforcement Learning (RL). In this paper, we in-
vestigate how context length and the complex-
ity of training data influence the scaling RL
training process of R1-distilled small reasoning
models, e.g., DeepSeek-R1-Distill-Qwen-1.5B.
Our experimental results reveal that: (1) simply
controlling the context length and curating the
training data based on the input prompt length
can effectively improve the training efficiency of
scaling RL, achieving better performance with
more concise CoT; (2) properly scaling the con-
text length helps mitigate entropy collapse; and
(3) choosing an optimal context length can im-
prove the efficiency of model training and incen-
tivize the model’s chain-of-thought reasoning
capabilities. Inspired by these insights, we pro-
pose FASTCURL, a curriculum RL framework
with stage-wise context scaling to achieve effi-
cient training and concise CoT reasoning. Ex-
periment results demonstrate that FASTCURL-
1.5B-V3 significantly outperforms state-of-the-
art reasoning models on five competition-level
benchmarks and achieves 49.6% accuracy on
AIME 2024. Furthermore, FASTCURL-1.5B-
Preview surpasses DeepScaleR-1.5B-Preview
on five benchmarks while only using a single
node with 8 GPUs and a total of 50% of train-
ing steps. The code, training data, and models
will be publicly released.

1 Introduction

Large Language Models (LLMs) have emerged as
immensely potent Al instruments, showcasing ex-
traordinary proficiency in comprehending natural
language and executing downstream tasks (Zhao
et al., 2023; Minaee et al., 2024; Chen et al., 2025).
Lately, test-time scaling (Snell et al., 2024; Muen-
nighoff et al., 2025) has demonstrated a robust cor-
relation between extending the generation length
of Chain-of-Thought (CoT) (Wei et al., 2023) and
improving the reasoning capabilities of LLMs.
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Figure 1: FastCuRL’s accuracy on AIME 2024 as train-
ing progresses across five training stages. Specifically,
S-5 indicates Stage 5 in the training process.

A primary finding from recent breakthroughs, ex-
emplified by DeepSeek-R1 (DeepSeek-Al, 2025),
reveals a scaling phenomenon in the training pro-
cess of Reinforcement Learning (RL). Inspired by
these findings, training LLMs through scaling RL
has recently emerged as a promising paradigm for
addressing complex reasoning tasks and many valu-
able research endeavours (Luo et al., 2025; Face,
2025; Hu et al., 2025; Zeng et al., 2025a; Liu et al.,
2025) have emerged to explore and replicate rea-
soning models akin to DeepSeek-R1 (for example,
starting from R1-distilled or pre-trained models)
by extending the generation length of CoT.

However, generating excessively long CoT re-
sponses significantly increases computational over-
head during model training and deployment. More-
over, recent studies (Yeo et al., 2025; Wu et al.,
2025; Team, 2025a; Luo et al., 2025) have identi-
fied an inherent overthinking phenomenon in rea-
soning models, which includes irrelevant details
and repetitive thinking patterns. This kind of infor-
mation leads to inefficient use of computational re-
sources and undermines reasoning accuracy, which
causes models to stray from valid logical pathways,
resulting in incorrect answers.

To this end, recent studies (Team, 2025a; Luo
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Figure 2: The training logs of DeepScaleR.

et al., 2025; Liu et al., 2025; Yu et al., 2025) fo-
cus on efficient reasoning for optimizing the model
to generate more concise solutions. Among them,
DeepScaleR (Luo et al., 2025) propose to itera-
tively increase the context length from 8K to 24K
to train the DEEPSEEK-R1-DISTILL-QWEN-1.5B
model toward more concise reasoning, outperform-
ing OpenAlI’s ol-preview (OpenAl, 2024). By ob-
serving the training logs' of DeepScaleR in Fig-
ure 2, we find two issues:

* When the context length is 8K, about 42%
of the model’s outputs are clipped, which re-
duces the model’s training efficiency.

* When the context length is 24K, the model’s
entropy collapses. Entropy reflects the explo-
ration capability of an LLM during training. A
rapid decrease in entropy might lead to prema-
ture convergence, preventing the model from
achieving the expected performance.

The prior work and the aforementioned issues
naturally motivate two research questions:

* Question 1: Does simultaneously controlling
the model’s context length and the complex-
ity of the training dataset help the training
process of Rl-like reasoning models?

* Question 2: What impact does setting differ-
ent context lengths have on the RL training
process of Rl-like reasoning models?

"https://github.com/agentica-project/rllm
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Figure 3: Prompt length distribution.

To this end, in this paper, we investigate how the
model’s context length and the complexity of the
training dataset influence the training process of
R1-like reasoning models. Motivated by our obser-
vations, we propose FASTCURL, a simple yet effi-
cient Curriculum Reinforcement Learning frame-
work with a stage-wise context scaling strategy to
improve the RL training efficiency and achieve con-
cise CoT reasoning for R1-like reasoning models.
Experimental results demonstrate that our model
FASTCURL-1.5B-V3 outperforms recent state-of-
the-art reasoning baselines across five competition-
level benchmarks, AIME 2024, AMC 2023, MATH
500, Minerva Math, and OlympiadBench. Fur-
thermore, our model FASTCURL-1.5B-Preview
surpasses DeepScaleR-1.5B-Preview on five bench-
marks and only uses 50% training steps on a single
node with 8 GPUs. We hope the findings presented
in this paper, the models we have released, and the
open-sourced code will benefit future research.

2 Methodology

In this section, we introduce our investigation into
how the model’s context length and the complexity
of training data influence the training process of
R1-like reasoning models. Specifically, our method
consists of two main components: (1) curating a
complexity-aware, mathematics-focused dataset,
and (2) implementing a resource-efficient reinforce-
ment learning algorithm. These two components
aim to balance a trade-off between achieving per-
formance improvements and addressing practical
limitations, such as reducing computational costs.

2.1 Complexity-Aware Data Curation

To ensure a fair comparison, we directly employ
the dataset from DeepScaleR as the training data.
The DeepScaleR dataset (Luo et al., 2025) consists
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Example Problem (Output Length=74706 characters): Ashley, Betty, Carlos, Dick, and Elgin went shopping. Each had a
whole number of dollars to spend, and together they had 56 dollars. The absolute difference between the amounts Ashley and
Betty had to spend was 19 dollars. The absolute difference between the amounts Betty and Carlos had was 7 dollars, between
Carlos and Dick was 5 dollars, between Dick and Elgin was 4 dollars, and between Elgin and Ashley was 11 dollars. How

many dollars did Elgin have?

Table 1: Example problem.

of 40,315 unique mathematics-specific problem-
answer pairs collected from AIME (1984-2023),
AMC (prior to 2023), Omni-MATH, and the Still
dataset (Balunovi¢ et al., 2025; Gao et al., 2024;
Min et al., 2024). The statistics of the DeepScaleR
dataset are shown in Figure 3.

As illustrated in Figure 2, over 42% of training
samples are clipped at the beginning of the train-
ing steps due to exceeding the maximum response
length. By observing and analyzing the clipped re-
sponses, we find that they mainly correspond to two
types of problems. The first type pertains to chal-
lenging problems requiring long CoT responses to
solve. The second involves questions laden with nu-
merous conditions, prompting the model to verify
each condition repeatedly during problem-solving,
e.g., the problem shown in Table 1. This repetitive
verification may result in redundant thinking pat-
terns, ultimately causing the reasoning responses
to be unduly long. Both situations may impact the
model’s training efficiency during the 8K context.

After observing the above phenomenon, we uti-
lize DEEPSEEK-R 1-DISTILL-QWEN-1.5B to infer
all the training data of DeepScaleR to obtain re-
sponses and analyze the response lengths, as shown
in Figure 4. Specifically, the given figure examines
the relationship between input length and output
length. Interestingly, we find a correlation between
the two-that is, the longer the input, the longer the
corresponding output. Based on this observation,
we assume a hypothesis that for complex reasoning
tasks, there exists a relationship between the com-
plexity of the problem prompt and the length of the
output response generated by the model when solv-
ing it. Generally, the more complex the problem,
the longer the output the model needs to produce to
arrive at a solution. Based on this hypothesis, we di-
rectly divide the original training dataset (referred
to as L2) into two training data subsets based on
the average input prompt length: one representing
a short CoT reasoning dataset (designated as L.1)
and the other constituting a long CoT reasoning
dataset (labeled as L.3). Finally, the average input
length of each dataset as shown in Table 2.
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Figure 4: Relationship between input prompt length and
output length of the training data. The output results are
obtained from DEEPSEEK-R1-DISTILL-QWEN-1.5B.

Datasets Average Input Prompt Length
L1 148.65
L2 247.24
L3 407.78

Table 2: Statistics of L1, L2, L3 datasets.

Next, we conduct experiments and analyses on
these three datasets under different context lengths
to observe and investigate the two questions raised
in the prior section. It is important to note that this
paper focuses on low-resource scenarios. There-
fore, during training, when using different datasets
at each stage, we train for only one epoch and uti-
lize a single node with 8 GPUs.

2.2 Reinforcement Learning Algorithm

To train our model efficiently, we adopt the Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), which is utilized in DeepSeek-Al (2025).
GRPO eliminates the necessity of maintaining a
critic model, which is usually comparable in size to
the policy model, by estimating baseline scores di-
rectly from group-level scores, significantly lower-
ing the computational overhead. For each problem
q, GRPO directly samples a group of G responses
{01,029, ...,0G} from the old policy my,_, and op-
timizes the trained policy mp by maximizing the
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Figure 5: The average output length clip ratio, output length, and reward during Stage 1 in RL training on L1, L2,
and L3 datasets. The curves shows the running average over a window size of 10.
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Similar to the prior work (DeepSeek-Al, 2025;
Luo et al., 2025), we leverage a rule-based reward
model composed of two distinct criteria designed to
balance answer correctness and clarity of structure
without relying on an LLM-based reward model.
To evaluate correctness objectively, we require the
trained model to present its final answer enclosed
within a \boxed{} format, assigning a binary score
of 1 for correct answers and O for incorrect ones.
To encourage structural clarity, the model must ex-
plicitly encapsulate its reasoning within tags, with
compliance being rewarded positively.

A=

2

3 Experiments

To investigate the research question described in
Section 1—namely, how the model’s context length
and the complexity of the training data influence
the RL training process of R1-like reasoning mod-
els—we designed a set of experiments under com-
putational resource constraints. We aim to analyze
the training behavior of small LLMs and find prac-
tical insights. These experiments are intended not

only to provide empirical evidence of performance
gains but also to offer clear and actionable guidance
for both future academic research and practical in-
dustry implementations.

3.1 Experimental Setup

In this work, we choose a 1.5B parameter model
DEEPSEEK-R1-DISTILL-QWEN-1.5B (DeepSeek-
Al 2025) as the base model. We utilize the AdamW
optimizer with a constant learning rate of 1 x 1076
for optimization. For rollout, we set the temper-
ature to 0.6 and sample 16 responses per prompt.
We do not utilize a system prompt; instead, we add
"Let’s think step by step and output the final an-
swer within \boxed{}." at the end of each problem.
Detailed parameters are shown in Figure 3.

3.2 Benchmarks

To comprehensively evaluate the performance, we
select five competition-level benchmarks: MATH
500 (Hendrycks et al., 2021), AIME 20242, AMC
20233, Minerva Math (Lewkowycz et al., 2022),
and OlympiadBench (He et al., 2024).

3.3 Baselines

In this paper, we conduct evaluations against 1.5B
and 7B parameter language models, which includes
DEEPSEEK-R1-DISTILL-QWEN-1.5B (DeepSeek-
Al, 2025), QWEN2.5-MATH-7B-Instruct (Yang
et al.,, 2024), DeepScaleR-1.5B-Preview (Luo
et al., 2025), QWEN2.5-7B-SimpleRL (Zeng et al.,
2025a), RSTAR-MATH-7B (Guan et al., 2025),
STILL-3-1.5B-Preview (Team, 2025b), and EURUS-
2-7B-PRIME (Cui et al., 2025).

2https://huggingface.co/datasets/AI—MO/
aimo-validation-aime

3https://huggingface.co/datasets/AI—MO/
aimo-validation-amc
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EXPERIMENTS  STAGES TRAINING DATA BATCH SIZE RoLLoUT « AVG.
INpUT  OuTPUT (K) (FOR ENTROPY) (FOR KL)
Exp-1 3 1K 81624 L1, 12, L3 128, 64, 64 0.550
EXP-2 3 1K 81624 L1, L3, L2 128, 64, 64 8.8,8 0.001 0.001 0.540
Exp-3 3 1K 81624 L1, 12, L2 128, 64, 64 0552
Expr-4 4 IK 8, 16,24, 32 L1,L2, L3, L2 128, 64, 64, 64 0.566
EXP-5 4 IK 8162424 LI, L2,L3,L2 128,64,64,64 88816  0.001 0.001 0.563
EXP-6 4 IK 8162416 LI, L2, L3 L2 128, 64, 64, 64 0575
ExXP-7 5 1K 8,16,24,16,24 LI, L2, L3, L2, L2 128,64, 64,64, 64 0556
ExXP-8 5 IK  816,24,16,16 LI, L2, L3, L2, L2 128, 64,64,64,64 888 16,16 0.001 0.001 0.567
EXP-9 5 1K 816,24,168 LI, L2, L3, L2, L2 128, 64,64, 64,64 0535
Exp-10 5 1K 8,16,24,16,16 LI1,L2,L3,L2, L2 128,64,64,64,64 838,8,16,16 0.000001 0.000 0.600
Exp-11 5 1K 816,24,16,16 LI1,L2,L3,L2, L2 128,64,64,64,64 838 8,16,16 0.000 0.000 0.616
Table 3: Experimental setups combining different context lengths and data complexities.
3.4 Evaluation Metric oao]  S1 s-2 s-3 s-4
Following the prior work (DeepSeek-Al, 2025), we
. 0.35
set the maximum context length to 32,768 tokens
and use PASS @1 as the evaluation metric. Specif- 030
ically, we adopt a sampling temperature of 0.6 5
0.25
and a top-p value of 1.0 to generate k responses
for each question, typically k = 16. Specifically, 020
PASS@1 is then calculated as:
0 100 200 300 400 500 600 700 800
1 k Training Steps
Pass@1 = % E Di, 3)
i=1

where p; is the correctness of the ¢-th response.

3.5 Main Processes and Results

In this section, we first validate the effectiveness of
the complexity-aware data curation strategy. Then,
we design a series of progressive experiments with
varying context lengths and data complexities and
analyze the experimental results.

3.5.1 Dataset Complexity Verification

To validate the effectiveness of complexity-aware
data curation, we train three models with the same
setting on L1, L2, and L3 under the 8K context
length as seen from Figure 5, whether the exper-
iment results meet expectations in clipping ratio,
response length, and reward scores. These experi-
mental results support our hypothesis that the more
complex the problem, the longer the output the
model needs to produce to arrive at a solution.

3.5.2 Multi-Stage Experimental Results

We conduct three sets of multi-stage experiments,
with specific parameter settings shown in Table
3. These experiments include ones with 3, 4, and
5 training stages, respectively. The experimental
results are presented in Table 3.

Figure 6: Entropy curves of FASTCURL-1.5B-Preview
as training progresses across four training stages. Specif-
ically, S-4 indicates Stage 4 in the training. The curve
shows the running average over a window size of 10.

For the first set of experiments, Exp-3 achieves
better performance compared to Exp-1, but it re-
quired more training steps (Exp-3 is trained based
on the L2 dataset twice). Therefore, by comparing
the differences in effectiveness and the computa-
tional cost in terms of training steps, we select
Exp-1 as the output of the first stage and adopt it
as the base model for the second stage.

In the first set of experiments, we observe that
the average response length in its final stage is
between 6,000 and 7,000 tokens. Therefore, we test
context lengths that are longer, shorter, and equal
to the 24K context length. As shown in Table 3,
setting the context length to 16K yielded the best
performance, rather than longer contexts of 24K or
32K tokens. Therefore, we select Exp-6 as the base
model for the third stage.

Inspired by the second set of experiments, we
conduct a third set in which we set the context
lengths to 24K, 16K, and 8 K. As shown in Table 3,
the 16K context still achieves the best performance,



Model

MATH 500 AIME 2024 AMC 2023 Minerva Math OlympiadBench Avg.

QWEN2.5-MATH-7B-Instruct 79.8 13.3 50.6 34.6 40.7 43.8
RSTAR-MATH-7B 78.4 26.7 47.5 - 47.1 -

EURUS-2-7B-PRIME 79.2 26.7 57.8 38.6 42.1 489
QWEN2.5-7B-SimpleRL 82.4 26.7 62.5 39.7 43.3 50.9
DEEPSEEK-R1-DISTILL-QWEN-1.5B 82.8 28.8 62.9 26.5 43.3 48.9
STILL-3-1.5B-Preview 84.4 32.5 66.7 29.0 454 51.6
DEEPSCALER-1.5B-Preview 87.8 43.1 73.6 30.2 50.0 57.0
FASTCURL-1.5B-Preview 88.0 43.1 74.2 31.6 50.4 57.5
FASTCURL-1.5B-V2 89.3 47.5 77.0 32.8 53.3 60.0
FASTCURL-1.5B-V3 90.5 49.6 78.5 34.7 54.5 61.6

Table 4: PASS @ 1 accuracy is reported, averaged over 16 samples for each problem.  indicates results obtained by
re-evaluating using the checkpoints provided by the corresponding work.

Training Stages ~ Number of GPUs Used in Each Stage

Model Training Steps
DEEPSCALER-1.5B-Preview ~ 1,750
FASTCURL-1.5B-Preview (Exp-6)  ~ 860
FASTCURL-1.5B-V2 (Exp-10) ~ 1,710
FASTCURL-1.5B-V3 (Exp-11) ~ 2,620

3
4 8,8,8,8
5
5

Table 5: Training Details. To ensure consistency in counting training steps, we standardized the batch size to 128.
This means that two steps with a batch size of 64 are considered equivalent to one step with a batch size of 128.

but there is virtually no difference compared to the
fourth stage. Analyzing this phenomenon, we find
that during progressive context extension training,
the model’s output length is initially constrained by
the short context in the first stage. This constraint
compresses the length of the thoughts but improves
their quality. As the context increases in the sec-
ond and third stages, the model begins to explore
problems that require longer thought. However,
this extension also introduces repetitive thought
patterns. These repetitive patterns do not enhance
the model’s reasoning capabilities; on the contrary,
they may decrease the model’s exploratory effi-
ciency, especially when the context length becomes
excessively long. Therefore, further compressing
the context length (as in the fourth stage) is neces-
sary to improve the quality of the chain-of-thought
and enhance the model’s exploratory efficiency.

In the third set of experiments, we find that nei-
ther increasing nor decreasing the context length
is as effective as maintaining the context length at
16K. Does this phenomenon suggest that there is a
"sweet spot" for context length in R1-like models,
and that for the DEEPSEEK-R1-DISTILL-QWEN-
1.5B, 16K is the optimal sweet spot? Or is it that
16K is closer to the sweet spot compared to 24K
and 8K? Based on this question, we conduct a se-
ries of experiments where we train the model with
different context lengths and set the entropy coeffi-

Entropy Loss
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Figure 7: Entropy curves of different context lengths.

cient equal to 1 x 1076 to observe the changes in the
entropy. As shown in Figure 7, we find that when
the context lengths are 4K, 8K, and 12K, the en-
tropy rapidly decreases to a small value, indicating
that the model has lost its exploratory capability. In-
terestingly, when the context lengths are 16K, 20K,
and 24K, the entropy stabilizes at a fixed value and
does not decrease rapidly.

Inspired by the above findings, we continue to
train FASTCURL-1.5B-Preview under a 16K con-
text and adjust the coefficients of KL and Entropy
(Table 3). Results in Table 4 show that after being
incentivized in the prior stages, the performance of
FASTCURL-1.5B-V3 gradually increases in Stage
5 and achieves an accuracy of 49.6% on AIME
2024, supporting the above raised question.
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Figure 9: Performance comparison of training with and without Entropy loss at 8k context length.

3.5.3

Table 4 present the overall PASS @ 1 performance
of QWEN2.5-MATH-7B-Instruct, DEEPSEEK-R1-
DISTILL-QWEN-1.5B, STILL-1.5B, QWENZ2.5-
7B-SimpleRL, RSTAR-MATH-7B, EURUS-2-7B-
PRIME, and DEEPSCALER-1.5B-Preview. Specif-
ically, our models achieve the best overall perfor-
mance on five competition-level benchmarks.

Meanwhile, FASTCURL-1.5B-Preview has bet-
ter generalization on the AMC 2023 and Minerva
Math test sets than the baseline DEEPSCALER-
1.5B-Preview. Furthermore, as shown in Table 5,
compared with the baseline DEEPSCALER-1.5B-
Preview, we only use 50% of the training steps dur-
ing training and only one node with 8 GPUs, saving
more than half of the training resources. Moreover,
our model can achieve better results when using
the same or more training steps.

Overall Comparison Results

3.5.4 The Effectiveness of KL and Entropy

The KL penalty and entropy loss are very important
in RL training. Therefore, we conduct simple ab-
lation experiments on the KL penalty and entropy
loss. As presented in Figure 8, we find that when
training the DEEPSEEK-R1-DISTILL-QWEN-1.5B
model without the KL penalty, even when the av-
erage output length was compressed to between
3500-4000 tokens, the model’s output length does
not show a significant increasing trend. From the

results in Figure 9, we can see that removing the
entropy loss caused the model’s output length to
decrease significantly around step 800. In Figure 8
and Figure 9, the blue lines represent the original
experimental setup, but these are results from two
different experiments. This paper primarily focuses
on exploring the impact of context length and data
complexity on the training process. Therefore, we
do not provide an extensive analysis of the effects
of the KL penalty and entropy loss.

3.5.5 Analyzing Generated Responses

Table 6 presents comparative statistics on the re-
sponse characteristics of DEEPSEEK-R1-DISTILL-
QWEN-1.5B and FASTCURL-1.5B-Preview. The
results focus on two key metrics: average output
length and frequency of the term "wait"/"Wait" in
responses. The DEEPSEEK-R1-DISTILL-QWEN-
1.5B produces significantly longer responses over-
all (50.5% longer than FASTCURL-1.5B-Preview.
Interestingly, both models show a pattern where
incorrect responses tend to be substantially longer
than correct ones. The frequency of "wait"/"Wait"
terms is indicative of reflection behaviors in the R1-
like reasoning models. DEEPSEEK-R 1-DISTILL-
QWEN-1.5B uses these terms approximately 36%
more frequently than FASTCURL-1.5B-Preview
overall. Similarly, both models show significantly
higher usage of these terms in incorrect responses
compared to correct ones.
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# Average Output Length
CORRECT

# Average Frequency of "Wait" and "wait"

INCORRECT TOTAL CORRECT INCORRECT

DEEPSEEK-R1-DISTILL-QWEN-1.5B
FASTCURL-1.5B-Preview

43176
28681

21859
18970

52629
36044

109
80

49
48

138
104

Table 6: Statistics of the responses of DEEPSEEK-R1-DISTILL-QWEN-1.5B and FASTCURL-1.5B-Preview.
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Figure 10: Comparison of average response length (character-level) between correct and incorrect answers. Green
bars represent correct answers, while red bars represent incorrect answers. Each problem’s analysis is based on 16
samples. A few problems have no green bars, indicating no correct answers are provided for those problems.

Figure 10 compares DEEPSEEK-R 1-DISTILL-
QWEN-1.5B and FASTCURL-1.5B-Preview on the
AIME 2024, measuring the average response length
between correct and incorrect answers at the prob-
lem level to observe and analyse whether the long
incorrect response is related to the difficulty of the
problem. Across both models, incorrect answers
(red bars) almost universally have greater average
response lengths than correct answers (green bars).
This suggests that models tend to generate more
verbose content when producing incorrect answers,
potentially reflecting "over-explanation” or "ver-
bose reasoning" when the model is uncertain.

4 Related Work

Advancements in RL methodologies have consider-
ably enhanced the reasoning capabilities of LLMs.
A pivotal development in this domain is OpenAl’s
ol (OpenAl, 2024), which employs RL training to
promote the development of long CoT reasoning in
LLMs. This approach has significantly enhanced
performance on complex mathematical and pro-
gramming benchmarks. Building upon this founda-
tion, DeepSeek-R1 (DeepSeek-Al, 2025) demon-
strates that pure RL post-training via Group Rein-
forcement Policy Optimization (GRPO), without
needing supervised pre-training, can directly per-

form robust CoT reasoning capabilities. Notably,
this method not only achieves performance com-
petitive with ol but also exhibits emergent behav-
iors such as self-verification and multi-step plan-
ning. Building on these advancements, the research
community has been collectively working to study
and apply DeepSeek-R1 ‘s methodology to enhance
the reasoning capabilities of various sizes of lan-
guage models, yielding remarkable progress, such
as (Face, 2025; Luo et al., 2025; Zeng et al., 2025b;
Liu et al., 2025; Yu et al., 2025).

5 Conclusion

We investigate how the model’s context length and
the complexity of the training dataset influence the
training process of R1-like reasoning models. Mo-
tivated by our findings, we propose FASTCURL,
a simple yet effective curriculum reinforcement
learning framework incorporating a stage-wise con-
text scaling strategy. This framework is designed to
accelerate the training efficiency and improve the
model’s long CoT reasoning capabilities. Experi-
mental results demonstrate that FASTCURL-1.5B-
Preview achieves better performance and reduces
computational resource consumption by more than
50%, with all training phases efficiently executed
using a single node with 8 GPUs.



6 Limitations

Due to limited resources, this paper verifies the
effectiveness of the proposed method, FastCuRL,
only on a 1.5B language model. Generally, validat-
ing its effectiveness on models of varying sizes is a
worthwhile direction for future research. Further-
more, in this paper, we investigate the influence of
using complexity-aware training data by employing
the simplest separation method to validate the effi-
cacy of separating the training data by complexity,
and achieves significant results. If more sophisti-
cated separation methods were adopted, achieving
even more promising results might be possible.

Training over multiple stages, rather than in a
single training stage, involves more than changes
in parameters like context length; it also fundamen-
tally alters the reference policy. In a multi-stage
training strategy, the KL. penalty imposed by the
reference policy on the model is gradually relaxed,
which allows the trained model to explore a broader
range of solutions. Delving into dynamic control
of context lengths or implementing a dynamic KL
penalty may be valuable directions.
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