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Abstract

The low sampling efficiency during the rollout phase poses
a significant challenge to scaling reinforcement learning for
large language model reasoning. Existing methods attempt to
improve efficiency by scheduling problems based on problem
difficulties. However, these approaches suffer from unstable
and biased estimations of problem difficulty and fail to cap-
ture the alignment between model competence and problem
difficulty in RL training, leading to suboptimal performance.
To address these challenges, we introduce Competence-
Difficulty Alignment Sampling (CDAS). This approach al-
lows for accurate and stable estimation of problem difficulties
by aggregating historical performance discrepancies across
problems. Subsequently, model competence is quantified to
adaptively select problems whose difficulties align with the
model’s current competence using a fixed-point system. Ex-
tensive experiments in mathematical RL training show that
CDAS consistently outperforms strong baselines, achieving
the highest average accuracy of 45.89%. Furthermore, CDAS
reduces the training step time overhead by 57.06% com-
pared to the widely-used Dynamic Sampling strategy, verify-
ing the efficiency of CDAS. Additional experiments on differ-
ent tasks, model architectures, and model sizes demonstrate
the generalization capability of CDAS.

Code — https://github.com/DeyangKong/CDAS

Introduction

Advanced large language models (LLMs) exemplified by
DeepSeek-R1 (Guo et al. 2025) and OpenAI O1 (Jaech et al.
2024) demonstrate remarkable performance in challenging
tasks like mathematics. As a core technology in their re-
ports, the Reinforcement Learning (RL) algorithm, such as
Proximal Policy Optimization (Schulman et al. 2017) (PPO)
and Group Relative Policy Optimization (Shao et al. 2024)
(GRPO), is employed to amplify the reasoning capabilities
of the models. It works by utilizing a verifier as the re-
ward model to guide the generation of high-quality reason-
ing chains without the need for data annotation. Despite the
promise, the RL training is costly and hard to scale, par-
ticularly due to its low sample efficiency during the rollout
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phase. Recent studies (Yu et al. 2025; Zeng et al. 2025; Bae
et al. 2025) indicate that sampling overly difficult problems
often results in no correct chains, while sampling overly sim-
ple problems contributes little to model capabilities, leading
to computational waste. Consequently, a host of efforts are
devoted to exploring sampling strategies for more efficient
and stable RL training.

Existing strategies draw inspiration from Curriculum
Learning (CL) (Bengio et al. 2009; Narvekar et al. 2020),
scheduling data based on problem difficulty to enhance
training stability and efficiency. Curriculum Sampling Strat-
egy (Team et al. 2025) relies on prior difficulty labels, which
are excessively offline, neglecting the inherent capabilities
of the model. Dynamic Sampling used by DAPO (Yu et al.
2025) demonstrates promising results by oversampling and
filtering out problems with the pass rate equal to 1 and O,
which incurs substantial rollout overhead and compromises
the training efficiency. Prioritized Sampling Strategy used
by Kimi k1.5 (Team et al. 2025) records the latest pass rate
of each problem during training and adaptively assigns a
higher sampling probability to those with lower pass rates.
Overall, the pass rate has been widely adopted as a proxy for
modeling problem difficulty.
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Figure 1: Pass rate variations of two problems in plain
GRPO on Qwen2.5-7B using MATH dataset.

However, these strategies tend to be suboptimal due to
two main issues: (1) Unstable and Biased Estimations of
Problem Difficulty Using Single-Step Pass Rate. As our
experiment of training Qwen2.5-7B (Yang et al. 2024) with
MATH dataset (Hendrycks et al. 2021b) shows (Figure 1),



the pass rate of individual problems exhibits considerable
fluctuations throughout the training process, leading to un-
stable estimations of problem difficulty, consistent with sev-
eral prior works (Zheng et al. 2023; Peng et al. 2023). More-
over, focusing solely on the final pass rate can introduce a
difficulty bias. For instance, the pass rate of problem 2 at
step 5 happens to surpass that of problem 1, despite their
distinct trajectories and difficulty levels. This demonstrates
that the pass rate at a single step fails to capture the true com-
plexity and learning dynamics associated with each prob-
lem. (2) Failing to Appropriately Capture the Alignment
between Model Competence and Problem Difficulty. A
common strategy, such as in curriculum sampling and pri-
oritized sampling, is to assign higher sampling probabilities
to more difficult problems with lower pass rates. A practi-
cal consequence is that overemphasizing difficult samples
often leads to the selection of many zero-gradient problems
with a pass rate of 0 in GRPO training, limiting the train-
ing efficiency (Le et al. 2025). However, a more appropriate
approach, as advocated in the curriculum learning (Bengio
et al. 2009; Narvekar et al. 2020), is to prioritize problems
that are more aligned with the current level of competency
of the model for a more efficient and effective training.

To address the issues above, we propose Competence-
Difficulty Alignment Sampling (CDAS) for RL training, dy-
namically sampling problems whose difficulty matches the
model competence at the step level. The core intuition be-
hind CDAS is twofold: (1) instead of relying solely on the
pass rate at a single step, an accumulative estimation that
incorporates historical information tends to yield a more
stable assessment of problem difficulty; and (2) explicitly
modeling model competence to measure its alignment with
problem difficulty, thereby enabling more effective sampling
decisions. To realize these intuitions, we explicitly define
two core concepts: Model Competence and Problem Dif-
ficulty. We then introduce Competence-Difficulty Align-
ment to quantify the gap between them, enabling us to sam-
ple problems that are optimally matched to the model’s cur-
rent learning stage. To ensure this difficulty estimation is sta-
ble and robust against single-step fluctuations, we aggregate
the problem’s historical performance over time. When in-
tegrated into the dynamics of RL training, this entire frame-
work is formulated as a fixed-point system, which is theo-
retically guaranteed to converge, ensuring a stable and prin-
cipled training process.

To validate the effectiveness of CDAS, we conduct math-
ematical reinforcement learning on Qwen2.5-7B (Yang et al.
2024) with GRPO, the most widely-used RL algorithm, and
compare with extensive sampling strategies. The main find-
ings are as follows: (1) Superior Performance and Ef-
ficiency: Results across six comprehensive mathematical
reasoning benchmarks show that CDAS consistently out-
performs powerful baselines, achieving the highest average
accuracy of 45.89%. Compared to Dynamic Sampling, a
highly competitive baseline, CDAS reduces the training step
time overhead by 57.06% (see Figure 2(b)), verifying the
efficiency of CDAS. (2) Efficient Sampling Mechanism:
In-depth analysis indicates that CDAS successfully sam-
ples more problems that align with the model’s competence,
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Figure 2: Performance comparison of CDAS against base-
lines. CDAS achieves the best performance while demon-
strating significant efficiency advantages compared to the
strong Dynamic Sampling baseline.

reducing the proportion of zero-gradient problems, signifi-
cantly less than other sampling strategies. (3) Proven Gen-
eralization and Scalability: Additional experiments on dif-
ferent tasks (i.e., code generation), model architectures (i.e.,
LLaMa), and model sizes (i.e., Qwen2.5-14B) demonstrate
the generalization capability of CDAS.

The contributions of this paper can be summarized as fol-
lows:

* We identify and analyze the limitations of existing sam-
pling strategies from a new perspective, highlighting the
importance of stable difficulty estimation and dynamic
competence-difficulty alignment in RL training.

* We introduce Competence-Difficulty  Alignment
Sampling (CDAS), adaptively selecting problems that
match the model competence, which is grounded in a
theoretically guaranteed fixed-point system. Extensive
experiments validate its effectiveness and efficiency.

Preliminary

Group Relative Policy Optimization GRPO utilizes group-
based advantage without a value model, thereby reducing
computational overhead. Formally, given a problem z, the



correct answer y, and a group of sampled responses {#; }$
with their corresponding rewards {r;}$ ,, GRPO calculates
the advantage by normalizing the rewards within each group.
The original GRPO objective employs a sample-level loss
calculation which potentially introduces length biases (Yu
et al. 2025; Liu et al. 2025; Chu et al. 2025), so we utilize a
token-level policy gradient loss as our objective function:
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Rule-Based Reward The use of reward model usually leads
to reward hacking problem (Gao, Schulman, and Hilton
2023; Weng 2024), so we use a rule-based reward function.
The reward is computed using the following rule:

N

Notably, we do not employ a format reward. Prior re-
search indicates that strict format constraints may limit the
upper bound of model performance (Zeng et al. 2025; Singh
et al. 2023; Wang et al. 2024). Therefore, we directly use the
final accuracy as the reward.

1 is_equivalent(y, )
0 otherwise

(Y, 9 “

Competence-Difficulty Alignment Sampling

In this section, we introduce the Competence-Difficulty
Alignment Sampling (CDAS) framework. We first moti-
vate the need for a dynamic and stable difficulty metric,
then define model Competence, problem Difficulty, and their
Alignment. Finally, we present the alignment-based sam-
pling strategy and its convergence properties.

Rethinking Problem Difficulty: The Need for
Relativity and Stability

The efficacy of advanced sampling strategies hinges on their
ability to assess problem difficulty accurately. We argue that
existing methods are limited by their failure to account for
two aspects: the relativity and stability of difficulty.

The Relativity of Difficulty. Static curriculum learning
strategies rely on a fixed, absolute measure of difficulty (e.g.,
predefined labels). However, problem difficulty is not an in-
trinsic constant; it is inherently relative to the competence
of the model attempting to solve it. A problem that is chal-
lenging early in training may become trivial as the model
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Figure 3: Pass Rate vs Step.

improves, so a meaningful difficulty metric must dynami-
cally reflect the evolving relationship between the model’s
capability and the problem’s complexity.

The Stability of Difficulty. Using the instantaneous pass
rate as a difficulty proxy introduces high variance. As shown
in Figure 3, pass rates fluctuate significantly despite an over-
all upward trend, making single-step observations noisy and
unreliable. To achieve a more reliable estimation, it is nec-
essary to aggregate the problem’s historical performance,
smoothing out short-term noise to better capture the true
learning trend.

These limitations often lead to misalignment between
model competence and problem difficulty, leading to overly
hard or easy samples that yield zero-gradient updates. Moti-
vated by this, we propose a sampling method based on two
core concepts: model Competence and problem Difficulty.

Quantifying the Core Concepts: Competence,
Difficulty, and Alignment

To realize our vision of a dynamic and stable sampling
method, we introduce three interconnected concepts to en-
sure a clear logical foundation.
Step 1: Defining Model Competence (C') We define the
model’s competence C,, as a measure of its overall ability to
solve problems at the training step n. Formally, competence
is the negative mean of problem difficulty across the dataset
D:

Cn = ~Eqsep[Dn()] 5)

where D,,(x) is the difficulty of problem z, which we will
precisely define next. The negative sign indicates that as the
average problem difficulty decreases (i.e., the model solves
them more effectively), the model’s competence score C),
correspondingly increases.
Step 2: Defining Problem Difficulty (D) With the macro-
level concept of competence established, we can now define
the difficulty of an individual problem. We distinguish be-
tween a problem’s volatile instantaneous difficulty (d) at a
single step and its much more robust stable difficulty (D),
which is informed by its history.

A problem’s instantaneous difficulty, d,,(z), at step n is
defined as the gap between the model’s expected perfor-
mance and its actual performance.



e Actual Performance is measured by the model’s pass
rate on problem x at step n, denoted as s, (z).

« Expected Performance, Py, (), models the probabil-
ity with which we anticipate the model will solve the
problem. This expectation should naturally depend on the
gap between the model’s prior competence, C,,_1, and
the problem’s established difficulty, D, _1(x). A natu-
ral and widely used way to capture this dependency is
through a Sigmoid transformation:

Pu (2) = 0(Cp_y — Dp_y () (6)

The Sigmoid function smoothly maps the real-valued
competence—difficulty gap to a probability in [0, 1], a for-
mulation also widely adopted in ability—difficulty model-
ing such as Item Response Theory and ELO rating sys-
tems (Baker 2001; Lord and Novick 2008). If compe-
tence far exceeds difficulty (C' > D), the expected prob-
ability of success approaches 1. Conversely, if a problem
is far too difficult for the model’s competence (C' < D),
the probability approaches 0. When competence and dif-
ficulty are balanced (C' =~ D), the outcome is most un-
certain, with a success probability of 0.5.

The instantaneous difficulty d,,(z) is thus the difference
between these two quantities:

dn(x) - J(Cnfl - anl(x)) - Sn(‘r) (7)
——"

Actual Performance

Expected Performance

If d,,(z) > 0, the model underperformed relative to expec-
tations, implying the problem was harder than anticipated at
this step. If d,,(z) < 0, the model overperformed, suggest-
ing the problem was easier.

Finally, to achieve the desired stability, we define a prob-
lem’s stable difficulty, Dy, (x;), as the centroid of its histor-
ical instantaneous difficulties, which smooths out noise over
time. In practice, this is computed efficiently via an incre-
mental update each time a problem x; is sampled (for the
t;-th time):

t:—1
Dtj('rj) =

Dyra) b () @)
i 2

Step 3: Quantifying Competence-Difficulty Alignment
(A) With definitions for both competence (C') and difficulty
(D), we can now naturally quantify their alignment for any
given problem. We define the alignment, A, as the absolute
difference between the model’s competence and the prob-
lem’s difficulty:

-A(-raMn) = ‘On—l - Dn—l(x)| (9)

This alignment value, A, measures how closely a problem’s
difficulty matches the model’s current learning frontier. A
low A value indicates that a problem is well-matched to the
model’s present capabilities, making it a prime candidate for
efficient and effective training.

Alignment-based Sampling and Training

Symmetric Sampling Strategy A naive approach to lever-
age our alignment metric might be to simply sample prob-
lems with the lowest absolute value of A(x, M,,). However,

Algorithm 1: Competence-Difficulty Alignment Sampling
in GRPO
Input: Training set {(z1,y1), (z2,y2), - - ., (Tn,yn)}, Model My
Parameter: Total steps K, batch size | B|
Output: Updated model Mg
1: Initialize Co = 0,t; = 0, Dy, (z;) =0forj =1,2,..., N
2: forn =1to K do

3: forj=1to N do

4. A(l’j,Mn_l) < |Cn_1 —DtJ(ZII)|

5:  end for

6: Sample B= B~ UB" basedon.A  // GRPO Rollout

7. for (z;,y;) in B do

8: Compute pass rate sy (z;)

9: Compute rewards r for each sampled response

10: tj < tj =+ 1

11: Dy, (x;) + = Diyoaly) + & - (0(Coor —
Dy;—1(z;)) — sn(z;))

12:  end for

13: Oy < —Ey[Dy, ()]

14:  Update policy model M, 11 by maximizing GRPO objec-
tive

15: end for

16: return My

this could cause the sampling distribution to become overly
biased. To foster a more balanced and robust training dy-
namic, we introduce a Symmetric Sampling Strategy. At
each training step, we partition the entire problem set into
two groups based on their relationship to the model’s cur-
rent competence:

e The Slightly Harder Group (B): Problems for which
the difficulty is greater than the model’s competence
(Dp—1(x) > Cy,_1). These are problems that currently
lie just beyond the model’s ability.

* The Slightly Easier Group (B~): Problems for which
the difficulty is less than or equal to the model’s compe-
tence (D,,—1(2) < Cp—1). These are problems that are
within the model’s current grasp.

We then construct the training batch B by selecting the
|B|/2 problems with the lowest alignment value A from
each group, forming the final batch B = B~ U B™*. This
balanced approach prevents the sampling process from be-
ing biased towards only one side. Further study of Symmet-
ric Sampling Strategy is provided in Appendix.

CDAS in Reinforcement Learning: A Stable Fixed-
Point System We integrate CDAS framework into the
GRPO training loop, as detailed in Algorithm 1. We set the
initial difficulty Dg(x) for all problems and the initial model
competence Cj to 0, signifying no prior system knowledge.

Notably, the dynamic and interdependent update process,
where competence and difficulty co-evolve, can be rigor-
ously analyzed as a Fixed-Point System. As training pro-
gresses and the model’s parameters converge, we expect
the system to reach a stable equilibrium state (C*, D*, S*),
which satisfies the following conditions:

{D*(:E) =o(C* — D*(x)) — S*(z), Yx € D

C" = E.[D" ()] o



Since the Sigmoid function is a contraction mapping, we can
theoretically prove that this system is guaranteed to con-
verge to a unique solution (proof provided in Appendix).
The physical meaning of this equilibrium state provides im-
portant insight into the model’s final capabilities:

» Converged Pass Rate (S*(x)): Represents the stable,
expected probability of solving problem x once the sys-
tem stabilizes.

Converged Difficulty (D*(x)): Measures the gap be-
tween problem complexity and model capability. Posi-
tive values denote unsolved challenges; negative values
denote mastery.

Converged Competence (C*): Represents the model’s
final, overall capability ceiling on the given task, aver-
aged across all problems.

Experiments
Experimental Setup

Dataset Following Zeng et al. (2025), we utilize the MATH
dataset (Hendrycks et al. 2021b) for RL training, including
7,500 training samples and 4,500 test samples. We reserve
its MATHS500 subset as the validation set for RL training.
Baselines We compare CDAS against a range of power-
ful baselines: (1) Random Sampling, which directly sam-
ples the problem randomly from the training dataset and can
be viewed as plain GRPO training. (2) Curriculum Sam-
pling (Team et al. 2025), which uniformly samples easy
problems first, then turns to harder ones. Here, we use the
difficulty level tags included in the MATH dataset, ranging
from 1 to 5, and conduct training from the middle check-
point in Random Sampling on problems with difficulty level
> 4. (3) Prioritized Sampling, which is adopted in Kimi
k1.5 (Team et al. 2025) that tracks the pass rate s of each
problem and then samples problems based on 1 — s.(4) Dy-
namic Sampling, adopted in DAPO (Yu et al. 2025), which
over-samples and filters out problems with the pass rate
equal to 1 or 0.

Training Details We experiment with GRPO, the most
widely-used algorithm for LLM RL training, on Qwen2.5-
7B (Yang et al. 2024) using the veRL framework (Sheng
et al. 2024). Following the training recipe in SimpleRL-
Zoo (Zeng et al. 2025), we set the batch size |B| = 1024,
generating 8 rollouts for each problem with temperature 1.0
and maximum response tokens 4096. Refer to Appendix for
more training details.

Considering the stability of our iterative system, we adopt
a warm-up strategy in CDAS. For the duration of the first
training epoch, we sample problems uniformly at random.
This ensures every problem is sampled at least once, allow-
ing us to establish a robust initial value for each problem’s
difficulty. By doing so, we directly mitigate the risk of am-
plifying dataset biases before the main adaptive sampling
phase begins. Further analysis is available in Appendix.

Evaluation For a comprehensive evaluation, we se-
lect 6 mathematical reasoning tasks, including AIME
24&25, MATHS00 (Hendrycks et al. 2021b), Minerva
Math (Lewkowycz et al. 2022), Olympiad Bench (He et al.

31442

2024) and GSMS8K (Cobbe et al. 2021). Since the number
of problems in AIME24 and AIME?2S5 is relatively small, we
report the Avg@32 metric to reduce randomness. Standard
accuracy is reported for the remaining tasks. More details
are shown in Appendix.

Main Results

The main results are summarized in Table 1, with train-
ing curves shown in Figure 4 and performance comparison
curves shown in Figure 2. Besides the final checkpoint, we
also report the intermediate checkpoint at the 55-th step.
From the results, we have the following findings:

CDAS outperforms plain GRPO and other baselines.
As shown in Table 1, CDAS achieves the best average ac-
curacy at both the 55-th step (44.51%) and the 110-th step
(45.89%) checkpoints. Meanwhile, we find that the improve-
ments offered by Curriculum Sampling (+0.35% at the 110-
th step) and Prioritized Sampling (+0.57% at the 110-th step)
over the Random Sampling baseline are limited. This indi-
cates that relying solely on prior difficulty labels or single-
step pass rates tends to be suboptimal.

CDAS demonstrates a substantial efficiency advan-
tage. In terms of sample efficiency, CDAS achieves a per-
formance of 44.51% at just 55 training steps, surpassing
the final performance of Random Sampling (44.09% at 110
steps), reaching comparable capability in half the training
time. Moreover, as shown in Figure 2(b), the training time of
CDAS is comparable to most standard baselines. This stands
in stark contrast to Dynamic Sampling, which incurs signif-
icantly higher computational costs (2.33x slower).

The reward curve in CDAS demonstrates a dynamic
process. As shown in Figure 4, the reward curve for CDAS
exhibits four distinct phases: (1) Warm-up Phase: During
the first epoch, the curve mirrors that of Random Sampling,
as problems are sampled uniformly to establish an initial,
unbiased difficulty assessment. (2) Rapid Ascent Phase:
Immediately following the warm-up, the reward sharply in-
creases to over 0.8. This is because CDAS identifies and pri-
oritizes the problems that have become easy for the model.
(3) Adaptive Descent Phase: As the model’s competence
grows, CDAS intentionally transitions to sampling more
challenging problems that better match the model’s new ca-
pabilities. This strategic shift causes the average reward to
decrease. (4) Convergence Phase: The curve finally stabi-
lizes around a median reward of approximately 0.55, which
signifies that CDAS continuously presents the model with
problems within its competence.

Analysis and Discussion

In this section, we conduct a comprehensive analysis and
discussion of CDAS. We explore the statistical properties of
CDAS in terms of sample utility, investigate its advantages
over pass rate-based methods, and validate its generalization
to code generation tasks along with different architectures
and model sizes.

Utility of the Sampled Problems

From the perspective of the optimization objective of GRPO,
the superior performance of Dynamic Sampling can be at-



AIME24  AIME25 MATH Minerva Olympiad
Steps  Method (Avg@32) (Avg@32) 500  Math  Bench COMSK  Ave.
0 - ‘ 0.06 0.00 47.00 17.65 14.52 81.50 24.38
Random Sampling 10.00 7.29 74.20 36.76 39.26 91.66 43.20
Curriculum Sampling 10.00 7.29 74.20 36.76 39.26 91.66 43.20
55 Prioritized Sampling 11.77 7.08 74.00 39.34 40.15 92.04 44.06
Dynamic Sampling 12.19 7.92 75.00 38.97 38.52 91.36 43.99
CDAS (Ours) 11.56 7.71 76.20 38.97 40.44 92.19 44.51
Random Sampling 12.29 6.98 75.20 37.13 40.00 92.95 44.09
Curriculum Sampling 12.71 7.19 76.00 38.60 39.56 92.57 44.44
110 Prioritized Sampling 15.10 9.27 75.00 37.50 39.56 91.51 44.66
Dynamic Sampling 15.10 9.58 77.20 39.34 39.56 92.34 45.52
CDAS (Ours) 14.90 11.77 75.40 40.44 40.89 91.96 45.89

Table 1: Performance comparison across different sampling methods on various math benchmarks. Metrics are Avg@32 for
AIME and standard accuracy for others. We present the best results in bold and the second with underline.
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Figure 4: Training curves of different sampling strategies.

tributed to its filtering out of samples that do not contribute
to model gradients (Yu et al. 2025) (i.e., those with a pass
rate of 0 or 1). Although CDAS does not explicitly constrain
the pass rate in problem selection, its alignment-based sym-
metric sampling inherently mitigates the issue of oversam-
pling the zero-gradient problems to some extent. As illus-
trated in Figure 5, the proportion of such zero-gradient prob-
lems within the batches sampled by CDAS is consistently
lower than that of the other baselines, proving that CDAS
can effectively improve the utility of sampled problems. We
also observe that the proportion of zero-gradient problems
in CDAS exhibits a rapid decline during the early stages of

training, followed by a slight increase in the later stages. The
sharp decrease in the initial phase can be attributed to the
swift correction of problem difficulty from its initial values.
The modest rise in the later phase is mainly due to the in-
creasing proportion of zero-gradient problems in the whole
MATH training set, leading to more problems with a pass
rate of 0 sampled in the batch B*.

Problem Difficulty vs. Pass Rate

Since the problem difficulty in CDAS derived from the pass
rates, we explore the relationship between them. As shown
in Figure 6, problem difficulty and pass rate exhibit an over-
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Figure 6: Problem difficulty vs. pass rate in CDAS.

all negative correlation where problems with lower difficulty
tend to have higher pass rates. Interestingly, we find that
even among problems with the same pass rate, there can still
be considerable differences in their estimated difficulties. To
further investigate this phenomenon, we randomly selected
two problems with a pass rate of 1 at the final sampling step.
As shown in Figure 6, problem A required 25 samplings to
reach a pass rate of 1, whereas problem B achieved a pass
rate of 1 after only 6 samplings. Despite both having the
same final pass rate in rollout, Problem A is noticeably more
difficult than Problem B, as indicated by its average accuracy
of 32 inferences being 0.6875, which is much lower than that
of Problem B (Avg@32 = 1.0). This validates that CDAS, by
leveraging historical information, provides a more accurate
and robust measure of problem difficulty.

Generalization

We further investigate the generalization capabilities of
CDAS across different tasks, model architectures, and
model sizes. We compare our method against two repre-
sentative sampling strategies: Random Sampling (RS), the
most widely used baseline, and Dynamic Sampling (DS), a
strong but computationally expensive performance baseline.

Generalization to Code Generation Tasks We apply
CDAS to the code generation task. Specifically, we aggre-
gate 10k open-source competitive programming problems
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from Apps (Hendrycks et al. 2021a), Taco (Li et al. 2023),
and CodeContests (Li et al. 2022), and perform GRPO train-
ing on Qwen2.5-Coder-7B (Hui et al. 2024) for 100 steps.
As shown in Table 2, CDAS achieves 18.24% Pass@1 ac-
curacy on LiveCodeBench v5 (Jain et al. 2025), outperform-
ing RS by +3.00% and nearly matching DS. This verifies
CDAS’s strong generalization to different tasks. We leave
the comparison of other tasks for future work.

Method Pass@1 Acc.

RS 15.24
DS 18.32
CDAS 18.24

Table 2: Accuracy comparison on LiveCodeBench v5.

Generalization to Different Architectures and Model
Sizes To further examine the generalization capability of
CDAS across architectures and scales, we conduct addi-
tional RL experiments on Qwen2.5-14B (Yang et al. 2024)
and OctoThinker-8B-Hybrid (Wang et al. 2025). Both mod-
els are trained on the MATH dataset used in the main ex-
periments. For Qwen2.5-14B, we train for 200 steps with a
batch size of 256, while OctoThinker-8B-Hybrid adopts the
same hyperparameter configuration as the main setup. As
shown in Table 3, CDAS consistently outperforms the RS
baseline and achieves performance that matches or exceeds
the strong DS baseline on both models, while maintaining
comparable training efficiency to RS. These results demon-
strate the robust generalization of CDAS to models of larger
scale and different architectural designs.

Model Method Average Acc.
RS 46.28
Qwen2.5-14B DS 46.62
CDAS 47.22
RS 35.30
OctoThinker-8B DS 36.47
CDAS 36.52

Table 3: Generalization Performance Across Different Ar-
chitectures and Model Sizes.

Conclusion

We present Competence-Difficulty Alignment Sampling
(CDAS), a novel sampling strategy for RL training in LLM
reasoning. CDAS addresses the limitations of existing meth-
ods by modeling problem difficulty as a trajectory of perfor-
mance discrepancies to provide more stable estimations and
explicitly aligning it with model competence at each train-
ing step throughout a fixed-point system. Extensive experi-
ments on mathematical reasoning benchmarks demonstrate
the superiority of CDAS in both accuracy and efficiency to
powerful baselines. Our results highlight the importance of
dynamically matching problem difficulty to model compe-
tence for efficient RL training.
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