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Abstract
Reinforcement learning (RL) has demonstrated considerable
potential for enhancing reasoning in large language mod-
els (LLMs). However, existing methods suffer from Gra-
dient Starvation and Policy Degradation when training di-
rectly on samples with mixed difficulty. To mitigate this,
prior approaches leverage Chain-of-Thought (CoT) data, but
the construction of high-quality CoT annotations remains
labor-intensive. Alternatively, curriculum learning strategies
have been explored but frequently encounter challenges, such
as difficulty mismatch, reliance on manual curriculum de-
sign, and catastrophic forgetting. To address these issues, we
propose AdaCuRL, a Adaptive Curriculum Reinforcement
Learning framework that integrates coarse-to-fine difficulty
estimation with adaptive curriculum scheduling. This ap-
proach dynamically aligns data difficulty with model capa-
bility and incorporates a data revisitation mechanism to mit-
igate catastrophic forgetting. Furthermore, AdaCuRL em-
ploys adaptive reference and sparse KL strategies to pre-
vent Policy Degradation. Extensive experiments across di-
verse reasoning benchmarks demonstrate that AdaCuRL con-
sistently achieves significant performance improvements on
both LLMs and MLLMs.

1 Introduction
Post-training methods designed to enhance complex reason-
ing capabilities have emerged as a prominent area of re-
search. Supervised fine-tuning (SFT) typically distills ex-
pert models to obtain high-quality reasoning trajectories
for achieving satisfactory performance. In contrast, RL-
based approaches, exemplified by GRPO (Guo et al. 2025),
demonstrate that models can self-improve reasoning through
RL without relying on high-quality distillation data. This has
inspired numerous subsequent efforts on both LLMs (Dang
and Ngo 2025; Chu et al. 2025) and MLLMs (Chen et al.
2025; Meng et al. 2025).

Despite the notable success of RL-based methods, their
performance is critically dependent on the training data cur-
riculum. A critical bottleneck emerges when models are
trained on mixed-difficulty data, leading to severe Data In-
efficiency. This inefficiency stems from an intrinsic cou-
pling between sample difficulty and the relative advantages
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Figure 1: Cumulative invalid samples during GRPO train-
ing: shuffled data (Baseline) vs curriculum learning (Ours)
on standard open-source datasets (VLM: Qwen2.5-VL-3B;
LLM: Qwen2.5-Math-7B).

of rollouts within GRPO groups. Specifically, when train-
ing samples exhibit extreme difficulty levels relative to the
current policy, the reward signal often collapses into a bi-
nary state, where simple samples uniformly receive rewards
of 1, while difficult ones invariably yield rewards of 0 (Chu
et al. 2025). These invalid samples culminate in two core
dilemmas: Gradient Starvation and Policy Degradation.
(i) Gradient Starvation occurs when all exploration rollouts
produce rewards of 1 or 0, causing the advantage function
to collapse to zero. Consequently, the policy gradient is nul-
lified, depriving the model of any meaningful learning sig-
nal. (ii) Policy Degradation arises when the KL divergence
penalty imposed on invalid samples dominates the optimiza-
tion signals. This forces the policy to revert to a conservative
reference model, which impairs the reasoning capability ob-
tained through RL. As illustrated in Figure 1, these invalid
samples are common in standard datasets, highlighting the
urgent need for an improved training paradigm.

To alleviate Gradient Starvation, it is necessary to
avoid rollouts producing all-zero or all-one rewards. Hint-
GRPO (Huang et al. 2025a) incorporates expert reasoning
trajectories to avoid difficult samples receiving all-zero re-
wards. However, this approach does not recognize the im-
portance of aligning model capability and sample difficulty
during the RL process. The methods based on curriculum
learning aim to train on samples matched to the model’s

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

23123



capacity to reduce invalid samples. However, existing ap-
proaches face three primary limitations: (i) difficulty mis-
match, (ii) manual curricula, and (iii) forgetting of past sam-
ples. Some works define difficulty using human prior knowl-
edge (Deng et al. 2025; Song et al. 2025) or expert models
(Shi et al. 2025), while failing to capture how the model
itself perceives difficulty. Additionally, other works (Team
et al. 2025; Deng et al. 2025) employ handcrafted curricula
as training schedulers, without considering model feedback.
Moreover, all the above methods typically train within a spe-
cific difficulty range, neglecting earlier data, and as train-
ing shifts toward harder samples, performance on easier data
may deteriorate. Although the above methods reduce the fre-
quency of invalid samples, they lack effective mechanisms
for addressing Policy Degradation caused by the occurrence
of invalid samples.

To address the above issues, we propose AdaCuRL, a
novel curriculum reinforcement learning approach. Specif-
ically, AdaCuRL introduces a coarse-to-fine difficulty esti-
mation strategy that can sample data with desired difficulty
distributions from large-scale datasets and accurately esti-
mate sample difficulty. During fine-tuning, AdaCuRL par-
titions the data into buckets from easy to hard and updates
the specific bucket based on model feedback to avoid in-
valid samples. Besides, the bucket update mechanism allows
revisiting historical data to mitigate catastrophic forgetting.
To prevent degradation from invalid samples, AdaCuRL in-
corporates a sparse KL mechanism. Furthermore, we in-
troduce self-pacing mechanism into AdaCuRL, called Re-
AdaCuRL, which enhances data utilization and continu-
ously improves reasoning.

Our main contributions are as follows:
• We propose AdaCuRL, which integrates a coarse-to-fine

difficulty estimation strategy and a novel curriculum RL
algorithm to enhance data efficiency in GRPO, enabling
(M)LLMs to progressively improve their reasoning capa-
bilities.

• We design sparse KL to effectively prevent Policy Degra-
dation and propose an adaptive reference strategy to
avoid excessive alignment with the reference model.

• We further introduce Re-AdaCuRL, which iteratively re-
estimates sample difficulty and conducts curriculum RL
to mine data and strengthen reasoning. Extensive experi-
ments across diverse benchmarks demonstrate the effec-
tiveness of our approach on both MLLMs and LLMs.

2 Preliminary
Curriculum Learning (CL) is a training strategy inspired
by human incremental learning, where models are trained
sequentially on data ordered by difficulty to achieve bet-
ter performance and faster convergence. CL comprises two
main components, difficulty estimation and a training sched-
uler, and both can be categorized as either predefined or au-
tomatic. Formally, given a dataset:

D = {(xi, yi, di)}Ni=1, (1)

where di is the difficulty of sample (xi, yi) and N is the
dataset size, the curriculum ensures: d1 ≤ d2 ≤ · · · ≤ dN .

Self-Paced Learning (SPL) automates difficulty estima-
tion by selecting samples according to current loss. For-
mally, SPL constructs training sets for each epoch as:

D = {(xi, yi) | ℓ(fw(xi), yi) ≤ τ}, (2)

where τ is an adaptive loss threshold.
Predefined schedulers select samples according to fixed

rules (Dong et al. 2025), whereas automatic ones (Graves
et al. 2017) make scheduling decisions based on the model’s
feedback.
Group Relative Policy Optimization (GRPO) eliminates
the need for a value model by normalising outcome rewards
within a group of G samples and applying a policy-gradient
objective regularised by a KL term.

For a prompt q, the policy πθ generates G responses {oi}
with scalar rewards {ri}. Let µr and σr denote the group
mean and standard deviation. GRPO defines the group-
relative advantage: Âi =

ri−µr

σr+ε , where ε > 0 prevents divi-
sion by zero. We define ρi = πθ(oi | q)

/
πold(oi | q) as the

importance ratio between the learned policy πθ and a fixed
reference policy πref , and clip(ρi, 1− ϵ, 1 + ϵ) as the CLIP
operation. The objective of GRPO is then expressed as:

LGRPO(θ) = −Ei

[
min(ρi · Âi,CLIP · Âi)

]
+ β Ei

[
KL

(
πθ ∥πref

)]
,

(3)

where β controls the KL regularization strength.

3 Method
AdaCuRL consists of three key components. First, we in-
troduce a coarse-to-fine difficulty estimation strategy to ef-
fectively extract subsets with a target difficulty distribution
from large-scale datasets. Then, we present the core training
scheduling algorithm, which serves as the central framework
of AdaCuRL. Finally, we extend this framework with Re-
AdaCuRL, an enhanced variant designed to further optimize
data utilization for improved reasoning capabilities.

3.1 Coarse-to-Fine Difficulty Estimation
Accurate difficulty estimation is essential for effective cur-
riculum learning. We adopt an unbiased approach to eval-
uate problem difficulty based on the frequency of correct
solutions generated by the base model across multiple at-
tempts (Snell et al. 2024; Shi et al. 2025).

Curriculum learning typically requires sampling from the
training set to form a specified difficulty distribution (e.g.,
containing more hard problems than easy ones). However,
given the large dataset size, precisely estimating each sam-
ple’s difficulty by generating answers multiple times incurs
substantial inference overhead, while random sampling fails
to match the desired difficulty distribution. To address this,
we propose a coarse-to-fine difficulty estimation strategy.

• Coarse stage. For each problem, the model produces
five answers. Based on the number of correct answers,
we assign each problem to one of three bins. We then
sample from each bin according to a predefined ratio,
while ensuring that the selected samples remain evenly
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Figure 2: The overall framework of AdaCuRL. Difficulty Estimation (left) samples a training subset from a large-scale dataset to
match a target difficulty distribution and sorts the data from easy to hard. Curriculum Reinforcement Learning (right) monitors
the average accuracy reward during training to assess the model’s mastery of the current difficulty level and progressively
introduces more challenging samples. In addition, AdaCuRL incorporates sparse KL and adaptive reference mechanisms to
prevent degradation of the model’s reasoning capability.

distributed across datasets. Formally, let ci ∈ {0, . . . , 5}
be the number of correct answers for problem i. We de-
fine three bins: G1 = {i | ci ∈ {0, 1}}, G2 = {i | ci ∈
{2, 3}}, and G3 = {i | ci ∈ {4, 5}}, and draw

S =

3⋃
k=1

Sample
(
Gk, nk = ⌊ρk |Gk|⌋

)
, (4)

where ρk is the predefined sampling ratio for k-th bin.
• Fine stage. For each problem in S , we generate N (N ≫
5) answers for precise difficulty estimation. Let c(q) de-
note the number of correct solutions out of these N at-
tempts for problem q. We define its difficulty score as

Difficulty(q) = 1− c(q)

N
, (5)

and then filter out problems with difficulty above 0.95
or below 0.05 to avoid overly hard or trivial cases. The
remaining data are sorted by ascending difficulty to form
the final training dataset D.

3.2 Curriculum Reinforcement Learning
After sorting D by difficulty, we partition it into K consec-
utive buckets {B1,B2, . . . ,BK} with equal size:

Bk =
{
q
(k−1)

|D|
K +1

, . . . , q
k

|D|
K

}
, k = 1, . . . ,K, (6)

where q1, . . . , q|D| are ordered from easy to hard.
The current training subset Dc is initialized as the first

bucket B1. During training, we merge the next bucket into
Dc at each update stage t to mitigate catastrophic forgetting:

D(t+1)
c = D(t)

c ∪ Bt+2, t = 0, . . . ,K − 2. (7)

The training processs continues until Dc = D. This in-
cremental expansion retains knowledge from easier samples
during initial stages, while gradually adding more challeng-
ing samples as the model’s reasoning capabilities improve.

Reward Function. We use two binary reward signals: for-
mat reward and accuracy reward. We observe that the for-
mat reward converges rapidly, while the accuracy reward,
especially from harder buckets, remains relatively low and
progresses slowly. This imbalance affects the advantage
function in Equation (3), dominated by the format reward
and hindering πθ from learning accurate reasoning paths ef-
fectively. To address this, we update the policy solely based
on the accuracy reward after Tf training steps.

Bucket Update Strategy. A naive bucket update strategy
trains each bucket sequentially. Such a schedule is often in-
efficient and sub-optimal because it ignores the current state
of the model, leading to over-training of easy buckets while
hard buckets may receive insufficient updates.

To adaptively assess progress, we use the accuracy reward
during training to measure how well the model has mastered
the current bucket and record the reward of each sample in
the rewards buffer Rb. Specifically, we maintain a compe-
tence score cs ∈ [0, 1], which is initialized as cs(0) = 0 and
updated as:

cs(t+1) ← cs(t) + (r̄ − 0.5)×max
(
1− cs(t), γ

)
(8)

where r̄ is the average reward over the most recent M train-
ing samples and max(1 − cs, γ) acts as a decay factor on
the update rate. As cs increases, the update step becomes
smaller, mimicking human learning by spending more time
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on harder buckets, while γ prevents the rate from becoming
too small.

Once Rb contains M samples, we update cs and check
whether the curriculum setDc should be expanded. The cur-
riculum expansion condition is defined as follows:

cs ≥ k − 1

K
(9)

When the condition in Equation (9) is satisfied for the next
bucket index k, bucket Bk is merged into Dc.

To keep the estimate of r̄ faithful to the model’s ability on
newly introduced data, only samples drawn from the latest
merged bucket contribute to r̄. Upon merging Bk, the com-
petence score is re-initialized to cs = k−1

K to ensure an ac-
curate reflection of the policy model’s mastery over the data
in the newly added bucket.

KL Divergence Design. In Equation (3), GRPO calcu-
lates the KL divergence with the base model during each
loss computation, leading to two issues: (i) When the advan-
tage function is a full zero vector, the loss is dominated by
the KL term, causing the policy model to unnecessarily align
with the base model, (ii) as the model’s reasoning ability im-
proves, continuing to compute KL divergence with the base
model undermines the already acquired reasoning capabil-
ities. To address these limitations, we introduce two strate-
gies into our proposed framework:
• Conditional KL computation. When all rewards within

a rollout group are either 0 or 1, we exclude the KL di-
vergence term from the loss computation for that spe-
cific group, enabling more effective enhancement of the
model’s reasoning abilities. The GRPO loss in AdaCuRL
is defined as follows:
LGRPO(θ) = −Ei

[
min(ρi · Âi,CLIP · Âi)

]
+ I

[
Âi ̸= 0

]
β Ei

[
KL

(
πθ ∥πref

)] (10)

• Reference model resetting. After each bucket update, the
reference model πref is reset to the current policy model
πθ, thus avoiding excessive alignment with the initial ref-
erence model as the reasoning capability of πθ improves.

3.3 Self-pacing Mechanism
After the first round of training with coarse-to-fine difficulty
estimation and curriculum RL, the model develops stronger
reasoning capabilities. To further improve performance, we
introduce a self-pacing mechanism, called Re-AdaCuRL.

Specifically, we refine the coarse-to-fine difficulty estima-
tion using the updated policy model πθ and filter out previ-
ously trained data during sampling. Let Difficulty(1)(q) de-
note the re-estimated difficulty score. To preserve acquired
reasoning capabilities, we discard samples with difficulty
scores below a threshold (e.g., 0.2) in the second iteration:

D′ = { q ∈ D | Difficulty(1)(q) ≥ 0.2 }. (11)
The remaining data D′ is then sorted and repartitioned

into K buckets in ascending order of updated difficulty:

B(1)k =
{
q
(1)

(k−1)
|D′|
K +1

, . . . , q
(1)

k
|D′|
K

}
, k = 1, . . . ,K.

(12)

We then repeat the training process described in Sec. 3.2
on these updated buckets. This self-pacing mechanism al-
lows data that was previously excluded due to excessive
difficulty to be revisited, while simultaneously filtering out
samples already solved with high confidence. As a result,
the current policy πθ continues to train on increasingly in-
formative data, further enhancing its reasoning capabilities.

4 Experiments

4.1 Datasets

For training MLLMs, we curate a training dataset from
a broad range of mathematical reasoning sources, includ-
ing CLEVR (Johnson et al. 2017), CLEVR-Math (Lind-
ström and Abraham 2022), Geo3K (Lu et al. 2021a),
GeoMverse (Kazemi et al. 2023), GeoQA+ (Chen et al.
2021), IconQA (Lu et al. 2021b), Super-CLEVR (Li et al.
2023), TabMWP (Lu et al. 2022), UniGeo (Chen et al.
2022), GEOS(Seo et al. 2015), WeMath (Qiao et al. 2024),
SceMQA (Liang et al. 2024), and PolyMath (Gupta et al.
2024). Together, they comprise about 100K problems span-
ning various types (e.g., geometry, algebra, counting) and
difficulty levels. To align with GRPO, we filter out samples
whose answers cannot be reliably validated. For multiple-
choice questions, we standardize the format to explicitly in-
clude both the option label and content (e.g., “A. 1.8”), pre-
venting the model from exploiting superficial answer pat-
terns. As detailed in Sec. 3.1, we partition the data into three
coarse difficulty groups (G1, G2, and G3). Following standard
curriculum learning, we increase the proportion of harder
samples by sampling 2K, 3K, and 5K examples from these
groups, yielding a 10K training dataset.

For training LLMs, we utilize the Open-RS dataset (Dang
and Ngo 2025), which contains 7K samples. Given its mod-
erate size, we directly perform fine-grained difficulty esti-
mation and sorting.

4.2 Benchmarks

For MLLMs, we build two complementary benchmarks:
mathematical reasoning and general multimodal reason-
ing. For LLMs, we adopt standard mathematical reasoning
benchmarks.

The multimodal mathematical reasoning bench-
mark comprises DynaMath (Zou et al. 2024), Math-
Vista MINI (Lu et al. 2023), Math-V (Wang et al.
2024a), MathVerse MINI (Zhang et al. 2024a), and Log-
icVista (Xiao et al. 2024), and the multimodal general
reasoning benchmark includes MMStar (Chen et al. 2024),
MMMU (Yue et al. 2024), HallusionBench (Guan et al.
2024), AI2D (Kembhavi et al. 2016), and MMVET (Yu et al.
2023). For unimodal reasoning, we adopt standard datasets
such as AIME24, AMC23, MATH500 (Lightman et al.
2023), Minerva (Lewkowycz et al. 2022), and Olympiad-
bench (He et al. 2024). Together, these benchmarks offer
a comprehensive, multi-dimensional assessment of the
models’ reasoning capabilities.
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Model
Mathematical Reasoning General Reasoning

DynaMath MathVista Math-V MathVerse LogicVista Avg. MMStar MMMU Hallu. AI2D MMVET Avg.

Qwen2.5-VL-3B Models

Qwen2.5-VL-3B 40.90 62.00 22.62 33.75 38.70 39.59 56.00 50.88 45.66 80.40 60.20 58.63
+ SFT 38.74 60.60 22.27 34.37 41.61 39.52 58.00 51.11 49.88 79.60 63.71 60.46
+ GRPO 41.16 65.00 23.02 35.31 38.70 40.64 55.53 52.11 47.14 77.95 61.37 58.82

+ AdaCuRL (Easy) 45.44 64.10 22.10 37.00 39.37 41.60 57.60 52.00 50.58 81.60 61.78 60.71
+ AdaCuRL (Hard) 42.43 66.20 22.56 35.96 38.92 41.21 58.66 52.33 46.76 78.17 60.36 59.26
+ AdaCuRL 48.10 66.50 23.70 40.67 40.09 43.81 59.95 52.66 49.03 81.34 62.76 61.15
+ Re-AdaCuRL 49.22 67.40 24.54 42.24 42.51 45.18 60.07 53.11 48.27 81.74 63.64 61.37

Qwen2.5-VL-7B Models

Qwen2.5-VL-7B 51.99 68.50 25.42 44.53 46.97 47.48 65.00 58.22 52.35 84.71 67.38 65.53
+ SFT 44.59 64.20 39.69 25.59 43.62 43.54 62.93 56.00 52.72 83.45 64.86 63.99
+ GRPO 48.12 70.90 26.94 47.22 45.41 47.72 63.06 57.44 54.42 83.29 69.03 65.45

+ AdaCuRL 55.10 70.40 27.07 48.75 48.10 49.88 65.36 58.66 57.27 85.85 69.31 67.29
+ Re-AdaCuRL 56.67 71.60 28.92 48.38 48.99 50.91 65.27 58.00 56.53 85.56 69.91 67.05

Table 1: Comparison of methods on mathematical (Left) and general (Right) reasoning benchmarks for MLLMs.

Model AIME AMC MATH Minerva Oly. Avg.

Qwen2.5-Math-1.5B Models

Base Model 6.45 36.40 46.33 12.62 24.74 25.31
+ GRPO 7.50 40.62 56.00 12.99 27.25 28.87

+ AdaCuRL 9.58 45.63 62.46 14.58 29.33 32.32
- SparseKL 9.29 45.71 61.46 14.46 29.53 32.09
- Reset Ref 9.37 45.00 59.13 14.34 28.74 31.32
- Revisiting 8.13 44.22 60.46 13.60 29.18 31.12

Qwen2.5-Math-7B Models

Base Model 15.83 51.87 64.66 17.40 29.18 35.79
+ GRPO 18.95 56.56 68.80 17.28 31.55 38.63

+ AdaCuRL 22.22 59.22 74.53 27.33 37.48 44.16

Table 2: Comparison of methods on mathematical reasoning
benchmarks for LLMs. Results averaged over AIME24@16,
AMC23@16, others@3. Oly. denotes Olympiad-bench.

4.3 Training Settings
We employ Qwen2.5-VL-3B-Instruct (Bai et al. 2025) and
Qwen2.5-VL-7B-Instruct for multimodal experiments. For
fine-grained difficulty estimation, we set N = 100 gen-
erations, format reward cutoff Tf = 64, decay γ = 0.5,
and competence score interval M = 512. Unless specified,
K = 4 buckets are used. For unimodal experiments, we use
Qwen2.5-Math (1.5B and 7B) (Yang et al. 2024) as base
models. Unlike Open-RS’s cosine reward, we employ accu-
racy reward, maintaining consistency in other hyperparame-
ters. We set K = 3 buckets, with other curriculum learning
hyperparameters following the multimodal settings.

4.4 Main Results
Tables 1 and 2 present a comprehensive comparison of dif-
ferent methods across reasoning benchmarks on both multi-
modal and language models. The results are as follows.

Neither the original GRPO nor SFT significantly en-
hances reasoning capabilities. As shown in Table 1, the
original GRPO improves mathematical and general reason-
ing by only 0.85% and 0.19%, respectively, on Qwen2.5-
VL-3B, with similar results on the 7B model. The SFT base-
line even leads to degraded performance, particularly on the
larger 7B model. We hypothesize this degradation stems
from fine-tuning on lower-quality open-source data, which
may harm an already strong baseline. For language mod-
els, the original GRPO yields noticeable gains, improving
by 3.56% on Qwen2.5-Math-1.5B and 2.84% on Qwen2.5-
Math-7B (Table 2). We attribute this to the additional in-
formation fusion in multimodal models, which increases the
difficulty of reinforcement fine-tuning.
AdaCuRL achieves outstanding performance. On both
multimodal and language models, AdaCuRL outperforms
baselines across all benchmarks and model sizes. For ex-
ample, on mathematical reasoning, AdaCuRL improves by
3.17% and 2.16% on Qwen2.5-VL-3B and 7B, respec-
tively, and achieves gains of 3.45% and 5.53% on Qwen2.5-
Math-1.5B and 7B. These results highlight the importance
of progressively increasing training difficulty to enhance
reasoning and demonstrate the consistent applicability of
AdaCuRL to both unimodal and multimodal tasks.

Group Stage clever
math

geo
3k

geom
verse

geoqa
plus

icon
qa

G1
Before 1142 1324 558 25678 3318
After 849 1017 451 19221 2203

G2
Before 246 926 554 19502 6824
After 135 985 408 19871 4050

G3
Before 1560 151 574 3880 10423
After 1964 399 827 9968 14312

Table 3: Coarse-grained data distribution before and after
one round of training with AdaCuRL.
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Re-AdaCuRL further improves reasoning. As shown in
Table 1, Re-AdaCuRL achieves additional improvements
of 1.37% and 1.03% on mathematical reasoning for the
Qwen2.5-VL-3B and 7B models, respectively. We further
elaborate on the motivation for this approach. Table 3 shows
a shift toward the easier end: samples in G1 decrease while
those in G3 increase, indicating improved mathematical rea-
soning capabilities. To further leverage the dataset, we re-
sample after re-estimating difficulty using the updated pol-
icy and continue training on the resampled data.

Figure 3: (Left) The proportion of samples from each of
the three coarse-grained groups (G1/G2/G3) that fall into
each of the three fine-grained groups (F-G1/G2/G3) after
fine-grained estimation. (Right) The difficulty distribution of
coarse-grained sampling compared to that after fine-grained
difficulty estimation.

5 Analysis
5.1 Evaluation of Difficulty Estimation
In this section, we evaluate whether the final difficulty
distribution from fine-grained difficulty estimation aligns
with the desired coarse-grained sampling distribution. As
shown in the right part of Figure 3, the red regions repre-
sent the desired coarse-grained sampling distribution (i.e.,
2K/3K/5K), while the blue regions indicate the actual dis-
tribution obtained through fine-grained estimation. It is ev-
ident that the distributions are generally consistent. This
demonstrates that the proposed coarse-to-fine difficulty es-
timation method achieves the desired difficulty distribution
without large-scale inference. To further analyze, we use the
fine-grained results as ground truth and evaluate the accu-
racy of the coarse-grained estimation by examining the pro-
portion of fine-grained results within each coarse-grained
group, as shown in the left part of Figure 3. The accuracy
rates for the three groups G1, G2, and G3 are 72%, 53%, and
64%, respectively. This indicates that coarse-grained estima-
tion cannot provide precise difficulty assessments but effec-
tively serves to obtain the desired difficulty distribution.

5.2 Different Difficulty Estimation Strategies
In addition to the fine-grained difficulty estimation based on
the model itself, we explored two alternatives: (i) coarse-
grained estimation only, and (ii) fine-grained estimation
from a stronger external model. As shown in Table 4, both
yield suboptimal results, highlighting that AdaCuRL relies
on the model’s own fine-grained estimation to provide accu-
rate difficulty assessments for curriculum learning.

Model Dyna Math Math- Math Logic Avg.Math Vista V Verse Vista

3B + Fine 48.10 66.50 23.70 40.67 40.09 43.81

3B + Coarse 45.81 65.6 22.43 38.40 41.83 42.81
7B + Fine 47.84 63.9 24.83 38.82 42.73 43.62

Table 4: Results of training with different difficulty estima-
tion strategies using Qwen2.5-VL-3B.

Figure 4: Training dynamics under AdaCuRL curriculum
scheduling and randomly shuffled data. (Left) Accuracy re-
ward. (Right) KL loss.

5.3 Training Comparison with Shuffled Data
Figure 4 compares training dynamics between AdaCuRL
and training with randomly shuffled data. We observe that
the curriculum scheduling in AdaCuRL enables the model
to achieve higher average accuracy rewards through bet-
ter alignment between model capability and sample diffi-
culty. Furthermore, the adaptive reference strategy reduces
average KL loss, preventing over-alignment with the base
model and improving reasoning capability. These benefits
ultimately result in superior performance on the test set.

Figure 5: Reward and completion length during training with
different difficulty distributions using Qwen2.5-VL-3B.

5.4 Difficulty Distribution
We further compare two alternative settings that exclusively
use easy or hard samples. Specifically, we sample 10K train-
ing instances from G3 and G1, and train the model accord-
ingly. We denote these as AdaCuRL (easy) and AdaCuRL
(hard) in Table 1. Both variants underperform compared to
the default difficulty setting, demonstrating the necessity of
progressive difficulty data.

Figure 5 provides further analysis. Training on easy data
yields high rewards but fails to develop deeper reasoning ca-
pabilities, evidenced by shorter reasoning lengths that de-
crease during training. In contrast, training solely on hard
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data produces longer reasoning but often fails to reach cor-
rect answers, resulting in persistently low average rewards.
With the default distribution, the model trains on appropri-
ately challenging samples, maintaining high data utilization
while steadily increasing reasoning length as harder data is
gradually introduced.

Model Dyna Math Math- Math Logic Avg.Math Vista V Verse Vista

AdaCuRL 48.10 66.50 23.70 40.67 40.09 43.81
- SparseKL 47.26 65.60 22.43 38.68 38.15 42.42
- Reset Ref 44.65 63.90 22.46 37.95 38.93 41.58
- Revisiting 46.26 65.60 22.63 36.18 38.03 41.74
- KL 45.63 64.10 21.21 38.36 36.02 41.06

Table 5: Ablation results on mathematical reasoning bench-
marks using Qwen2.5-VL-3B.

Model # Revisit # Degradation
Qwen2.5-VL-3B 5528 1048
Qwen2.5-VL-7B 5854 790

Table 6: Counts of revisits and reward degradations.

Base Model Method Avg.

Qwen2.5-VL-3B naive CL 41.24
AdaCuRL 43.81

Qwen2.5-Math-7B naive CL 40.46
AdaCuRL 44.16

Table 7: Ablation results on different training scheduler.

5.5 Ablation Study
Design of KL Divergence. We evaluate two KL-related
mechanisms, including SparseKL and Adaptive Ref. Results
in Tables 5 and 2 show that disabling either component de-
grades performance. We further observe that completely re-
moving the KL divergence term from the loss results in a
substantial performance drop. This is likely because revis-
iting earlier data amplifies overfitting to simpler samples,
highlighting the necessity of the KL term in AdaCuRL.
Revisiting Historical Data. AdaCuRL revisits historical
samples by merging the next bucket and resetting the train-
ing data, which helps mitigate forgetting. In this section, we
analyze the forgetting issue and investigate an alternative
strategy that keeps only the latest bucket without revisiting
historical data. Table 6 shows statistics on the frequency of
average group-reward decreases when previously seen sam-
ples were revisited, suggesting that training on harder sam-
ples can degrade performance on easier ones. Quantitative
results in Tables 2 and 5 show that appropriately revisiting
past data further boosts performance.
Dynamic Training Scheduler. AdaCuRL updates buckets
dynamically based on average rewards during training. We

also evaluate a naive curriculum strategy that processes sam-
ples from easy to hard using predefined buckets, without
considering model feedback. As shown in Table 7, this
approach consistently underperforms AdaCuRL across all
models, highlighting the limitations of fixed schedules that
overlook the model’s evolving capabilities.

6 Related Work
6.1 Reasoning-oriented Reinforcement Learning
Reasoning for LLMs remains a central focus (Wang et al.
2024b; Saparov and He 2022; Xiong et al. 2025; Wang et al.
2025). CoT Prompting (Zhang et al. 2024b; Yao et al. 2023)
guides models to reason step-by-step, while CoT Finetun-
ing (Dong et al. 2025; Xu et al. 2024) fine-tunes models on
large-scale CoT datasets. DeepSeek-R1 (Guo et al. 2025)
demonstrates that RL can spontaneously induce strong rea-
soning abilities, reducing the need for extensive CoT data.
However, since MLLMs typically possess limited initial rea-
soning skills, applying RL directly yields minimal improve-
ments. This motivates studies (Yang et al. 2025; Huang
et al. 2025b) to distill CoT data from DeepSeek-R1 or other
reasoning-oriented models for SFT before RL, while Huang
et al. (2025a) provides expert reasoning chains during RL to
solve hard problems. However, these methods overlook the
alignment between model capability and sample difficulty.

6.2 Curriculum Learning for RL
Curriculum learning (CL) (Bengio et al. 2009) trains mod-
els from easy to hard and is now broadly used in RL (Zhou
et al. 2020; Wang et al. 2023). Deng et al. (2025) defines
difficulty based on answer types, which fails to capture the
model’s intrinsic perception of difficulty. Other works (Team
et al. 2025; Deng et al. 2025) employ fixed curricula without
incorporating feedback from the model. Shi et al. (2025) es-
timate problem difficulty using expert models and propose
an adaptive scheduler, however their method lacks historical
data revisiting and does not address the degradation prob-
lem. In contrast, AdaCuRL dynamically schedules samples
based on model feedback and incorporates historical data
revisiting to prevent performance degradation on early data.
Finally, through a designed KL loss computation, the model
avoids Policy Degradation when learning signals are absent.

7 Conclusion
This work tackles the challenges of Gradient Starvation and
Policy Degradation in GRPO training caused by random
data sampling. We propose AdaCuRL, a curriculum RL ap-
proach that dynamically adjusts training difficulty based on
the model’s mastery of current samples. It also incorporates
historical data replay and a meticulously designed KL diver-
gence term to prevent reasoning deterioration. Without rely-
ing on external models or CoT datasets, AdaCuRL achieves
significantly higher accuracy than random sampling on both
multimodal and unimodal tasks using the same data. These
results underscore the potential of curriculum learning in
reasoning-oriented reinforcement learning.
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