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Abstract

Existing curriculum learning methods for rea-
soning reinforcement learning often treat prob-
lem difficulty as a static property of the prob-
lem. We argue that difficulty is instead policy-
dependent: problems beyond the current policy
provide sparse learning signals, while problems
already solved by greedy decoding may still
yield informative stochastic trajectories during
RL. We propose PAD-Curriculum, a policy-
adaptive curriculum framework for GRPO that
estimates the student’s evolving solvable fron-
tier from student-generated trajectories. For
currently solved problems, PAD-Curriculum
ranks examples by a normalized Scorer-to-
Student KL discrepancy computed against a
frozen curriculum scorer; unsolved problems
are deferred and periodically re-evaluated as
the policy improves. Experiments on GSM8K,
MATH, and NuminaMath-CoT with Llama-3.1
and Qwen3 models show consistent gains over
standard GRPO and curriculum/distillation
baselines, with particularly strong improve-
ments on challenging mathematical reasoning
benchmarks. Analyses further show that adap-
tive discrepancy estimation is more effective
than static scorer-based difficulty.

1 Introduction

Large language models (LLMs) have shown strong
reasoning abilities (Chen et al., 2025; Ferrag et al.,
2025; Li et al., 2026; Wang et al., 2026a, 2022;
Kang et al., 2026), but reinforcement learning (RL)
for reasoning remains challenging due to sparse
outcome rewards (Miiller et al., 2025; Zhong et al.,
2026). In mathematical reasoning, a model typi-
cally receives feedback only after producing a com-
plete solution, making it difficult to learn effec-
tively from problems that are far beyond its cur-
rent capability. Curriculum learning offers a natu-
ral way to mitigate this issue by organizing train-
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The same problem can be easy, medium, or hard for different models.
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Figure 1: Illustration of model-dependent difficulty. A
fixed externally assigned difficulty label may be mis-
aligned with the current student capability, motivating
curriculum construction relative to the student policy.

ing examples from easier to harder ones (Parashar
et al., 2025; Shi et al., 2025). Existing curriculum
methods for reasoning often depend on external
or static difficulty signals. Some approaches rely
on stronger models to assign problem-level diffi-
culty scores (Shi et al., 2025), while others use
annotated reasoning steps or process supervision
to control training difficulty (Amani et al., 2026;
Xi et al., 2024). Although useful, these signals
may not align with the actual state of the student
model. Figure 1 illustrates this mismatch: the same
problem can have different effective difficulty for
a scoring model and for students with different ca-
pability levels. A problem that appears easy to a
stronger scoring model may still be too difficult for
a weaker student, while a problem that a stronger
student can already solve may still provide useful
learning signals. Moreover, static difficulty labels
do not adapt as the student policy improves.
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We argue that curriculum difficulty in reasoning
RL should be defined relative to the current stu-
dent policy. A problem that the student can solve
provides a reliable trajectory for estimating how
close the student’s behavior is to the frozen cur-
riculum scorer, whereas a problem that the student
currently fails to solve may not provide a mean-
ingful fine-grained difficulty estimate. Based on
this view, we propose PAD-Curriculum', a policy-
adaptive discrepancy-guided curriculum learning
framework for GRPO.

The key distinction is that PAD-Curriculum does
not ask which problems are globally easy; instead,
it asks which problems are currently learnable for
the current policy. To this end, PAD-Curriculum
builds the curriculum from student-generated tra-
jectories. The current policy first generates a re-
sponse for each problem, and a verifier determines
whether the final answer is correct. Here, “solved”
refers only to the greedy curriculum-scoring tra-
jectory and does not imply that the example is sat-
urated for RL: stochastic GRPO rollouts on the
same problem can still exhibit mixed outcomes
and therefore provide non-zero learning signals.
For currently solved problems, PAD-Curriculum
computes a normalized KL discrepancy between
the student and a frozen curriculum scorer along
the student-generated trajectory, and sorts these
problems from low to high discrepancy. Currently
unsolved problems are deferred and re-evaluated
in later stages. This creates an easy-to-hard sched-
ule within the student’s evolving solvable frontier.
Importantly, the scorer is used only for schedul-
ing; it is not used as a distillation target or as the
KL-regularization reference policy in GRPO.

Experiments on GSM8K, NuminaMath-CoT,
and MATH show that PAD-Curriculum improves
over standard GRPO and competitive baselines
across multiple model families. Additional anal-
yses indicate that student-dependent discrepancy
provides a more effective scheduling signal than
static scorer-model difficulty estimates. Our main
contributions are summarized as follows:

* A student-adaptive formulation of cur-
riculum difficulty for reasoning RL. We
operationalize policy-dependent difficulty
through the student’s evolving solvable fron-
tier, which is repeatedly estimated from
student-generated trajectories rather than fixed

!Code is available at https://github.com/cong@3/
PAD-Curriculum.

difficulty labels.

A discrepancy-guided scheduling signal
without token-level imitation. We intro-
duce a normalized Scorer—Student KL dis-
crepancy score, DK, (Tscore||T0), computed
on correctly solved student trajectories. This
score identifies solvable yet informative prob-
lems for curriculum scheduling, while un-
solved problems are deferred and re-evaluated
as the policy improves. Unlike distillation
methods, the frozen curriculum scorer is used
only for scheduling and does not provide
token-level training targets.

* Comprehensive validation across models
and mathematical reasoning benchmarks.
We evaluate PAD-Curriculum on GSMS8K,
MATH, and NuminaMath-CoT using Llama-
3.1 and Qwen3 model families. Results show
improvements over GRPO and competitive
baselines, and ablations validate the comple-
mentary roles of correctness-aware filtering
and discrepancy-guided ordering.

2 Related Work

Curriculum Learning for Reasoning. Curricu-
lum learning presents examples in an organized
order to mitigate sparse learning signals in rea-
soning tasks (Rane, 2020; Soviany et al., 2022;
Parashar et al., 2025). Recent reasoning methods in-
creasingly exploit adaptive difficulty, process-level
signals, or trajectory-level supervision, including
stronger-model scoring, model routing, golden tra-
jectories, and annotated reasoning steps (Shi et al.,
2025; Xi et al., 2024; Amani et al., 2026; Ye et al.,
2026b,a). PAD-Curriculum instead estimates diffi-
culty from the interaction between the current stu-
dent policy, a verifier, and a frozen scorer, without
requiring annotated reasoning steps.

Self-Generated Data and On-Policy Distillation.
Self-generated trajectories have been widely used
to reduce reliance on human annotations (Wang
et al., 2023; Tan et al., 2024; Fuchs et al., 2025;
Karim et al., 2025). Prior work explores filtering,
refinement, and distillation over model-generated
responses, including STaR (Zelikman et al., 2022),
Re-ReST (Dou et al., 2024), and on-policy distilla-
tion methods such as GKD (Agarwal et al., 2024).
These methods primarily treat self-generated trajec-
tories as training targets or filtering units, whereas
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Figure 2: Overview of PAD-Curriculum. The student policy first generates a response for each problem, and
a verifier separates solved from unsolved problems. Solved problems are ranked by normalized student—scorer
discrepancy, while unsolved problems are deferred to later stages. During GRPO training, the remaining queue is
re-evaluated and re-ranked every K policy updates as the student policy improves. The frozen curriculum scorer
affects only the ordering of training examples; it does not provide token-level supervision and is not part of the

GRPO optimization objective.

PAD-Curriculum uses them to dynamically sched-
ule optimization during reinforcement learning.

Reinforcement Learning with Outcome Super-
vision. Outcome-supervised reinforcement learn-
ing has become an effective paradigm for improv-
ing reasoning models, especially in domains with
verifiable final answers (Eschmann, 2021; Ladosz
etal., 2022; Liet al., 2021; Wen et al., 2026). Prior
work shows that outcome supervision can be com-
petitive with process supervision, and policy opti-
mization methods such as PPO (Schulman et al.,
2017) and GRPO (Shao et al., 2024) have been
applied to mathematical reasoning. However, out-
come rewards are often sparse: when the policy is
trained on problems it cannot yet solve, sampled
responses provide limited learning signal. PAD-
Curriculum mitigates this issue without modifying
the GRPO objective. Instead, it dynamically re-
orders problems according to the current policy’s
capability, allowing the model to consolidate cur-
rently solvable examples before gradually moving
to harder ones.

3 Method

We propose PAD-Curriculum, a policy-adaptive
discrepancy-guided curriculum method for GRPO.

Figure 2 illustrates the overall procedure.
Notation: We use 7y to denote the student policy
optimized by GRPO and 7rgqre to denote the frozen
curriculum scorer used only for PAD-Curriculum
scheduling. When discussing distillation baselines
such as OPD, we use Tieacher fOr the teacher model.
We use ¢ for the reference policy appearing in
KL regularization when applicable. These roles are
distinct: mgeore determines the curriculum order-
ing but is never used as a token-level optimization
target or as the GRPO reference policy.

3.1 Preliminaries

We consider a dataset D = {(q;,y;)}Y,, where
q; denotes a problem prompt and y; is the ground-
truth final answer. The goal is to train a policy
model 7y to generate responses that can be verified
as correct. We assume access to a verifier R(q, o, y)
that assigns an outcome reward to a response o. In
our mathematical reasoning setting, R is a rule-

based answer checker that returns a binary reward:

rig = R(gi, 0i,g,yi) € {0,1}. (1)

During GRPO training, for each problem g;, the
current policy samples a group of G responses:

{oi1,...,0ig} ~mo(- | @), 2
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which are scored by the verifier to compute group-
relative advantages.

PAD-Curriculum additionally uses a stronger
frozen curriculum scorer mgeore t0 €stimate the dis-
crepancy between the current student policy and
a more capable model distribution. The scorer is
used only for curriculum construction; it is not used
as a distillation target or as the KL-regularization
reference policy in the GRPO objective.

3.2 Discrepancy-Guided Difficulty Estimation

PAD-Curriculum estimates difficulty relative to the
current student policy and periodically updates it
throughout training. For a problem g¢;, the student
model first generates a single response using greedy
decoding for curriculum scoring:

., 8i.1;) < Decode(my, ¢;),

3)
where s; denotes the generated response tokens.
We then apply the same correctness verifier used
for outcome rewards:

G = R(Qu Si7yi) S {07 1}7 (4)

where ¢; indicates whether the final answer of the
greedy curriculum-scoring trajectory is correct.
Correctness-aware filtering. If ¢; = 0, the prob-
lem is considered currently outside the student’s
solvable frontier. We do not assign it a fine-grained
discrepancy score, because token-level discrepancy
on a failed trajectory can be difficult to interpret.
A failed solution may contain arithmetic mistakes,
invalid reasoning steps, or spurious intermediate
claims; in such cases, a large KL value may reflect
arbitrary generation errors rather than a meaningful
curriculum signal. PAD-Curriculum defers these
problems to the end of the queue and revisits them
after the policy has been updated. This design al-
lows the curriculum to expand naturally: a problem
that is currently unsolved can later enter the ranked
region once the student begins to solve it.

It is important to note that ¢; = 1 does not im-
ply that the problem is already saturated for GRPO
training. The curriculum-scoring rollout is gen-
erated by greedy decoding, whereas GRPO train-
ing samples a group of stochastic responses for
the same problem. Therefore, a greedy-correct
problem may still produce mixed outcome re-
wards across sampled trajectories, resulting in non-
zero group reward variance and meaningful group-
relative advantages. In this sense, correctness-
aware filtering identifies examples that are reliable

Si = (Sz’,la 54,25 - -

enough to schedule, not examples that no longer
require learning.

Discrepancy scoring for solved problems. If
¢; = 1, the problem is within the student’s cur-
rently solvable region. We then measure how
much the student’s token-level behavior differs
from a stronger frozen curriculum scorer along
the student-generated trajectory. Low discrepancy
indicates that the student already behaves similarly
to the curriculum scorer on the current trajectory,
whereas high discrepancy identifies solvable yet
insufficiently consolidated behaviors.

Let 2,5 = (g, si <i) denote the prefix up to
position k£ — 1. We define the Scorer—Student
KL discrepancy as the KL divergence from the
frozen curriculum scorer to the current student pol-
icy along the student-generated trajectory:

L.
1 K3
KL; = I E Dy, (Tscore (* | Zige)||mo (- | zig)) -

k=1
&)

The token-level KL assumes that the student and
curriculum scorer admit a compatible token-level
probability space, as in the scorer—student config-
urations used in our experiments. This allows the
scorer distribution to be evaluated directly at each
prefix of the student-generated trajectory.

We use the KL direction Dk, (7score||Tg) be-
cause it highlights tokens where the curriculum
scorer assigns high probability but the student does
not. These positions correspond to residual be-
havioral gaps on trajectories that the student can
already solve. In contrast, the Student— Scorer KL,
Dxr, (gl Tscore ), emphasizes tokens to which the
student already assigns high probability. Such to-
kens may reflect the student’s current preferences
rather than missing probability mass under the
scorer, making this direction less suitable for iden-
tifying solvable but under-consolidated examples.
To reduce the effect of positions where the curricu-
lum scorer is intrinsically uncertain, we normalize
the average KL by the average scorer entropy:

1 &

= f Z H(Wscore(' ‘ xz,’ﬁ)) (6)
k

)

H score,i

The final discrepancy-guided difficulty score for
correctly answered problems is:
KL;

' Hscore,i + €
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where € is a small constant for numerical stability.
The averaging over response length avoids assign-
ing higher difficulty merely because a response
contains more tokens.

3.3 Curriculum Construction

After computing discrepancy-guided difficulty
scores for correctly solved problems, PAD-
Curriculum constructs the training queue in two
parts. First, correctly solved problems are sorted
by their difficulty scores D; in ascending order.
Second, incorrectly solved problems are appended
to the end of the queue without assigning a fine-
grained ordering among them.

This creates an easy-to-hard schedule within the
current solvable frontier: lower-discrepancy solv-
able problems are optimized earlier, while unre-
solved problems are deferred and periodically re-
visited as the policy improves. We use ascending
discrepancy because PAD-Curriculum follows a
competence-based curriculum rather than a hard-
example mining strategy. Low-discrepancy solved
problems correspond to more stable behaviors
that the student can already reproduce relatively
well, whereas high-discrepancy solved problems
are closer to the edge of the current solvable fron-
tier. Training from low to high discrepancy allows
the policy to first consolidate reliable reasoning be-
haviors before moving toward solvable but under-
consolidated examples.

Importantly, PAD-Curriculum does not define
an absolute difficulty level for each problem. Diffi-
culty is defined relative to the current student policy.
As training progresses, a problem may move from
the deferred region into the ranked region once the
student begins to solve it correctly.

3.4 Dynamic Re-Ranking

Given the sorted queue Qgorted, training proceeds
by taking mini-batches from the front of the queue.
Each problem is used at most once per epoch. For
each mini-batch, the student samples G responses
per problem, receives verifier rewards, and per-
forms a GRPO update.

To keep the curriculum aligned with the evolv-
ing policy, PAD-Curriculum re-ranks the remaining
problems every K policy updates. For each prob-
lem, the current student generates a response, the
verifier checks correctness, and the discrepancy
score is recomputed for correctly solved problems.
The queue is then rebuilt by sorting solved prob-
lems according to their updated discrepancy scores,

followed by unresolved problems. This periodic
re-ranking prevents the curriculum from becoming
stale while avoiding recomputation for problems
already consumed in the current epoch. We set
K = 40 in our main experiments and study the
effect of re-ranking frequency in Appendix C.

3.5 Discussion

PAD-Curriculum continuously updates curriculum
difficulty relative to the evolving student policy
rather than relying on fixed difficulty labels. Un-
like distillation methods, the curriculum scorer is
used only for curriculum scoring rather than token-
level supervision, while the student is optimized
entirely through GRPO rewards on its own sampled
trajectories. We distinguish the frozen curriculum
scorer from the reference policy commonly used
for KL regularization in RLHF-style objectives.
The scorer is not part of the GRPO optimization
objective and does not constrain the student policy
during policy updates; it only provides a difficulty
signal for ordering training problems.

Our method assumes access to a reliable correct-
ness verifier, such as rule-based checking for math-
ematical reasoning or code generation. Periodic
re-ranking introduces additional computation due
to student rollouts and scorer-model forward passes.
This cost is controlled by the re-ranking interval
K and by correctness-aware filtering, since scorer-
model discrepancy is computed only for problems
solved by the current student policy. We provide a
theoretical cost analysis in Appendix E.

4 Experiments

4.1 Experimental Setup

Datasets. Our experiments are conducted on three
widely adopted mathematical reasoning bench-
marks: GSM8K (grade-school math word prob-
lems) (Cobbe et al., 2021), MATH (high-school-
level competition math) (Hendrycks et al., 2021),
and NuminaMath-CoT (which includes problems
from AMC/AIME, the AoPS forum, Chinese K12,
Olympiad competitions, and synthetic sources) (Li
et al., 2024).

Baselines. We compare PAD-Curriculum against
five baselines: (1) Original, the model checkpoint
without additional training; (2) GRPO (Shao et al.,
2024), standard Group Relative Policy Optimiza-
tion without curriculum scheduling; (3) RFT (Yuan
et al., 2023), rejection sampling fine-tuning on self-
generated correct reasoning trajectories; (4) Ad-

12333



Model Method GSMS8K MATH AMC/AIME Olympiads
Original 62.09  39.67 1.03 9.68
GRPO 88.07  37.48 9.80 12.47
RET .19 4035 13.74 11.73
Llama-3.1-8B-Instruct 5 8647  40.96 14.28 13.47
AdaBack 9098  39.82 11.07 13.53
PAD-Curriculum  92.51  42.13 16.67 1571
Original 8371  59.18 16.67 14.93
GRPO 9290  65.59 32.35 22.55
OwensSB RET 9033  66.17 27.63 23.89
w OPD 90.86  64.93 30.63 24.11
AdaBack 0401  67.13 33.36 25.46
PAD-Curriculum  95.83  70.41 37.67 27.05

Table 1: Accuracy (%) on GSM8K, MATH, and the AMC/AIME and Olympiads subsets of NuminaMath-CoT. Best

results within each model are shown in bold.

Model Method AoPS CNKI2 ORCA SynAMC Syn Math
Original 822 2726 6371 17.71 47.94

GRPO 1096 3093  64.99 20.14 48.45

RFT 1406 2991  67.14 18.52 48.77
Llama-3.1-8B-Instruct ) 1391 3075 6625 19.68 49.01
AdaBack 1321 31.09 6471 19.42 49.48
PAD-Curriculum 15.77 3331  68.41 22.06 50.55

Original 301 4573 75.08 17.27 5531

GRPO 1507 5192 8039 2374 61.60

Owen3-8B RFT 1533 4815 8331 2435 59.23
OPD 1581 5032  82.46 25.19 61.29

AdaBack 17.81 5385  81.23 27.34 61.86
PAD-Curriculum 19.06  55.65  83.92  28.78 62.84

Table 2: Accuracy (%) on the AoPS, CN K12, ORCA, Synthetic AMC, and Synthetic Math subsets of NuminaMath-

CoT. Best results within each model are shown in bold.

aBack (Amani et al., 2026), a curriculum learning
method that progressively adjusts task difficulty
by providing varying lengths of correct reasoning
prefixes. AdaBack relies on ground-truth reason-
ing trajectories and therefore represents curriculum
learning with process-level supervision; and (5)
On-policy distillation (OPD), instantiated follow-
ing the GKD framework of Agarwal et al. (2024),
an on-policy distillation method that directly op-
timizes the student toward a teacher’s token-level
output distribution on student-generated trajecto-
ries. In contrast, PAD-Curriculum uses the frozen
curriculum scorer only to determine the ordering of
training examples and never treats its token distri-
butions as optimization targets. Full dataset, base-

line, and implementation details are provided in
Appendix A.

4.2 Main Results

We evaluate all methods on Llama-3.1-8B-
Instruct (Grattafiori et al., 2024) and Qwen3-
8B (Yang et al., 2025). Tables 1 and 2 report the
main results.

PAD-Curriculum improves over GRPO and cur-
riculum baselines. PAD-Curriculum achieves the
strongest average performance among the com-
pared methods across the evaluated model families
and benchmarks. The improvements are observed
on grade-school problems, competition-level math-
ematics, and several challenging NuminaMath-CoT
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subsets. These results suggest that adapting the
curriculum to the current student policy provides
useful training signal beyond standard GRPO and
externally defined curriculum baselines.
Comparison among baselines reveals comple-
mentary strengths. All strong baselines improve
over the original model on most benchmarks, con-
firming the effectiveness of outcome-supervised
RL and curriculum-based optimization for rea-
soning tasks. Standard GRPO provides weaker
gains on challenging settings where many prob-
lems may remain outside the policy’s current capa-
bility. PAD-Curriculum consistently achieves the
strongest overall performance, particularly on more
difficult reasoning benchmarks.

Gains are more pronounced on challenging
subsets. PAD-Curriculum shows clear improve-
ments on MATH and several difficult NuminaMath-
CoT subsets, including Olympiads and AoPS. The
AMC/AIME subset follows a similar trend, but
it contains only a small number of test examples
in our split and should therefore be interpreted as
auxiliary evidence. Overall, the results indicate
that policy-adaptive curriculum scheduling is espe-
cially helpful when problems require more complex
multi-step reasoning.

Results are consistent across model families. The
improvements of PAD-Curriculum are observed
for both Llama-3.1-8B-Instruct and Qwen3-8B. Al-
though Qwen3-8B achieves higher absolute accu-
racy across most benchmarks, PAD-Curriculum im-
proves both model families over their correspond-
ing GRPO baselines. This suggests that the pro-
posed curriculum strategy is not tied to a single
model family, although further experiments on ad-
ditional architectures would be needed to establish
broader generality.

4.3 Static vs. Adaptive Difficulty Estimation

To isolate the effect of policy-adaptive discrepancy-
guided difficulty estimation, we compare PAD-
Curriculum against a static scorer-based curriculum
on Qwen3-8B. Both methods use Qwen3-32B as
the frozen curriculum scorer. For the static base-
line, we roll out ten trajectories from Qwen3-32B
for each problem and compute the scorer accu-
racy a; = %0 27173:1 R(qi, 0i,m, yi). Problems with
higher scorer accuracy are treated as easier, and the
static curriculum sorts problems from high to low
a;. The resulting ordering is computed once before
training and remains fixed throughout optimization.

As shown in Table 3, the static scorer-based cur-

Method GSMSK MATH
Original 83.71 59.18
Static Difficulty 93.47 65.31
PAD-Curriculum  95.83 70.41

Table 3: Comparison between static and adaptive diffi-
culty estimation on Qwen3-8B.

riculum improves over the original model but un-
derperforms PAD-Curriculum. This result suggests
that using a stronger scoring model alone is not
sufficient for effective curriculum construction. A
problem that is easy for the Qwen3-32B scorer may
still be difficult for an 8B student, while a problem
solved by the student may still expose meaningful
discrepancies in intermediate token distributions.
PAD-Curriculum captures this student-dependent
difficulty by computing discrepancy along the stu-
dent’s own generated trajectory and updating the
ordering as the policy evolves. The component
ablation in Section 4.4 further shows that both
correctness-aware filtering and discrepancy-guided
ordering contribute to the final performance, while
Appendix B studies the effect of KL direction.

4.4 Component Ablation

Method GSMS8K MATH
Original 83.71 59.18
GRPO 92.90 65.59
PAD w/o Discrepancy 94.61 67.07
PAD wf/o Filtering 95.04 69.38
PAD-Curriculum 95.83 70.41

Table 4: Ablation of correctness-aware filtering and
discrepancy-guided ordering on Qwen3-8B.

To further isolate the contributions of
correctness-aware filtering and discrepancy-
guided ordering, we compare PAD-Curriculum
with two ablated variants. PAD w/o Discrepancy
keeps correctness-aware filtering: currently solved
problems are placed before currently unsolved
ones, but solved problems are randomly ordered
rather than ranked by student—scorer discrepancy.
PAD w/o Filtering keeps discrepancy-guided
ordering but removes correctness-aware filtering,
ranking all problems solely by their normalized
KL discrepancy regardless of whether the current
student solves them correctly. For this variant,
we compute the same discrepancy score on the
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Figure 3: Accuracy improvement over the Original model across MATH difficulty levels from L1 (easiest) to L5

(hardest).

student’s generated trajectory for every problem,
including incorrectly solved ones. These two
variants disentangle frontier identification from
within-frontier ordering. PAD w/o Discrepancy
isolates the effect of correctness-aware frontier
filtering by preserving the solved-before-unsolved
curriculum structure while removing fine-grained
discrepancy-based ordering. PAD w/o Filtering iso-
lates the effect of discrepancy-guided ordering by
applying the normalized KL score to all problems
regardless of current correctness. Together, these
variants test whether the gains of PAD-Curriculum
come from identifying the current solvable frontier,
ordering examples within that frontier, or the
combination of both.

As shown in Table 4, both ablated variants
improve over standard GRPO, indicating that
correctness-aware filtering and discrepancy-guided
ordering each provide useful curriculum signals.
PAD w/o Discrepancy improves over GRPO by
1.71 points on GSMS8K and 1.48 points on MATH,
showing that postponing currently unsolved prob-
lems is beneficial even without fine-grained dis-
crepancy ordering. PAD w/o Filtering further im-
proves performance to 95.04 on GSM8K and 69.38
on MATH, suggesting that student—scorer discrep-
ancy provides an effective ordering signal. How-
ever, PAD-Curriculum achieves the best results,
outperforming PAD w/o Filtering by 0.79 points
on GSMSK and 1.03 points on MATH. These re-
sults disentangle the two roles of PAD-Curriculum:

correctness-aware filtering identifies the student’s
current solvable frontier, while discrepancy-guided
ordering determines the curriculum within that
frontier. Neither component alone explains the
full improvement, supporting the view that frontier
identification and within-frontier scheduling are
complementary rather than redundant mechanisms.

4.5 Performance by Difficulty Level

To further understand how PAD-Curriculum im-
proves reasoning capabilities across different dif-
ficulty levels, we conduct a fine-grained analysis
on the MATH dataset using its pre-annotated diffi-
culty ratings. The test set is divided into five tiers
from L1 (easiest) to L5 (hardest). Figure 3 reports
the accuracy improvement of each method over the
Original model across difficulty tiers.

Several observations emerge from this break-
down. PAD-Curriculum yields consistent gains
over the Original model across all difficulty
tiers. Although the absolute gains over the Orig-
inal model are larger on the easier tiers, PAD-
Curriculum maintains a clear advantage over com-
peting post-training baselines on the hardest tier,
particularly LS. This suggests that policy-adaptive
curriculum scheduling remains effective as rea-
soning difficulty increases. Additional analy-
ses of training dynamics further show that PAD-
Curriculum progressively expands the model’s solv-
able frontier during training, particularly on harder
reasoning tiers (Appendix D).
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Model Method GSMSK MATH AMC/AIME Olympiads
Original 84.53 65.06 20.51 19.17
Qwen3-14B GRPO 94.24 68.90 38.72 23.87
PAD-Curriculum 96.13 71.98 40.07 28.76
Table 5: Model scaling experiments on Qwen3-14B.
Model Method AoPS CNKI12 ORCA Syn AMC Syn Math
Original 1172 47.12 77.11 24.46 60.82
Qwen3-14B GRPO 19.18 53.37 81.51 30.53 62.89
PAD-Curriculum  21.77 56.39 85.07 3241 64.21

Table 6: Model scaling experiments on Qwen3-14B on remaining subsets of NuminaMath-CoT.

4.6 Scaling to Larger Models

To examine whether PAD-Curriculum remains ef-
fective for larger models, we conduct additional
experiments on Qwen3-14B. Tables 5 and 6 present
the results.

PAD-Curriculum improves over both the Origi-
nal model and standard GRPO across the evaluated
benchmarks. The gains are visible on standard
benchmarks such as GSM8K and MATH, as well
as on several NuminaMath-CoT subsets. In partic-
ular, the improvements on Olympiads and AoPS
suggest that policy-adaptive curriculum schedul-
ing remains useful for more challenging reasoning
problems. The AMC/AIME results follow the same
trend, but should again be interpreted cautiously
due to the small test size.

The results also suggest that the benefits of cur-
riculum scheduling are complementary to increas-
ing model size. Although a stronger base model
leaves less room for improvement, the 14B model
still benefits from a discrepancy-guided training
schedule that adapts to its own learning dynamics.
This indicates that PAD-Curriculum can be applied
beyond a single model scale.

5 Conclusion

We introduced PAD-Curriculum, a policy-adaptive
curriculum framework for reasoning RL. Instead
of treating problem difficulty as fixed, PAD-
Curriculum tracks the student’s evolving solvable
frontier and orders currently solvable problems by
normalized student—scorer discrepancy. The cur-
riculum scorer is used only for scheduling, while
policy learning remains driven by GRPO outcome
rewards. Experiments on GSM8K, MATH, and
NuminaMath-CoT across Llama-3.1 and Qwen3

model families show consistent improvements over
GRPO and competitive curriculum baselines, espe-
cially on challenging reasoning benchmarks. These
results suggest that curriculum learning for reason-
ing RL is better viewed as dynamically tracking
the current policy’s learnable frontier than as con-
structing a fixed global ordering over problems.

Limitations

PAD-Curriculum assumes access to a sufficiently
capable white-box curriculum scorer and a reliable
correctness verifier. Because the discrepancy score
compares token-level distributions, the student and
scorer should also have compatible tokenization
spaces; extending the method to black-box scorers
or substantially different tokenizers would require
additional alignment mechanisms.

Our evaluation focuses on single-turn mathe-
matical reasoning with final-answer verification.
Extending PAD-Curriculum to interactive or multi-
step agent settings remains future work. In addition,
periodic re-ranking introduces extra computation
from student rollouts and scorer forward passes,
with the practical overhead depending on the scorer
size and re-ranking frequency.

Ethics Statement

This work focuses on improving mathematical rea-
soning through curriculum learning for reinforce-
ment learning. Potential applications include ed-
ucational tools, automated problem solving, and
reasoning-oriented language model training. At
the same time, improved reasoning capabilities
may be used in broader downstream systems whose
impacts depend on deployment context. Our ex-
periments use publicly available mathematical rea-
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A Experimental Details

A.1 Dataset Details

We conduct our experiments on three widely used
mathematical reasoning benchmarks: GSMS8K,
MATH, and NuminaMath-CoT. The statistics of
the training and test sets are presented in Table 7.
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GSMS8K (Cobbe et al., 2021). GSMSK is a
dataset of 8,500 high-quality grade school math
problems. Each problem requires 2 to 8 steps to
solve, involving basic arithmetic operations. We
use the standard training split for training and the
test split for evaluation. The evaluation metric is
exact match accuracy.

MATH (Hendrycks et al., 2021). MATH is a
dataset comprising 12,500 competition-level math-
ematics problems from AMC 10, AMC 12, AIME,
and other contests. It covers seven subjects: al-
gebra, counting and probability, geometry, inter-
mediate algebra, number theory, prealgebra, and
precalculus. We use the standard training split for
training and the test split for evaluation.

NuminaMath-CoT (Li et al., 2024). A large-
scale collection of mathematical problems with
chain-of-thought annotations, sourced from diverse
origins including competition forums, K12 curric-
ula, and synthetic generation. The dataset covers
a wide spectrum of difficulty levels, from elemen-
tary problems to olympiad-level challenges. In our
experiments, we extract 8,000 problems for train-
ing and 2,000 problems for testing. The dataset
comprises the following seven subsets:

* cn_k12: Problems collected from Chinese
K12 mathematics curricula, covering grades
1 through 12. This subset represents standard
textbook-style problems with moderate diffi-
culty.

» synthetic_math: Synthetically generated
mathematical problems with step-by-step so-
lutions, covering diverse topics including al-
gebra, geometry, and calculus. This subset
provides high-volume training data with con-
sistent formatting.

e orca_math: A curated collection of mathe-
matical problems from the Orca dataset, em-
phasizing multi-step reasoning and diverse
problem-solving strategies.

e olympiads: Problems sourced from vari-
ous national and international mathematical
olympiads, including the International Math-
ematical Olympiad (IMO). This subset rep-
resents the highest difficulty level, requir-
ing advanced reasoning and creative problem-
solving.

* synthetic_amc: Synthetically generated prob-
lems modeled after the American Mathemat-
ics Competitions (AMC), targeting the diffi-
culty range of AMC 10 and AMC 12 contests.

 aops_forum: Problems sourced from the Art
of Problem Solving (AoPS) online forum,
a community-driven platform where partic-
ipants discuss competition-level mathematics.
These problems exhibit high variety and often
require non-standard solution approaches.

* amc_aime: Problems from actual AMC
and AIME (American Invitational Mathemat-
ics Examination) contests. This subset pro-
vides an authentic competition-style evalua-
tion source, but its small test size in our split
means that results should be interpreted as
auxiliary evidence.

We remove exact duplicates between training
and evaluation splits after normalizing whites-
pace, LaTeX formatting, and answer markers. For
NuminaMath-CoT, we additionally check overlap
with GSM8K and MATH evaluation sets using nor-
malized problem statements. Near-duplicate detec-
tion is performed using token-level similarity, and
examples above a similarity threshold are manually
inspected or removed.

Detailed statistics for the three datasets used in
our experiments are presented in Table 7.

Dataset / Subset Train Test
GSMSK 7473 1,319
MATH 7,500 5,000
NuminaMath-CoT 8,000 2,000

Table 7: Dataset information with train and test set sizes.

A.2 Baseline Method Details

For evaluation sets containing at least 500 exam-
ples, we repeat the evaluation three times with dif-
ferent random seeds (42, 43, and 44) and report
the mean accuracy. For evaluation sets containing
fewer than 500 examples, we repeat the evaluation
ten times with different random seeds and report
the mean accuracy to reduce the variance associ-
ated with stochastic generation, which is more pro-
nounced on smaller evaluation sets. We compare
PAD-Curriculum with representative baselines cat-
egorized into four groups:
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1. Original The original model checkpoint with-
out additional training, used as a reference point for
measuring the effects of the compared post-training
methods.

2. Standard Reinforcement Learning Baselines

* GRPO (Group Relative Policy Optimiza-
tion) (Shao et al., 2024): Standard GRPO
training without curriculum learning. The
model samples G trajectories for each prob-
lem, and advantage is computed via within-
group standardization. This baseline serves to
isolate the contribution of curriculum learning,
as it shares the same sampling strategy and
RL objective with PAD-Curriculum but lacks
policy-adaptive curriculum ordering.

OPD (On-Policy Distillation) (Agarwal et al.,
2024): A post-training technique where a stu-
dent model learns from its own generated tra-
jectories by minimizing the reverse KL diver-
gence relative to a distillation teacher’s out-
put distribution. Unlike GRPO which uses
within-group advantage normalization, OPD
directly aligns the student’s distribution with
the teacher distribution through reverse KL
minimization. We implement OPD following
the standard OPD framework.

3. Rejection sampling Fine-Tuning

* RFT: A baseline that also relies on self-
generated correct trajectories but replaces re-
inforcement learning with supervised fine-
tuning. Specifically, for each training epoch,
the current model samples k£ = 10 trajecto-
ries per problem, retains those with correct
answers, and directly fine-tunes the model
on these trajectories using cross-entropy loss.
This baseline evaluates whether the policy-
adaptive curriculum ordering and RL opti-
mization provide advantages over simple im-
itation of self-generated correct trajectories.
Beyond rejection-based fine-tuning, recent
studies have also explored improving LLM
reasoning robustness under misleading or fac-
tually perturbed inputs (Li et al., 2025; Wang
et al., 2026b).

4. External Curriculum Baseline

¢ AdaBack (Amani et al., 2026): A curricu-
Ium method that controls task difficulty by

providing varying lengths of correct reason-
ing prefixes. Following the original imple-
mentation, we assume access to ground-truth
chain-of-thought trajectories in the training
data. Shorter prefixes indicate harder prob-
lems. This baseline represents existing cur-
riculum learning approaches that depend on
external process supervision (i.e., annotated
reasoning steps), unlike our method which
relies only on final answer verification.

Curriculum scorer.  PAD-Curriculum uses
family-matched stronger frozen curriculum scor-
ers for discrepancy-guided difficulty estimation.
For Llama-3.1-8B-Instruct, we use Meta-Llama-
3.1-70B-Instruct as the scorer. For Qwen3-
8B and Qwen3-14B, we use Qwen3-32B. This
family-matched design ensures that token-level
Scorer—Student KL discrepancy is computed over
a compatible tokenization space. The scorer is
used only during curriculum construction and pe-
riodic re-ranking. It provides token distributions
for computing the normalized discrepancy score on
student-generated correct trajectories, but it is not
updated, not used to generate training targets, and
not used as the KL-regularization reference pol-
icy in the GRPO objective. For a fair comparison,
OPD uses the same family-matched model as its
distillation teacher, whereas PAD-Curriculum uses
it only as a curriculum scorer.

A.3 Hyperparameter Details

Table 8 summarizes main hyperparameters used in
our experiments.

Parameter Value
GPUs 8 x A100
Global batch size 128
Learning rate le-6
Training epochs 20
Group size G 10

Max response length 2048

Re-ranking interval K 40
Numerical stability e le-8

Table 8: Summary of main hyperparameters.

B Effect of KL Direction

We further study the effect of KL direction in
discrepancy-guided difficulty estimation. PAD-
Curriculum uses the Scorer—Student KL discrep-
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ancy, Dk, (Tscore || g ), to measure how much prob-
ability mass assigned by the stronger frozen cur-
riculum scorer is missing under the current student
policy along the student’s own trajectory. As an
alternative, we evaluate a Student— Scorer KL vari-
ant that replaces this score with Dk, (7g||Tscore)s
while keeping the remaining curriculum construc-
tion procedure unchanged.

Method GSMSK MATH
Original 83.71 59.18
Student—Scorer KL 92.93 66.28
PAD-Curriculum 95.83 70.41

Table 9: Effect of KL direction on Qwen3-8B.
The Student—Scorer variant uses Dkr, (7 ||Tscore) for
discrepancy-guided ordering, whereas PAD-Curriculum
uses the Scorer— Student discrepancy Dxr, (Tscore ||79)-

As shown in Table 9, the Student— Scorer vari-
ant improves over the original model but performs
worse than PAD-Curriculum by a clear margin.
This suggests that the direction of the discrepancy
measure matters. The Scorer— Student KL used in
PAD-Curriculum better captures probability mass
that the curriculum scorer considers important but
the student underestimates on student-generated
trajectories. In contrast, the Student— Scorer direc-
tion can be dominated by tokens that the student
already assigns high probability to, making it less
effective for identifying solvable but still informa-
tive examples. These results support our choice of
Scorer—Student KL for curriculum scoring.

C Effect of Re-Ranking Frequency

We also investigate the impact of difficulty re-
ranking frequency on model performance. Re-
call that PAD-Curriculum dynamically updates the
difficulty ordering based on the model’s evolving
student—scorer discrepancy scores. The re-ranking
interval determines how often this update occurs.
Table 10 reports the MATH accuracy under differ-
ent re-ranking intervals.

The results show that dynamic re-ranking con-
sistently outperforms the static curriculum with-
out re-ranking, providing evidence that updating
the difficulty ordering during training is beneficial.
Among the different intervals, updating every 20
steps yields the best performance, while longer in-
tervals lead to slightly lower accuracy. However,
all intervals with re-ranking achieve comparable
results, suggesting that the method is not overly

Re-Ranking Interval MATH Accuracy
No Re-Ranking 69.73
Every 20 steps 70.56
Every 40 steps 70.41
Every 60 steps 70.19
Every 80 steps 70.24

Table 10: Effect of re-ranking interval on MATH accu-
racy.

sensitive to the exact re-ranking frequency as long
as updates are performed regularly. In our main ex-
periments, we adopt a re-ranking interval of every
40 steps as a balanced choice between adaptation
frequency and computational overhead.

D Training Dynamics and Curriculum
Behavior

To better understand how curriculum learning af-
fects optimization across reasoning difficulty levels,
we further analyze the training dynamics of GRPO
and PAD-Curriculum on the MATH benchmark
(Qwen3-8B). In particular, we track the accuracy
of different MATH difficulty tiers throughout train-
ing.

D.1 Difficulty-wise Learning Dynamics

Figure 4 presents the training dynamics across
MATH difficulty tiers from L1 (easiest) to L5 (hard-
est). We evaluate model performance every four
training epochs for both standard GRPO and PAD-
Curriculum. Several observations emerge from the
training dynamics.

First, standard GRPO improves rapidly on eas-
ier difficulty tiers during early training stages, but
progress on harder tiers becomes increasingly lim-
ited as training proceeds. This suggests that stan-
dard outcome-supervised RL tends to focus on
problems that already provide relatively stable re-
ward signals, while optimization on more difficult
problems remains challenging.

In contrast, PAD-Curriculum exhibits a different
progression pattern across difficulty levels. Eas-
ier tiers improve first, while harder tiers begin to
accelerate more noticeably during later stages of
training. This delayed-but-progressive improve-
ment is especially visible on higher-difficulty tiers,
where PAD-Curriculum continues to improve even
after standard GRPO begins to plateau.

Second, the performance gap between PAD-
Curriculum and GRPO becomes progressively
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Figure 4: Difficulty-wise learning dynamics during training on the MATH benchmark. Standard GRPO rapidly
improves on easier difficulty tiers but exhibits slow progress on harder tiers. In contrast, PAD-Curriculum progres-
sively unlocks harder reasoning problems during later training stages, especially on L4-L5.

larger as difficulty increases. On easier tiers, both
methods achieve relatively strong performance af-
ter sufficient training. However, on harder tiers,
PAD-Curriculum maintains more stable improve-
ment throughout optimization, suggesting that
policy-adaptive curriculum scheduling is particu-
larly beneficial for challenging multi-step reason-
ing problems.

Overall, these dynamics are consistent with the
central hypothesis of PAD-Curriculum: curriculum
difficulty should be defined relative to the evolving
student policy rather than by static external diffi-
culty labels. By prioritizing problems within the
model’s current solvable region and progressively
introducing more challenging solvable examples,
PAD-Curriculum gradually expands the model’s
solvable frontier throughout training.

D.2 Discussion: Curriculum Frontier
Expansion

The observed dynamics suggest that PAD-
Curriculum does not merely improve final accu-
racy, but also changes the optimization trajectory
of reinforcement learning itself.

Under standard GRPO, optimization tends to
concentrate on easier problems that already pro-
vide relatively reliable reward signals, while harder
problems remain difficult to optimize because of
sparse outcome supervision. As a result, learning
on higher difficulty tiers often slows substantially
during later stages of training.

In contrast, PAD-Curriculum dynamically ad-
justs the training distribution according to the evolv-

ing capability of the current student policy. Prob-
lems that are currently solvable but still exhibit sub-
stantial discrepancy from the curriculum scorer are
gradually emphasized during later training stages.
This creates a curriculum-like progression in which
easier reasoning behaviors are consolidated first
before progressively extending toward harder rea-
soning problems.

The observed training dynamics therefore pro-
vide additional evidence that policy-adaptive cur-
riculum learning can progressively expand the
model’s solvable reasoning frontier over time.

E Theoretical Analysis of Re-ranking
Cost

This section analyzes the additional forward-token
cost introduced by periodic re-ranking. Since the
curriculum scorer is larger than the student model,
this analysis should be interpreted as a theoretical
cost decomposition rather than a direct wall-clock
measurement. Actual wall-clock overhead also
depends on model size, batching strategy, decoding
efficiency, and hardware configuration.

Theoretical analysis. Each re-ranking requires
greedy decoding and KL computation on the re-
maining problems. For a problem answered cor-
rectly, we need both student and scorer forwards;
for incorrect problems, only student forwards. Let:

* N: total number of training problems

. Nr(;)min: number of remaining problems at the

r-th re-ranking
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» L: average response length (tokens per gener-
ated response)

« a("): correctness rate of the student policy at
the r-th re-ranking

 T': total number of training steps
e B: batch size

* (3: group size (number of responses sampled
per problem in GRPO)

e K: re-ranking interval (steps)
* R =|T/K|: total number of re-rankings

The total forward tokens required by baseline
GRPO is:

Baseforward =1 X B x G x L.

For a single re-ranking, the number of forward
tokens is:

") _ N

rerank — ~ 'remain

Forward x L x (14+aM).

The first term Nr(erglain x L accounts for greedy
decoding (student forward only). The second term
Nr(;)]ain x o) x L accounts for the additional
curriculum-scorer forward required only for cor-
rectly answered problems.

The total re-ranking overhead across training is:

R
Extraforward = L Z N, )

remain

x (1+a).
r=1
Thus, the re-ranking cost fraction is:

Re-ranking Cost Fraction =
Extraforward

Baseforward + EXtraforward

Canceling L from numerator and denominator:

27{%:1 Nr(e;)lain(l + a(r))

Cost Fraction =

TBG+ R NY (14 a0)

remain

Special case: uniform approximation. If we

approximate Nr(;r)lain ~ N/2 (average remaining
problems) and ol ~ @ (average correctness rate)

for all r, the cost fraction simplifies to:

1+

‘%'(

—~

)

Cost Fraction ~ —.
+ a)

— | Ql

=

R-

TBG +

Since T' = %, this can be further expressed

in terms of training epochs £ and the number of
re-rankings per epoch R/ E.

Key observations.

* Under the simplifying assumption that base-
line and re-ranking trajectories have the same
average response length, L cancels from the
forward-token ratio.

* For a fixed number of epochs, substituting
T = NE/B gives TBG = NEG. There-
fore, the forward-token ratio is independent
of batch size B under this approximation,
while a larger group size G increases the base-
line sampling cost and reduces the relative
re-ranking overhead.

* More frequent re-ranking increases the over-
head, while correctness-aware filtering re-
duces scorer evaluations by restricting them
to currently solved problems.

 This token-count analysis does not directly
represent wall-clock or FLOP overhead be-
cause the curriculum scorer is substantially
larger than the student model.

F Case Study: Curriculum Scheduling vs.
Token-Level Distillation

Token-level distillation methods (e.g., OPD (Agar-
wal et al., 2024)) train the student to match the
teacher’s token distribution at each position. While
this can improve task performance, it may correct
local token preferences without necessarily improv-
ing the underlying reasoning procedure. In contrast,
PAD-Curriculum uses the curriculum scorer only
for curriculum scoring. It does not train the student

* to match scorer-model token distributions; the stu-

dent learns from its own complete trajectories via
GRPO rewards.
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Ground Truth: n = 36

Problem. For two real values of n, the equation 922 + nx + 36 = 0 has exactly one
solution in x. What is the positive value of n?

Figure 5: Example problem used in the case study.

F.1 Problem Setting

We select a Level 4 algebra problem from the
MATH training set, as shown in Figure 5.

The student model (Qwen3-8B) applies the dis-
criminant method. The critical step is computing
4dac = 4 x 9 x 36. The student erroneously com-
putes this as 324 instead of 1296, leading ton = 18
instead of n = 36:

A =n? —4(9)(36) = n? — 324
n?=324 = n==+18 = [18]

The student’s reasoning is self-consistent; only
the arithmetic is wrong.

F.2 The Problem with Token-Level
Distillation

Token-level distillation directly encourages the stu-
dent’s token distribution to approach the teacher
distribution along the training trajectory. In this
example, such supervision can favor the token se-
quence corresponding to the correct intermediate
value. However, matching the teacher distribution
at local positions does not by itself distinguish
whether an improvement arises from correcting
the underlying arithmetic procedure or from chang-
ing local generation preferences. This distinction
motivates two considerations:

1. Unreliable inference. The student may pro-
duce correct or incorrect answers depending
on whether the shifted distribution dominates.

2. Limited reasoning correction. The student
may correct a local token preference without
necessarily correcting the underlying arith-
metic procedure.

F.3 How PAD-Curriculum Avoids This

Our method uses student—scorer KL discrepancy
purely as a scheduling signal, not as a training
target. The student always learns from its own
complete trajectories via GRPO rewards. For this
problem:

* If the student currently fails to solve it, the
problem is deferred and re-evaluated in a later
curriculum stage.

* When the problem re-enters training, the stu-
dent generates its own trajectories and re-
ceives outcome rewards from the verifier.

* Any improvement therefore comes from
reward-driven updates on sampled trajectories
rather than direct imitation of scorer-model
tokens.

This case study illustrates the distinction be-
tween using a scoring model as a token-level train-
ing target and using a frozen curriculum scorer only
as a scheduling signal.
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