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Abstract

Curriculum learning typically organizes training samples from easy to hard. In
GRPO, medium-difficulty samples are attractive for online selection because they
are more likely to yield informative group-relative learning signals, and prioritiz-
ing them can improve training efficiency. However, it remains unclear whether
persistently selecting such samples also leads to the strongest final model perfor-
mance, or whether training can benefit from progressing toward harder samples.
Meanwhile, sample difficulty changes as the policy evolves, so fixed difficulty esti-
mates can become misaligned with the current policy. We therefore re-estimate
sample difficulty under the current policy and, inspired by the easy-to-hard
principle of curriculum learning, design and evaluate a staged curriculum that
progressively shifts the active difficulty band toward harder samples. Experiments
on GSM8K show that persistent medium-difficulty selection does not achieve
the strongest observed performance. Across three random seeds, progressing to
a moderately harder difficulty band improves test accuracy to 0.6591 ± 0.0077,
compared with 0.6449 ± 0.0024 for the fixed-medium curriculum. However, fur-
ther progression to a harder difficulty band reduces accuracy to 0.6405 ± 0.0053.
These results show that staged difficulty progression can outperform persistent
medium-difficulty selection, but its benefit is non-monotonic. Effective GRPO
curricula can therefore benefit from progressing beyond medium difficulty, while
avoiding excessive progression toward overly difficult samples.

Keywords: reinforcement learning with verifiable rewards, group relative policy
optimization, difficulty dynamics, curriculum learning
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1 Introduction

Reinforcement learning with verifiable rewards (RLVR) provides a direct way to
improve reasoning models when outputs can be checked by explicit correctness rules.
Group Relative Policy Optimization (GRPO) constructs policy updates from multi-
ple responses to the same problem and does not require a separately trained value
model [14]. Under binary correctness rewards, problems whose responses are nearly
all correct or nearly all incorrect tend to produce low within-group reward variance
and thus weak group-relative learning signals [22]. In contrast, prompts whose sam-
pled responses differ in correctness provide nonzero reward variance for group-relative
advantage estimation and can therefore yield more informative learning signals [7].

This property raises important questions for curriculum learning in GRPO. Clas-
sical curriculum learning typically organizes training samples from easy to hard
according to estimated difficulty [2]. In GRPO, however, two practical questions arise:
whether difficulty estimates computed before training remain aligned with the evolv-
ing policy, and whether progressively increasing curriculum difficulty continues to
provide useful learning signals. Because difficulty is relative to the current policy, the
same problem may move between easy, medium, and hard difficulty bands as training
proceeds. Moreover, a lower success rate does not necessarily correspond to a more
informative optimization signal. Consequently, a curriculum constructed from initial
difficulty can become temporally misaligned with the current policy. This motivates
estimating sample difficulty online under the current policy, so that training decisions
reflect the model’s current state rather than stale initial estimates. However, online
difficulty estimation alone does not determine which difficulty band should be used as
the policy evolves.

Figure 1 summarizes the motivation of this work. In GRPO, intermediate-
solvability problems are attractive for online selection because they are more likely
to generate mixed correct and incorrect responses and therefore informative group-
relative signals. At the same time, difficulty may change as the policy evolves,
motivating our investigation of both stale precomputed difficulty estimates and
curriculum scheduling across difficulty bands.

Recent work has shown that adaptive curricula and online data selection can
improve RLVR data efficiency by using reward statistics, estimated success rates,
uncertainty, gradient information, or learnability signals [1, 4, 8, 17, 18, 20, 28]. In
GRPO, samples with intermediate success rates are particularly relevant because they
are more likely to produce groups containing both correct and incorrect responses,
thereby yielding nonzero group-relative learning signals [7, 22]. This raises a further
question: is continually selecting such medium-difficulty samples sufficient to maximize
final model performance, or can the model benefit from progressing toward harder sam-
ples as its policy evolves? If such progression is beneficial, it remains unclear whether
the benefit persists as curriculum difficulty continues to increase.

We address these questions through a sequence of curriculum experiments. First,
we track the same 1,495 GSM8K training samples throughout a continuous GRPO run
to characterize how sample difficulty evolves with the policy. Second, we test whether
a static curriculum constructed from initial difficulty becomes misaligned with the
current policy. Third, we introduce a fixed-medium curriculum that keeps the active

2



Easy

weak
signal

Medium

informative
signal

Hard

limited
signal

(a) Learning signal and solvability

× × × ×

× ×

× × ×

(b) Difficulty changes with the policy

B3

ckpt 0

B2

later

B4

later

B3

final

Same problem changes difficulty as the policy evolves

Q1. Do precomputed
difficulty estimates remain

aligned during training?

Difficulty tracking
Static curriculum

Intermediate-solvability
samples are often

prioritized for
informative signals

Q2. Is persistent selection from
the medium-difficulty band sufficient,

or should the curriculum progress
to harder difficulty bands?

Fixed
medium

Staged
B1 B5

Precomputed difficulty can become stale;
the benefit of increasing difficulty is non-monotonic

(c) Research questions and tests

Fig. 1 Motivation and research questions for difficulty-aware training in GRPO. (a) The usefulness of
a training problem depends on its current solvability: overly easy or hard problems tend to yield weak
group-relative learning signals, whereas intermediate-solvability problems are more likely to produce
informative comparisons among sampled responses. (b) Sample difficulty depends on the current
policy and can change across difficulty bands as training proceeds, making precomputed difficulty
estimates potentially stale. (c) Intermediate-solvability samples are therefore natural candidates for
online selection and are emphasized by recent difficulty-aware selection strategies. This motivates
two questions examined in this study: whether precomputed difficulty estimates remain aligned with
the evolving policy, and whether persistently selecting the medium-difficulty band is sufficient or the
curriculum should progress to harder difficulty bands during training.

difficulty band fixed at B3 while samples are reselected online according to the current
policy. This setting tests whether continuously selecting samples from an informa-
tive medium-difficulty band is sufficient for maximizing final performance. Finally, we
evaluate a staged curriculum in which the active difficulty band progresses from eas-
ier to harder bands according to the empirical success rate under the current policy.
Across three random seeds, the staged curriculum achieves higher test performance at
the moderately harder B4 band than the fixed-medium curriculum. However, further
progression into the harder B5 band consistently reduces test performance. Together,
these experiments suggest that medium-difficulty samples provide informative learn-
ing signals but are not sufficient by themselves to maximize final model capability.
Progression to a moderately harder difficulty band can improve performance, whereas
further increases in curriculum difficulty are not monotonically beneficial. Detailed
metric definitions, additional training trajectories, and performance on the fixed diag-
nostic subsets used for checkpoint selection and stage transitions are provided in the
appendices.

Figure 2 provides a visual comparison of the training paradigms considered in this
study, highlighting the differences between static difficulty ordering, online sample
selection, and staged difficulty progression.

The main contributions of this work are summarized as follows:

• Policy-dependent difficulty dynamics. We systematically characterize how
sample difficulty changes during GRPO training and show that individual sam-
ples exhibit substantial and non-monotonic difficulty changes. We further observe
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Fig. 2 Comparison of the training paradigms considered in this study. Standard GRPO uses the
full training set without difficulty-based selection. The static curriculum uses a fixed easy-to-hard
ordering determined by the initial solvability estimate P0(x). The fixed-medium curriculum reselects
samples online according to the current-policy success rate while keeping difficulty band B3 fixed.
The staged curriculum reselects samples online while moving the active difficulty band through B1 →
B2 → B3 → B4 → B5.

that relatively stable global difficulty rankings can coexist with substantial turnover
within specific difficulty bands, highlighting the limitations of relying on fixed
difficulty estimates throughout training.

• Staged difficulty progression. We design and evaluate a staged curriculum that
re-estimates sample difficulty under the current policy and progressively shifts the
active difficulty band toward harder samples. Experiments across multiple random
seeds show that persistent medium-difficulty selection does not achieve the strongest
observed performance, while progressing to a moderately harder difficulty band
provides additional gains. However, further progression to harder samples reduces
performance, revealing a non-monotonic benefit of increasing curriculum difficulty.

The remainder of this paper is organized as follows. Section 2 reviews related work
on GRPO and reinforcement learning with verifiable rewards, dynamic data selec-
tion, and curriculum learning with model-dependent difficulty. Section 3 introduces
the problem formulation and empirical framework, including policy-dependent sample
difficulty and the curriculum settings considered in this work. Section 4 describes the
experimental setup for difficulty tracking, static curriculum training, the fixed-medium
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curriculum, and the staged curriculum. Section 5 presents the empirical results on dif-
ficulty dynamics, the misalignment of precomputed difficulty, and performance under
different curriculum conditions. Section 6 discusses the implications of the results, the
relationship between online sample selection and difficulty progression, as well as the
limitations and future directions of this study. Finally, Section 7 concludes the paper
by summarizing the main findings and their implications for difficulty-aware GRPO
training.

2 Related Work

2.1 GRPO and RLVR

RLVR has become a major approach for improving reasoning with rule-based or other-
wise verifiable rewards. DeepSeekMath introduced GRPO for mathematical reasoning,
and subsequent work extended verification-based reinforcement learning to broader
reasoning tasks and formal theorem proving [5, 14, 21]. Compared with PPO-based
approaches that rely on an additional value model, GRPO constructs relative advan-
tages from multiple sampled responses within the same prompt, thereby reducing
reliance on explicit value estimation. Recent studies have further investigated GRPO
and related reinforcement learning frameworks from the perspectives of sampling
strategy, objective design, and optimization stability [10, 24, 27].

In contrast to these algorithm-level improvements, our work focuses on the inter-
action between the evolving policy and training samples. Since GRPO derives learning
signals from relative rewards within response groups, the usefulness of a problem is
closely related to its current solvability under the current policy. However, existing
GRPO studies mainly focus on optimization objectives and training stability, while the
evolution of individual-sample difficulty with the policy has been less systematically
characterized.

2.2 Dynamic Data Selection

Dynamic data selection aims to improve training efficiency by identifying samples
that are more valuable given the current model state. Offline selection methods esti-
mate data value using reward trajectories, influence estimation, or multi-factor scoring
[9, 18, 19]. In contrast, online selection methods adapt sample choices during optimiza-
tion according to model-dependent signals, such as reward variance, predicted success
probability, Bayesian uncertainty, transition dynamics, or gradient-related information
[1, 11, 13, 15, 17, 26]. Other approaches, including PCL and CurES, further exploit
intermediate success rates or gradient-efficient sampling strategies to improve training
efficiency [4, 25].

These studies motivate treating the utility of training samples as model-dependent
rather than fixed. In particular, prioritizing samples with intermediate success rates
provides a natural strategy for GRPO, since such samples are more likely to produce
mixed correct and incorrect responses and therefore informative group-relative learn-
ing signals [7, 22]. Existing online selection methods already adapt sample choices
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according to the current model state. However, it remains unclear whether continu-
ously selecting samples with intermediate solvability, even when sample difficulty is
re-estimated online, is sufficient to maximize final model performance. Our work com-
plements these studies by systematically characterizing how the difficulty of the same
samples evolves with the policy and by examining the sufficiency of persistent selection
of intermediate-solvability samples as the policy evolves.

2.3 Curriculum Learning with Model-Dependent Difficulty

Curriculum learning traditionally organizes training data according to estimated dif-
ficulty, following the principle of gradually increasing task complexity [2]. Recent
reasoning-oriented studies have incorporated curriculum strategies into reinforcement
learning. E2H Reasoner explicitly organizes tasks in an easy-to-hard order [12], while
Re-Schedule constructs curricula according to reasoning complexity rather than final-
answer accuracy [20]. Other approaches, such as AdaRFT and AdaCuRL, further
adjust training difficulty according to the evolving model state [8, 16].

These difficulty-aware curriculum approaches suggest that organizing training
according to model-dependent difficulty can improve training efficiency by providing
samples with appropriate learning challenges. However, traditional easy-to-hard cur-
riculum learning is built on the intuition that models benefit from being exposed to
increasingly complex examples as their capabilities improve [2]. This assumption may
not always hold in GRPO, where optimization depends on relative rewards among
sampled responses. Extremely easy problems may provide limited learning signals due
to low reward variance, while extremely difficult problems may also provide limited
informative comparisons when most responses are incorrect [7, 22].

Therefore, beyond estimating sample difficulty under the current policy, an impor-
tant open question in GRPO curriculum learning is whether moving toward harder
difficulty bands continues to provide benefits as the policy evolves. In particular, it
remains unclear whether the gains from moving to harder difficulty bands persist as
curriculum difficulty continues to increase. Our work investigates this issue by char-
acterizing how difficulty evolves with the policy and evaluating a staged easy-to-hard
curriculum across increasingly difficult bands. This allows us to examine whether pro-
gressively increasing curriculum difficulty remains beneficial, rather than assuming a
monotonic benefit from moving to harder difficulty bands.

3 Problem Formulation and Empirical Framework

Tables 1 and 2 summarize the main notation used throughout this paper.

3.1 Difficulty Under the Current Policy

Let πθt denote the policy at training state t. For a problem x, we define its solvability
under the current policy as

pt(x) = Pr
y∼πθt (·|x)

[V (x, y) = 1], (1)
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Table 1 Main notation for policy-dependent difficulty and curriculum settings.

Symbol Meaning

x, xi A training problem; xi denotes the i-th problem.
y A response sampled from the policy for problem x.
t, tk Training state or checkpoint; tk denotes the k-th tracked check-

point.
θt, πθt Model parameters and the corresponding policy at training

state t.
V (x, y) Binary correctness verifier for response y to problem x.
pt(x) True solvability of problem x under the policy at training state

t.
dt(x) True policy-dependent difficulty, defined as 1− pt(x).
G Number of sampled responses used to estimate problem solv-

ability.
rt,g(x) Binary correctness reward of the g-th sampled response for

problem x at training state t.
Pt(x) Empirical success rate estimated from G responses sampled

under the policy at training state t.

d̂t(x) Estimated policy-dependent difficulty, defined as 1− Pt(x).
T Sequence of training checkpoints used to track difficulty

changes.
Bs = [ls, us] Difficulty band used at curriculum stage s, operationalized by

the success-rate interval [ls, us].
B1, . . . , B5 Predefined difficulty bands used in the staged curriculum.
B3 Medium-difficulty band kept fixed in the fixed-medium curricu-

lum and used as the third stage of the staged curriculum.
at(x) Binary gating variable indicating whether problem x belongs to

the active difficulty band at training state t.

where V (x, y) ∈ {0, 1} is the correctness verifier. The corresponding true difficulty is
defined as dt(x) = 1− pt(x). With G sampled responses, we estimate solvability as

Pt(x) =
1

G

G∑
g=1

rt,g(x), d̂t(x) = 1− Pt(x). (2)

Since the true solvability pt(x) cannot be computed exactly in practice, we use the

empirical success rate Pt(x) and the corresponding estimated difficulty d̂t(x) for all
analyses.

3.2 Difficulty Dynamics

Let T = {t0, t1, . . . , tK} denote the ordered sequence of checkpoints used for difficulty
tracking.
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Table 2 Notation for difficulty-dynamics and difficulty-band membership metrics.

Symbol Meaning

Ri Difference between the maximum and minimum empirical solv-
ability of problem xi over the tracked training trajectory.

Di,init Maximum absolute deviation of problem xi from its initial
empirical solvability over the tracked trajectory.

∆i,k Difference in empirical solvability of problem xi between con-
secutive checkpoints tk−1 and tk.

δ Minimum-change threshold used to identify meaningful direc-
tion reversals.

St(B) Set of tracked problems whose empirical solvability lies in band
B at training state t.

N Total number of problems in the fixed observation set.
Retentiont(B),
Outflowt(B)

Fractions of initial band members that remain in or leave band
B, respectively.

Inflowt(B) Fraction of current members of band B that were outside the
band initially.

Jaccardt(B) Jaccard similarity between the initial and current membership
of band B.

Mismatcht(B) Symmetric difference between initial and current band mem-
bership, normalized by N .

TVi Sum of the absolute empirical-solvability changes of problem xi
across consecutive tracked checkpoints.

Ei Extra variation caused by back-and-forth changes in the empir-
ical solvability of problem xi, defined as TVi −Ri.

ρ, τb Spearman and Kendall rank-correlation coefficients, respec-
tively.

We quantify the variation in empirical success rate for each problem over training
using its training-period span

Ri = max
t∈T

Pt(xi)−min
t∈T

Pt(xi). (3)

We also measure the maximum absolute deviation from the initial empirical success
rate as

Di,init = max
t∈T

|Pt(xi)− P0(xi)| . (4)

To identify non-monotonic changes, we examine checkpoint-to-checkpoint differ-
ences

∆i,k = Ptk(xi)− Ptk−1
(xi). (5)

After discarding changes with |∆i,k| < δ, we count a direction reversal whenever
two consecutive retained changes have opposite signs. Here, δ denotes the minimum-
change threshold used to suppress small fluctuations caused by finite sampling. Since
each empirical success-rate estimate is based on G = 32 sampled responses, we set
δ = 0.125 as the primary threshold, corresponding to four increments of 1/32 in the
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empirical success rate. Sensitivity analyses with alternative thresholds (δ = 0.0625
and δ = 0.25) are reported in Appendix B. We additionally examine global rank
correlation and local membership changes in predefined success-rate intervals. Full
definitions of retention, inflow, outflow, Jaccard similarity, mismatch, total variation,
extra round-trip variation, and re-entry are given in Appendix A.

3.3 Evaluation of Static Difficulty and Curriculum Scheduling

We examine two related questions that arise because difficulty depends on the current
policy. First, we test whether curricula constructed from initial difficulty estimates
become misaligned with the current policy as training proceeds. Specifically, we con-
struct a static curriculum by estimating sample difficulty under the initial policy and
fixing the resulting difficulty ordering throughout training. This setting allows us to
examine whether the initial difficulty estimates remain aligned with difficulty under
the current policy.

Second, we study how curriculum difficulty should be scheduled once sample dif-
ficulty is re-estimated online under the current policy. In particular, we ask whether
persistently using a medium-difficulty band is sufficient to maximize final performance
and whether progressing to harder difficulty bands continues to provide benefits as
curriculum difficulty increases. We use the term difficulty band to denote a predefined
range of policy-dependent sample difficulty used for curriculum selection. Each diffi-
culty band Bs is operationalized by a corresponding success-rate interval [ls, us]. At
curriculum stage s, Bs is referred to as the active difficulty band. A sample contributes
to the policy loss only when its estimated solvability falls within the success-rate
interval associated with the active difficulty band:

at(x) = I[Pt(x) ∈ Bs]. (6)

Under the fixed-medium curriculum, the active difficulty band remains fixed at B3

while eligible samples are reselected online as the policy evolves. Under the staged
curriculum, the active difficulty band progresses toward bands associated with lower
success rates and therefore greater difficulty. Comparing these curricula allows us
to examine whether online sample reselection is sufficient when the difficulty band
remains fixed and how performance changes as the curriculum progresses to harder
difficulty bands.

This gating mechanism is used only to define the experimental conditions. An
effective update is an optimizer step in which at least one sample satisfies the gate
and a parameter update actually occurs.

4 Experimental Setup

4.1 Model and Training Configuration

We use GSM8K [3] with Qwen2.5-1.5B-Instruct [23] and LoRA fine-tuning [6]. Due to
different computational requirements, we use different numbers of sampled responses
for difficulty estimation and online optimization. Specifically, we use G = 32 responses
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Table 3 Difficulty bands and corresponding success-rate intervals used in the
online curriculum conditions.

Difficulty band Success-rate interval Correct out of 8 Relative difficulty

B1 [0.625, 0.875] 5–7 Easier
B2 [0.500, 0.750] 4–6 Moderately easy
B3 [0.375, 0.625] 3–5 Medium
B4 [0.250, 0.500] 2–4 Moderately hard
B5 [0.125, 0.375] 1–3 Harder

per problem for offline difficulty analysis and G = 8 responses per problem during
curriculum experiments. The main training runs use a batch size of 8, a gradient
accumulation factor of 1, a learning rate of 1 × 10−5, a temperature of 0.7, top-p of
0.85, and a maximum generation length of 1,024 tokens. Answer correctness is used as
the primary verifiable reward. An auxiliary length reward with a fixed weight of 0.2
and a preferred response-length range of 60–650 tokens is also used, but it is not used
to compute Pt(x) or make gating decisions. The official GSM8K test set is used only
for generalization evaluation.

4.2 Difficulty Tracking and Static Curriculum

Before training, all 7,473 GSM8K training problems are evaluated with 32 genera-
tions each to obtain their initial solvability estimates. We first perform a reference
GRPO run using the standard GRPO objective without difficulty-based filtering
or curriculum scheduling. During this training process, checkpoints are saved at
{0, 10, 20, 30, 40, 50, 100, 250, 500, 1000, 1500, 2000, 4000, 7473}.

For performance comparison, we independently run the standard GRPO baseline
with the same three random seeds used in the curriculum experiments. Each run is
trained for one complete pass over the 7,473 GSM8K training problems. We retrospec-
tively report the best observed test accuracy along each completed training trajectory;
these test values are used only for post-hoc performance comparison and do not affect
training, early stopping, or parameter updates.

A fixed stratified observation set of 1,495 problems (20% of the training set) is con-
structed by proportional sampling based on the initial solvability distribution P0(x),
preserving the original difficulty distribution of the full training set. At each check-
point, the observation set is reevaluated with 32 generations under the corresponding
policy to obtain updated solvability estimates Pt(x) and characterize difficulty changes
over training.

The static easy-to-hard curriculum first estimates the difficulty of training samples
under the initial policy and ranks all training problems in descending order based on
their initial solvability P0(x), where a higher solvability score indicates an easier sam-
ple. This ordering is fixed throughout training without further difficulty re-estimation.
To assess how the fixed difficulty ordering becomes misaligned with the evolving pol-
icy, the next 500 samples in the training order are reevaluated at steps 1000, 2500,
3500, 4500, 5500, and 6500.

10



The static curriculum is independently repeated with three random seeds. For the
multi-seed static curriculum comparison, we retrospectively report the best observed
test accuracy along each completed training trajectory; these test values are used only
for post-hoc performance comparison and do not affect training, early stopping, or
parameter updates. Its best observed test performance is reported in Sec. 5.3, while
the complete difficulty-misalignment statistics for the static curriculum and multi-seed
results are provided in Appendix D.

4.3 Fixed-Medium and Staged Curricula

The staged curriculum progressively moves the active difficulty band through B1 →
B2 → B3 → B4 → B5. Based on the initial solvability estimate P0(x), five fixed
diagnostic subsets are constructed sequentially for B1 through B5, with 128 problems
assigned to each subset. To ensure that the diagnostic subsets are mutually exclu-
sive despite the overlapping success-rate intervals, any problem already assigned to
an earlier diagnostic subset is excluded from subsequent subset construction. These
diagnostic subsets are used only to monitor the staged curriculum and are excluded
from training, leaving 6,833 training candidates.

Every 50 effective updates, the diagnostic subset corresponding to the current cur-
riculum stage is evaluated, with eight responses generated for each problem. Stage
transitions follow a fixed patience-based rule applied to the diagnostic trajectory. A
later checkpoint is treated as a new best only when its diagnostic accuracy exceeds
the current best by more than the empirical noise tolerance of 0.0107. Once a new
best checkpoint is established, training continues for two additional diagnostic evalua-
tions after 50 and 100 additional effective updates, respectively. If neither subsequent
evaluation improves upon the current best by more than 0.0107, the stage is consid-
ered to have reached a plateau. Neither fluctuations within the noise tolerance nor
performance decreases are treated as meaningful improvements.

If a new best is observed during the patience window, the 100-update patience
criterion is restarted from that checkpoint. The best checkpoint retained for the current
stage is then used to initialize training in the next difficulty band. The GSM8K test
set is used only for generalization evaluation and is never involved in stage-transition
or checkpoint-selection decisions. The full diagnostic trajectories, noise analysis, and
selected checkpoints are reported in Appendix C.

Motivated by online data-selection strategies that prioritize samples with inter-
mediate success rates, we introduce a fixed-medium curriculum for complementary
comparison. Such samples are attractive in GRPO because they are more likely to pro-
duce mixed correct and incorrect responses and therefore informative group-relative
learning signals. However, informative learning signals do not necessarily translate into
the strongest final model performance. We therefore ask whether repeatedly selecting
the medium-difficulty band is sufficient to maximize final model performance.

In the fixed-medium curriculum, the active difficulty band remains fixed at B3 =
[0.375, 0.625] throughout optimization, while samples are reselected online accord-
ing to the evolving policy. This curriculum preserves online difficulty estimation
and online sample selection while keeping the active difficulty band fixed. Com-
paring fixed-medium curriculum with the staged curriculum allows us to examine
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whether progressing to harder difficulty bands can provide additional benefits beyond
repeatedly selecting samples currently in the medium-difficulty band.

Because the fixed-medium curriculum has no stage-transition criterion, we report
the best observed test accuracy along each trajectory for comparison; these test values
are not used to guide training or parameter updates. This retrospective best-observed
value is used only for post-hoc comparison with the staged curriculum and does not
affect training or staged checkpoint selection.

All multi-seed experiments use the same three random seeds. For reporting conve-
nience, we refer to them as Seed 1, Seed 2, and Seed 3, corresponding to random seeds
42, 2026, and 100, respectively. For each staged run, stage transitions and checkpoint
selection follow the same diagnostic-based criterion described above. We compare per-
formance at the selected B4 checkpoint with performance after 100 additional effective
updates in B5. Multi-seed results are reported as mean ± standard deviation.

5 Results

5.1 State Dependence and Non-Monotonicity of Difficulty

The 1,495 tracked problems become easier on average, with the mean empirical success
rate increasing from 0.6554 to 0.7975. At the same time, individual trajectories vary
substantially. The mean training-period span is 0.2770, and 54.72% of samples have
a training-period span of at least 0.25. At the final checkpoint, the mean absolute
change from the initial empirical success rate P0 is 0.1583, with 50.50% of samples
changing by at least 0.125 relative to their initial values.

Non-monotonic changes are common. With δ = 0.125, 53.38% of samples exhibit
at least one direction reversal, and 36.79% exhibit at least two. The prevalence of
direction reversals is threshold-dependent, rising to 87.02% for δ = 0.0625 and falling
to 4.95% for δ = 0.25. Across the five difficulty bands, roughly 81–84% of samples that
leave their initial band later re-enter it. Detailed sensitivity and re-entry statistics are
reported in Appendix B.

Figure 3 summarizes both the population-level magnitude and non-monotonicity
of changes in empirical solvability, while also providing representative problem-level
trajectories.

Table 4 Core evidence for state-dependent difficulty
dynamics.

Statistic Result

Mean training-period span Ri 0.2770
Samples with Ri ≥ 0.25 54.72%
At least one direction reversal, δ = 0.125 53.38%
Final Spearman correlation with P0 0.8092
Final B3 retention 20.74%
Final B3 Jaccard similarity 0.1497
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Fig. 3 Magnitude and non-monotonicity of changes in empirical solvability during GRPO training.
(a) Distribution of the training-period solvability span Ri across the 1,495 tracked GSM8K problems.
The dashed line marks Ri = 0.25; 54.72% of samples have a span of at least 0.25, and the mean span
is 0.2770. (b) Fractions of tracked problems exhibiting at least one and at least two direction reversals
under different minimum-change thresholds δ. At the primary threshold δ = 0.125, 53.38% of samples
exhibit at least one reversal, and 36.79% exhibit at least two. (c)–(f) Representative trajectories
illustrating increasing solvability, decreasing solvability, a clear direction reversal, and repeated non-
monotonic changes, respectively. The label above each panel reports the sample ID, initial solvability
P0, final solvability PT , and the number of direction reversals. For the representative trajectories,
tracked checkpoints are shown at equal horizontal spacing for readability; tick labels indicate the
corresponding training steps.

5.2 Global Ordering Persistence and Local Band-Membership
Change

Global rank ordering remains largely preserved even when local band membership
changes substantially. The Spearman rank correlation between P0 and the final PT

remains 0.8092. In contrast, only 20.74% of samples initially in the medium-difficulty
band B3 = [0.375, 0.625] remain there at the final checkpoint, while 65.00% of the sam-
ples in B3 at the final checkpoint entered from outside the initial band. These results
show that a relatively stable global difficulty ranking does not imply stable member-
ship within a specific difficulty band. In other words, rank correlation can remain high
even when the set of samples occupying a given difficulty band changes substantially.
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Full rank and membership tables are given in Appendix B. An additional visualiza-
tion of the relationship between the initial and final rank percentiles is provided in
Appendix B.1, where the concentration near the diagonal offers a more direct view of
the preserved global ordering.

Figure 4 visualizes this contrast directly: global rank consistency remains rela-
tively high throughout training, whereas membership in the medium-difficulty band
undergoes substantial turnover.
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56 shared
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Retained: 20.74% (n=56)
Left: 79.26% (n=214)

Retained: 35.00% (n=56)
Entered: 65.00% (n=104)
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Jaccard = 0.1497

(b) Local B3 membership turnover

Initial B3n= 270
Final B3n= 160

Fig. 4 Global rank consistency and membership turnover in the medium-difficulty band. (a)
Spearman rank correlation between the initial solvability ranking and the ranking at each tracked
checkpoint for the 1,495 tracked problems. Although rank consistency gradually decreases during
training, it remains relatively high at the final checkpoint (ρ = 0.8092). Tracked checkpoints are
shown at equal horizontal spacing for readability; tick labels indicate the corresponding training steps.
(b) Membership turnover in the medium-difficulty band B3 = [0.375, 0.625]. Of the 270 problems ini-
tially in B3, only 56 remain in the final B3, corresponding to 20.74% retention. The final B3 contains
160 problems, of which 104 entered from outside the initial band, corresponding to 65% inflow. The
Jaccard similarity between the initial and final B3 sets is 0.1497.

5.3 Precomputed Difficulty Misalignment in Static
Curriculum Training

The static curriculum provides evidence of difficulty misalignment over training. At
step 5500, the next 500 scheduled problems have a planned mean success rate of 0.3986
under the initial policy but a current mean success rate of 0.5573, with a mean absolute
deviation of 0.1863. Similar mismatches appear at earlier checkpoints, although their
magnitudes are not monotonically related to test accuracy. We therefore interpret
this analysis as evidence that precomputed difficulty estimates can become temporally
misaligned with the evolving policy, rather than as evidence that such misalignment
alone causes performance degradation. The complete table is reported in Appendix D.

Despite this misalignment, static curriculum training remains a competitive base-
line. Across Seeds 1, 2, and 3, the best observed test accuracies are 0.6535, 0.6497,
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and 0.6535, respectively, corresponding to 0.6522 ± 0.0022. Therefore, the observed
difficulty mismatch should not be interpreted as implying that a precomputed easy-to-
hard curriculum becomes ineffective. Rather, these results indicate that the difficulty
estimates underlying the fixed schedule can become outdated even when the resulting
curriculum still achieves strong performance.

5.4 Performance Across Difficulty Bands

The two online curriculum conditions highlight two complementary effects. First,
in one detailed experimental run, persistently selecting the medium-difficulty band
does not yield the strongest observed performance. The fixed-medium curriculum
reaches a best observed test accuracy of 0.6459 while keeping the difficulty band at
B3 = [0.375, 0.625], whereas the staged curriculum reaches 0.6558 at the selected B4

checkpoint. This comparison suggests that repeatedly selecting samples currently in
the medium-difficulty band, despite their informative group-relative learning signals,
is not sufficient to achieve the strongest observed performance; moving to a moderately
harder difficulty band can provide additional gains.

Second, the benefit of progression does not persist as curriculum difficulty contin-
ues to increase. After the staged run transitions from B4 to the harder B5 band, test
accuracy decreases from 0.6558 to 0.6391 after 50 additional effective updates and fur-
ther to 0.6353 after 100 additional effective updates. The corresponding B5 diagnostic
accuracy also decreases from 0.5215 at entry to 0.4971 and 0.4512. The concurrent
decline in both diagnostic and test performance suggests that this deterioration is not
merely a transient fluctuation in test accuracy.

Taken together, this detailed run indicates that the performance benefit of moving
to harder difficulty bands is non-monotonic: remaining in the medium-difficulty band
can leave additional gains unrealized, whereas further progression into the harder
difficulty band can offset the gains obtained from moderate progression.

Although the staged and fixed-medium curricula follow different training trajecto-
ries, the observed performance gap suggests that persistently selecting the medium-
difficulty band is insufficient to achieve the strongest observed test performance.
Sec. 5.5 examines the consistency of this pattern across random seeds.

Figure 5(a) visualizes the Seed 1 trajectory, including the improvement observed
during B4 and the subsequent decline after progression into B5.

Table 5 Single-run outcomes for the main curriculum conditions.

Setting Evaluation point Test accuracy
Fixed medium Best observed checkpoint 0.6459
Staged curriculum Selected B4 checkpoint 0.6558
Staged curriculum B5 + 50 updates 0.6391
Staged curriculum B5 + 100 updates 0.6353
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5.5 Robustness Across Random Seeds

The qualitative pattern described in Sec. 5.4 is observed across all three random
seeds. As shown in Table 6, at the selected B4 checkpoints, the staged curriculum
achieves test accuracies of 0.6558, 0.6535, and 0.6679 for Seeds 1, 2, and 3, respectively,
corresponding to 0.6591 ± 0.0077. In comparison, the best observed accuracies along
the fixed-medium trajectories are 0.6459, 0.6422, and 0.6467, yielding 0.6449±0.0024.
Performance at the selected B4 checkpoints exceeds the best observed fixed-medium
performance in all three runs by 0.99, 1.13, and 2.12 percentage points, respectively.

For the standard GRPO baseline, the best observed test accuracies are 0.6459,
0.6414, and 0.6459 for Seeds 1, 2, and 3, respectively, corresponding to 0.6444±0.0026.
Performance at the selected B4 checkpoints of the staged curriculum is higher than
the best observed standard GRPO performance in all three runs, by 0.99, 1.21, and
2.20 percentage points, respectively.

Table 6 Multi-seed performance of the curriculum conditions and baselines.

Setting Seed 1 Seed 2 Seed 3 Mean ± Std.
Standard GRPO: best observed 0.6459 0.6414 0.6459 0.6444± 0.0026
Static curriculum: best observed 0.6535 0.6497 0.6535 0.6522± 0.0022
Fixed medium: best observed 0.6459 0.6422 0.6467 0.6449± 0.0024
Staged: selected B4 0.6558 0.6535 0.6679 0.6591± 0.0077
Staged: B5 + 100 0.6353 0.6404 0.6458 0.6405± 0.0053

Figure 5(b) summarizes the corresponding multi-seed comparison across the main
training conditions. The static curriculum provides an additional strong baseline, with
best observed test accuracies of 0.6535, 0.6497, and 0.6535 across the three runs, corre-
sponding to 0.6522±0.0022. Nevertheless, performance at the selected B4 checkpoints
is higher than that of the static curriculum in all three runs by 0.23, 0.38, and 1.44
percentage points, respectively.

Further progression into B5 shows the opposite pattern across all three seeds. After
100 additional effective updates in B5, test accuracies decrease to 0.6353, 0.6404, and
0.6458 for Seeds 1, 2, and 3, respectively, corresponding to 0.6405 ± 0.0053. Relative
to the selected B4 checkpoints, these results represent decreases of 2.05, 1.31, and 2.21
percentage points, respectively.

Taken together, the multi-seed results support the same conclusion as the detailed
analysis in Sec. 5.4: persistent selection of the medium-difficulty band is insufficient to
attain the strongest observed test performance, while test performance at the selected
B4 checkpoints is consistently higher than the best observed results from standard
GRPO, the fixed-medium curriculum, and the static curriculum across all three seeds.
However, further progression into B5 consistently reduces performance. These results
are consistent with a non-monotonic relationship between scheduled difficulty and
performance, rather than a monotonic benefit from continually increasing difficulty.
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Fig. 5 Performance under the fixed-medium curriculum and the staged curriculum. (a) Seed 1
test-accuracy trajectories for the fixed-medium curriculum and the staged curriculum. The staged
curriculum improves after progression into B4, reaching the selected B4 checkpoint at 0.6558, whereas
further progression into B5 reduces accuracy to 0.6353 after 100 additional effective updates. Shaded
areas indicate the active difficulty band and are shown only to visualize stage progression. (b) Multi-
seed comparison of standard GRPO, static curriculum, fixed-medium training, the selected staged
B4 checkpoint, and performance after 100 additional effective updates in B5. The bar chart shows
the mean GSM8K test accuracy for each training setting to provide a direct visual comparison of
overall performance. Detailed per-seed values are reported in Table 6.

6 Discussion

Our results provide two main insights into difficulty-aware GRPO training. First, sam-
ple difficulty is policy-dependent and can change substantially and non-monotonically
as training proceeds. Consequently, difficulty estimates obtained under the initial
policy may become misaligned with the current policy, even when the global diffi-
culty ranking remains relatively stable. The competitive performance of the static
curriculum, however, shows that such misalignment does not by itself make a pre-
computed curriculum ineffective. Rather, these observations motivate re-estimating
sample difficulty under the current policy when sample selection depends on current
solvability.

More importantly, our experiments distinguish informative learning signals from
final model performance. Medium-difficulty samples are attractive for online selection
because they are more likely to produce mixed correct and incorrect responses and
therefore informative group-relative learning signals. However, the fixed-medium cur-
riculum shows that persistently selecting such samples does not yield the strongest
observed performance. The staged curriculum instead benefits from progressing to a
moderately harder difficulty band, whereas further progression to a harder difficulty
band consistently reduces performance across random seeds. This pattern suggests
a non-monotonic relationship between curriculum difficulty and model performance:
remaining at medium difficulty can leave additional gains unrealized, while increasing
difficulty too far can offset the gains obtained from moderate progression.
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These findings suggest that online sample selection and difficulty progression
should be treated as two related but distinct components of difficulty-aware GRPO
training. Online difficulty estimation determines which samples currently belong to a
given difficulty band, whereas difficulty progression determines which difficulty band
is used at different stages of training. Our results indicate that combining online
re-estimation with staged difficulty progression can improve performance beyond per-
sistent medium-difficulty selection, but progression toward harder samples should not
be continued indefinitely. Effective curriculum design therefore requires not only iden-
tifying informative samples under the current policy, but also controlling how far the
curriculum progresses in difficulty.

Several limitations remain. Our experiments focus on a single model family and
the GSM8K benchmark, so the generality of the observed difficulty dynamics and
curriculum pattern should be evaluated across broader models and reasoning tasks.
Online solvability is estimated from only eight sampled responses, which introduces
noise into difficulty estimation and sample selection. In addition, the staged curriculum
relies on fixed diagnostic subsets and a predefined transition criterion, and it uses a
smaller training candidate pool than the other conditions. Comparisons involving the
staged curriculum should therefore be interpreted as complete-procedure comparisons
rather than strict single-factor evaluations. Future work should examine these findings
in broader settings, improve the accuracy and efficiency of online difficulty estima-
tion, and develop more general adaptive mechanisms for determining when curriculum
difficulty should increase and when further progression should stop.

7 Conclusion

We investigated how sample difficulty changes during GRPO training and whether
persistently selecting medium-difficulty samples is sufficient for achieving strong final
performance. The results show that sample difficulty changes with the evolving policy,
supporting the use of current-policy difficulty estimates for online sample selection.

More importantly, the curriculum experiments reveal that persistent medium-
difficulty selection does not achieve the strongest observed performance. Across three
random seeds, progressing to a moderately harder difficulty band provides additional
gains, whereas further progression to a harder difficulty band consistently reduces
performance. These findings show that the benefit of increasing curriculum diffi-
culty is non-monotonic. Overall, effective GRPO curriculum design should combine
online sample selection with staged difficulty progression, moving beyond persistent
medium-difficulty selection while avoiding excessive progression toward overly difficult
samples.
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Appendix A Detailed Difficulty-Dynamics Metrics

This appendix gives the detailed metrics used to characterize local difficulty-band
changes and non-monotonic trajectories.

For a difficulty band B with associated success-rate interval [l, u], let

St(B) = {xi | Pt(xi) ∈ [l, u]}. (A1)

We characterize changes in band membership using the following complementary
metrics.

Retentiont(B) =
|S0(B) ∩ St(B)|

|S0(B)|
, (A2)

Outflowt(B) = 1− Retentiont(B), (A3)

Inflowt(B) =
|St(B) \ S0(B)|

|St(B)|
, (A4)

Jaccardt(B) =
|S0(B) ∩ St(B)|
|S0(B) ∪ St(B)|

, (A5)
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Mismatcht(B) =
|S0(B)△St(B)|

N
. (A6)

Here N is the number of samples in the fixed observation set and △ denotes symmetric
difference.

Retention measures the fraction of samples initially belonging to band B that
remain in the same band at training state t, while Outflow measures the complemen-
tary fraction that has left the band. Inflow measures the fraction of current band
members that did not belong to B initially, capturing replacement by newly entering
samples. Jaccard similarity quantifies the overlap between the initial and current band
memberships. Mismatch measures the size of their symmetric difference relative to
the full observation set of N samples, reflecting the overall extent of membership dis-
agreement. Together, these metrics characterize sample persistence, departure, entry,
set overlap, and overall membership change.

To distinguish one-directional movement from repeated back-and-forth changes,
we use

TVi =

K∑
k=1

|Ptk(xi)− Ptk−1
(xi)|, (A7)

and define the extra round-trip variation as

Ei = TVi −Ri. (A8)

Here, Ei = 0 for a monotonic trajectory, whereas Ei > 0 indicates variation beyond
the observed success-rate span caused by back-and-forth changes. To define re-entry,
let

Ii,k(B) = 1{Ptk(xi) ∈ B}. (A9)

indicate whether sample xi belongs to band B at checkpoint tk. A sample is counted
as having ever left band B if there exist checkpoints ta < tb such that Ii,a(B) = 1 and
Ii,b(B) = 0. Among these samples, a sample is counted as re-entering band B if there
exists a later checkpoint tc > tb such that Ii,c(B) = 1. We define the re-entry rate as

ReEntry(B) =
|{xi : ∃ a < b < c, Ii,a(B) = 1, Ii,b(B) = 0, Ii,c(B) = 1}|

|{xi : ∃ a < b, Ii,a(B) = 1, Ii,b(B) = 0}|
. (A10)

Thus, the denominator consists only of samples that have been observed in band B
and subsequently left it at least once, rather than all samples that ever belonged to
the band or the full observation set.

Appendix B Full Difficulty-Dynamics Statistics
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Table B1 Magnitude of sample difficulty changes over the complete GRPO trajectory.

Metric Mean Median ≥ 0.125 ≥ 0.25 ≥ 0.375

Training-period span Ri 0.2770 0.2500 79.87% 54.72% 28.96%
Maximum initial deviation Di,init 0.2207 0.1875 73.65% 37.19% 15.92%

Table B2 Sensitivity of the direction-reversal rate to the
minimum-change threshold.

Threshold δ At least one reversal At least two reversals

0.0625 87.02% 78.33%
0.125 53.38% 36.79%
0.25 4.95% 1.14%

Table B3 Rank consistency between the initial
and current empirical success rates.

Training step Spearman’s ρ Kendall’s τb

100 0.9262 0.7988
500 0.8548 0.7050
1000 0.8429 0.6932
7473 0.8092 0.6545

Table B4 Membership changes in the medium-difficulty band
B3 = [0.375, 0.625].

Step |St| Retention Outflow Inflow Jaccard Mismatch

100 239 58.52% 41.48% 33.89% 0.4501 12.91%
500 188 29.63% 70.37% 57.45% 0.2116 19.93%
1000 187 27.04% 72.96% 60.96% 0.1901 20.80%
7473 160 20.74% 79.26% 65.00% 0.1497 21.27%

Table B5 Re-entry rates for the five difficulty bands.

Difficulty band Ever in band Ever left Re-entered Re-entry rate

B1 508 498 408 81.93%
B2 350 344 289 84.01%
B3 270 267 216 80.90%
B4 232 230 191 83.04%
B5 215 211 174 82.46%
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B.1 Initial–Final Rank Consistency Visualization
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Fig. B1 Initial–final global rank consistency for the 1,495 tracked GSM8K problems. The axes show
solvability-rank percentiles at the initial and final checkpoints, with 0 indicating harder problems and
100 indicating easier problems; color denotes the number of problems in each bin. The concentration
near the dashed y = x line is consistent with the final Spearman rank correlation of ρ = 0.8092.

Appendix C Diagnostic Trajectories and Stage
Selection

Five fixed diagnostic subsets of 128 problems are constructed for the staged curricu-
lum, one for each difficulty band B1–B5. The subsets are constructed sequentially
from B1 through B5, and any problem already assigned to an earlier diagnostic sub-
set is excluded from subsequent subset construction. These subsets are used only to
monitor training progress and are excluded from the training pool, so they do not
contribute to parameter updates. During each curriculum stage, the diagnostic sub-
set corresponding to the active difficulty band is evaluated every 50 effective updates,
with eight responses generated for each problem.

To estimate the scale of diagnostic evaluation noise, the same model and diagnostic
subset are reevaluated ten times using different sampling seeds. The resulting accura-
cies have a mean of 0.5226, a standard deviation of 0.0042, a minimum of 0.5156, and
a maximum of 0.5283. The empirical 95th percentile of pairwise absolute accuracy
differences is approximately 0.0107. We use this value as an empirical noise toler-
ance when determining whether a later diagnostic evaluation represents a meaningful
improvement over the current best checkpoint.
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Stage transitions follow a fixed patience-based criterion. Within each stage, a later
checkpoint is treated as a new best checkpoint only when its diagnostic accuracy
exceeds the current best by more than the empirical noise tolerance of 0.0107. Once
a new best checkpoint is established, training continues for two additional diagnostic
evaluations after 50 and 100 additional effective updates, respectively. If neither sub-
sequent evaluation improves upon the current best by more than 0.0107, the stage
is considered to have reached a plateau. The retained best checkpoint is then used
to initialize training in the next difficulty band. If a new best checkpoint is observed
during this patience window, the 100-update patience criterion is restarted from that
checkpoint. When multiple checkpoints lie within the same high-performing plateau
and their diagnostic-accuracy differences remain within the empirical noise tolerance,
the earlier checkpoint is retained.

Table C6 summarizes the checkpoints selected for the three random seeds.

Table C6 Selected stage checkpoints for the three random seeds. Diagnostic accuracy is
measured on the fixed subset corresponding to the active difficulty band.

Seed Stage Success-rate interval Selected local update Diagnostic accuracy

1 B1 [0.625, 0.875] 150 0.8350
1 B2 [0.500, 0.750] 250 0.8174
1 B3 [0.375, 0.625] 150 0.7432
1 B4 [0.250, 0.500] 150 0.6436

2 B1 [0.625, 0.875] 300 0.9111
2 B2 [0.500, 0.750] 150 0.8232
2 B3 [0.375, 0.625] 200 0.7715
2 B4 [0.250, 0.500] 100 0.6172

3 B1 [0.625, 0.875] 250 0.9209
3 B2 [0.500, 0.750] 300 0.8438
3 B3 [0.375, 0.625] 50 0.7666
3 B4 [0.250, 0.500] 100 0.6807

Figure C1 provides a visual summary of the diagnostic trajectories underlying the
stage-selection decisions reported in Tables C6–C9.

The complete diagnostic trajectories used for stage selection are reported below.
Bold values indicate the checkpoints retained for initialization of the subsequent stage.

No post-entry B5 checkpoint is selected for any of the three seeds. For Seed 1,
the B5 diagnostic accuracy decreases from 0.5215 at entry to 0.4971 after 50 effective
updates and 0.4512 after 100 effective updates. For Seed 2, the corresponding diagnos-
tic accuracies are 0.5127, 0.5086, and 0.4521, while for Seed 3 they are 0.5745, 0.5713,
and 0.5273. Thus, no run shows a diagnostic improvement after progression into B5,
and the selected B4 checkpoint remains the final selected checkpoint for each seed.
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Fig. C1 Diagnostic trajectories underlying stage selection across the three random seeds. Each
curve shows diagnostic accuracy as a function of local effective updates within the corresponding
difficulty band. Highlighted markers denote checkpoints retained under the predefined patience-based
criterion. A later checkpoint is considered a new best only when its diagnostic accuracy exceeds the
current best by more than the empirical noise tolerance of 0.0107; after a new best is established,
two additional evaluations are performed after 50 and 100 additional effective updates, respectively.
No post-entry B5 checkpoint is selected for any of the three seeds.

Table C7 Diagnostic trajectories for Seed 1. Columns denote local effective
updates within each difficulty band.

Stage 0 50 100 150 200 250 300 350 400

B1 0.7859 0.7881 0.8018 0.8350 0.8301 0.8359 – – –
B2 0.7012 0.6914 0.7676 0.7920 0.8027 0.8174 0.8154 0.8017 –
B3 0.6904 0.7168 0.7070 0.7432 0.7432 0.7129 – – –
B4 0.6191 0.5967 0.6211 0.6436 0.5635 0.5515 – – –
B5 0.5215 0.4971 0.4512 – – – – – –

Table C8 Diagnostic trajectories for Seed 2. Columns denote local effective
updates within each difficulty band.

Stage 0 50 100 150 200 250 300 350 400

B1 0.7844 0.8135 0.8438 0.8555 0.8633 0.8936 0.9111 0.8975 0.9033
B2 0.7743 0.7959 0.8213 0.8232 0.8057 0.8125 – – –
B3 0.7135 0.7422 0.7217 0.7363 0.7715 0.7676 0.7334 – –
B4 0.5735 0.5898 0.6172 0.6162 0.6123 – – – –
B5 0.5127 0.5086 0.4521 – – – – – –
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Table C9 Diagnostic trajectories for Seed 3. Columns denote local effective
updates within each difficulty band.

Stage 0 50 100 150 200 250 300 350 400

B1 0.7906 0.8135 0.8354 0.8662 0.8994 0.9209 0.9209 0.9131 –
B2 0.7845 0.8123 0.8279 0.8388 0.8311 0.8408 0.8438 0.8203 0.8379
B3 0.7578 0.7666 0.7539 0.7471 – – – – –
B4 0.6355 0.6670 0.6807 0.6689 0.5566 – – – –
B5 0.5745 0.5713 0.5273 – – – – – –
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Fig. D1 Difficulty misalignment in the static curriculum. (a) Mean solvability specified by the
precomputed curriculum schedule and mean solvability under the current policy at each evaluation
point. (b) Mean absolute deviation between the planned and current mean solvability estimates at
the evaluated training steps.

Appendix D Additional Training Trajectories

Table D10 reports the mismatch between the initial difficulty estimates used to con-
struct the static curriculum and the corresponding difficulty estimates under the
current policy at each evaluation point.

Table D10 Difficulty mismatch between the static curriculum plan and
the current policy at each evaluation point.

Training step Planned mean P0 Current mean Pt Mean |Pt − P0|

1000 0.9531 0.9796 0.0396
2500 0.8523 0.9422 0.1090
3500 0.7528 0.8384 0.1562
4500 0.6098 0.7275 0.1464
5500 0.3986 0.5573 0.1863
6500 0.1357 0.1544 0.0713

Figure D1 visualizes the difficulty misalignment summarized in Table D10.
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Despite the observed mismatch in precomputed difficulty estimates, the static cur-
riculum remains a competitive baseline across random seeds. Table D11 reports its
best observed test performance across random seeds.

Table D11 Best observed test performance of
the static curriculum across random seeds.

Seed 1 Seed 2 Seed 3 Mean ± Std.

0.6535 0.6497 0.6535 0.6522± 0.0022

Table D12 shows the test trajectory of the Seed 1 staged curriculum across B3,
B4, and B5.

Table D12 Seed 1 test trajectory for the staged curriculum.

Effective updates Test accuracy Curriculum state

400 0.6331 Selected B2 checkpoint
450 0.6270 B3

500 0.6171 B3

550 0.6399 Selected B3 checkpoint
600 0.6444 B4

650 0.6505 B4

700 0.6558 Selected B4 checkpoint
750 0.6391 B5 + 50 updates
800 0.6353 B5 + 100 updates

The complete test trajectories for the fixed-medium curriculum are reported in
Table D13. In all three runs, the active difficulty band is fixed at B3 = [0.375, 0.625],
while samples are reselected online according to the evolving policy. Bold values denote
the best observed test accuracy along each trajectory. These best observed values are
retrospective maxima along the completed trajectories; test accuracy is not used to
guide training, early stopping, parameter updates, or sample selection.

The best observed fixed-medium test accuracies are 0.6459 at 450 effective updates
for Seed 1, 0.6422 at 700 effective updates for Seed 2, and 0.6467 at 650 effective
updates for Seed 3. These values correspond to the fixed-medium results summarized
in the multi-seed comparison in the main text.
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Table D13 Test trajectories under the fixed-medium
curriculum for the three random seeds.

Effective updates Seed 1 Seed 2 Seed 3

0 0.6141 0.6141 0.6141
50 0.6181 0.6179 0.6133
100 0.6195 0.6194 0.6118
150 0.6223 0.6209 0.6171
200 0.6274 0.6232 0.6224
250 0.6344 0.6270 0.6103
300 0.6406 0.6308 0.6368
350 0.6384 0.6384 0.6384
400 0.6376 0.6338 0.6096
450 0.6459 0.6224 0.6171
500 0.6452 0.6376 0.6247
550 0.6217 0.6331 0.6293
600 0.6217 0.6300 0.6399
650 0.6247 0.6308 0.6467
700 – 0.6422 0.6437
750 – 0.6399 0.6422
800 – 0.6414 0.6141
850 – 0.6399 0.6141
900 – 0.6338 0.6331
950 – – 0.6262
1000 – – 0.6328
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