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Abstract

Curriculum learning (CL), which orders train-
ing data from easy to hard, has become a pop-
ular strategy for improving reasoning in large
language models (LLMs). Yet prior work em-
ploys disparate difficulty metrics and training
setups, leaving open fundamental questions:
When does curriculum help? Which direc-
tion—forward or reverse—is better? And does
the answer depend on what we measure? We
address these questions through a unified of-
fline evaluation framework that decomposes
curriculum difficulty into five complementary
dimensions: Problem Difficulty, Model Sur-
prisal, Confidence Margin, Predictive Uncer-
tainty, and Decision Variability. Through con-
trolled post-training experiments on mathe-
matical reasoning benchmarks with Llama3.1-
8B, Mistral-7B, and Gemma3-4B, we find that:
(i) no curriculum strategy dominates univer-
sally—the relative effectiveness of forward ver-
sus reverse CL depends jointly on model ca-
pability and task complexity; (ii) even within
a single metric, samples at different difficulty
levels produce distinct gains depending on task
demands; and (iii) Task-aligned curricula focus
on shaping the model’s final representations
and generalization, whereas inner-state curric-
ula modulate internal states such as confidence
and uncertainty. Our findings challenge the
notion of a universal curriculum strategy and
offer actionable guidance across model and task
regimes, with some metrics indicating that pri-
oritizing decision-uncertain samples can further
enhance learning outcomes.

1 Introduction

Curriculum Learning (CL), which orders data cor-
pus by difficulty, has become an effective approach
for improving the reasoning ability of large lan-
guage models (LLMs) (Bengio et al., 2009; Ku-
mar et al., 2010; Jiang et al., 2015; Gan et al.,
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2021; Feng et al., 2025). By presenting exam-
ples in a structured progression, CL has demon-
strated improvements across diverse reasoning do-
mains, including code generation (Nair et al., 2024;
Pouransari et al., 2024), instruction following (Lee
et al., 2024; Pang et al., 2024), and commonsense
reasoning (Maharana and Bansal, 2022). Yet de-
spite its widespread adoption, a fundamental ques-
tion remains unresolved: what makes a curriculum
strategy effective?

To answer this question, existing work employs
a heterogeneous landscape of difficulty metrics that
fall into two broad families: 1. Problem-side met-
rics quantify intrinsic task complexity—such as
reasoning depth (Jung and Jung, 2025), linguistic
complexity (Liu, 2008), symbolic density (Polu
et al., 2022; Meadows et al., 2024), or model-
independent success rates like Acc@K (Tong
et al., 2024). These metrics enable curricula that
progress from structurally simple to complex prob-
lems, often improving both efficiency and accu-
racy (Jung and Jung, 2025; Ding et al., 2024;
Parashar et al., 2025). 2. Model-side metrics,
in contrast, capture difficulty from the model’s
perspective—measuring uncertainty (Zhou et al.,
2020; Peng et al., 2023), confidence (Pattnaik et al.,
2024), or surprisal (Pattnaik et al., 2024; Mohiud-
din et al., 2022). By adaptively focusing on sam-
ples that challenge the model, these metrics can
better expose knowledge gaps and enhance gener-
alization in high-difficulty regimes.

However, prior work varies substantially in
training protocols, evaluation setups, and even
the direction of curriculum ordering (forward
vs. reverse), making systematic comparison dif-
ficult. Many studies adopt online or reinforcement-
learning—based curricula that dynamically adjust
sampling (Chen et al., 2025; Li et al., 2025; Zhang
et al., 2025a; Yuan et al., 2025b), confounding the
effect of data ordering with optimization dynamics
or reward shaping. Moreover, the choice of diffi-
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culty metric is often treated as a design decision
rather than an empirical question, leaving practi-
tioners without clear guidance on which metric to
use, when forward or reverse ordering is preferable,
or how these choices interact with model capability
and task complexity.

We address these gaps through a controlled, mul-
tidimensional evaluation of curriculum strategies
in mathematical reasoning. We decompose cur-
riculum difficulty into five complementary met-
ric families: Problem Difficulty, Model Surprisal,
Confidence Margin, Predictive Uncertainty, and
Decision Variability, and systematically construct
both forward (easy to hard) and reverse (hard to
easy) curricula for each. Crucially, we focus on su-
pervised fine-tuning (SFT) under an offline setting,
where training data are fixed but reordered before
learning. This design isolates the effect of data
ordering by holding objectives, budgets, and op-
timization procedures constant, providing a clean
lens to study curriculum effects without confounds
from adaptive sampling or reward engineering.

We conduct controlled post-training experi-
ments on standard mathematical reasoning bench-
marks using three representative open-source
base models—Llama-8B, Mistral-7B, and Gemma-
4B—spanning different scales and architectural
families. This enables us to examine not only
whether curricula help, but when, why, and for
whom they are most effective. Our findings re-
veal four key insights that challenge conventional
lessons about curriculum learning:

(D Data ordering is a first-class learning signal.
Even when the training budget and data composi-
tion are fixed, curriculum structure alone can sub-
stantially alter learning dynamics and reasoning
outcomes, highlighting that how we present data
matters as much as what we present.

2 No curriculum dominates universally. The
relative advantage of forward versus reverse CL
depends jointly on model reasoning capacity,
task complexity, and the chosen difficulty metric.
Stronger models benefit from forward CL on sim-
pler tasks, while weaker models or harder tasks
often favor reverse ordering—a pattern that holds
across multiple metric families.

(3 Curricula reshape optimization trajectories.
Inner-state curricula primarily influence learning
dynamics by adjusting convergence speed and sta-
bility, whereas task-aligned curricula affect the fi-
nal convergence point, shaping the model’s repre-
sentations and generalization, suggesting that cur-

ricula can steer not only zow models learn, but also
where they ultimately converge.

(@ Curricula modulate internal model states. Be-
yond reasoning accuracy, CL shapes predictive un-
certainty and confidence: Forward CL yields more
cautious, uncertainty-aware models, while Reverse
CL preserves decisiveness with higher confidence,
highlighting that curricula influence not only what
models learn, but also how they calibrate and ex-
press their internal properties.

Together, these results establish a unified frame-
work for analyzing curriculum effects in LLMs and
provide actionable guidance across different scenar-
ios. For example, prioritizing decision-uncertain
or high-confidence problems during training can
further enhance a model’s reasoning capabilities.

2 Method

We design a metric-driven offline curriculum frame-
work to systematically evaluate how different dif-
ficulty metrics and ordering strategies affect LLM
reasoning, as shown in Fig 1. Our approach con-
sists of three stages: (i) quantifying difficulty
through complementary problem-side and model-
side metrics, (ii) constructing curricula by reorder-
ing training data according to these metrics, and
(iii) evaluating the resulting models on both in-
distribution and out-of-distribution benchmarks.
Figure 1 illustrates the complete pipeline.

2.1 Difficulty Metrics: Two Complementary
Views

To capture the multifaceted nature of difficulty, we
decompose it into five metric families spanning two
perspectives: problem-side metrics that quantify in-
trinsic task complexity, and model-side metrics that
reflect the model’s internal state when processing
each example.

2.1.1 Problem-Side Metrics

Problem-side metrics assess difficulty indepen-
dently of model behavior, either through human
annotation or automated analysis. We collectively
refer to these as Problem Difficulty and consider
four instantiations:

Reasoning Step (RS) counts the number of dis-
tinct logical operations required to reach a solution,
capturing the depth of the reasoning chain.
Symbol Complexity (SC) quantifies notational
richness on a 1-5 scale, where 1 denotes basic arith-
metic and 5 denotes advanced constructs (integrals,
limits, set theory).
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Comprehension Difficulty (CD) measures how
hard a problem is to understand rather than solve,
rated 1-5 based on ambiguity, context require-
ments, and prerequisite knowledge.

Acc@ K (ACC) quantifies empirical difficulty by
sampling K independent generations and comput-
ing the proportion of correct solutions:

1 K
ACC= 2} z=p, M

s=1

where z; € 0,1 denotes the correctness of the s-th
generation (1 if correct, O otherwise).

We estimate RS, SC, and CD using Qwen2.5-
Math-72B-Instruct, while ACC is computed with
respect to the target model under evaluation.

2.1.2 Model-Side Metrics

Model-side metrics capture difficulty from the
model’s perspective by measuring internal prop-
erties during generation. To account for stochastic-
ity, we decode with temperature 0.7 and average
each metric over 20 independent completions per
problem.

Notation Given a problem x, model My gener-
ates response 1.7 token-by-token with distribution
po(ye | y<t,x). Let £y = logpy(ys | y<¢,x) de-
note the log-probability of the emitted token. For
the top-k candidates at position ¢, we define the
truncated distribution ¢; ; = elt.i / Z§:1 eti (with
k = 5). We denote sorted log-probabilities as
bey 2 be) 2

Model Surprisal quantifies how unexpected a se-
quence is to the model via perplexity. We measure
this at two granularities:

Sequence-Level Perplexity (SLP) provides a
holistic measure over the entire sequence:

1 X
SLP = exp <—T Z€t> . 2)
t=1

Token-Level Perplexity (TLP) captures local un-
certainty by averaging token-wise entropy, serving
as an entropy-based measure over the model’s top-
k predictions rather than standard perplexity:

T k
1
TLP = exp <T E <— q,i log Qt,i>> . (3
t=1 =1

Confidence Margin assesses decisiveness by
measuring the separation between top predictions.
The Logit Gap (LG) averages this margin across
positions where at least two candidates exist:

1
LG = i Z (1) = Le2), )

teg
where G = {t : my > 2} and U = |G]|.

Predictive Uncertainty quantifies distributional
dispersion via entropy. We compute this at both
sequence and token levels:

Sequence-Level Entropy (SLE) sums token-wise
entropies:

T k
SLE = (— > i log qm-> LB

t=1 i=1

Token-Level Entropy (TLE) measures local un-
certainty:

k
TLE = = " g1 10gs q1i- 6)
=1

Decision Variability measures the stability of a
model’s predictions across repeated generations of
the same problem. It is quantified by the Variance
of Acc@ K (VACC), which reflects fluctuations in
correctness across K trials. Given binary correct-
ness indicators zs; € {0, 1}, we define

K

1 . R .

s=1
where p is the empirical accuracy from Eq. 1.

2.2 Curriculum Construction

Given a difficulty metric, we construct three pri-
mary curriculum strategies by reordering the train-
ing data:

Forward Curriculum Learning (FCL) orders
examples in ascending difficulty (easy-to-hard), al-
lowing models to build foundational knowledge
before tackling complex instances.

Reverse Curriculum Learning (RCL) orders
examples in descending difficulty (hard-to-easy),
exposing models to challenging cases early to po-
tentially accelerate learning.
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Single Group Curriculum (SGC) isolates a spe-
cific difficulty tier (Low, Medium, or High) by
training exclusively on shuffled examples from that
group, enabling controlled analysis of tier-specific
effects.

We also explore two group based variants,
Group Forward Curriculum (GFC) and Group
Reverse Curriculum (GRC), which partition the
data into three tiers, shuffle samples within each
tier, and then arrange the tiers in forward or reverse
order. These strategies balance global difficulty
progression with robustness to fine grained ranking
noise. Full implementation details and additional
experimental results are provided in Appendix D.

2.3 Metric-driven Curriculum Framework

For each combination of metric and curriculum
strategy, we fine-tune a base model and evaluate it
across multiple benchmarks to examine three ques-
tions: (i) whether curriculum-based ordering im-
proves over random shuffling, (ii) which direction
of progression (forward or reverse) is more effec-
tive, and (iii) how these effects vary with model
capacity and task complexity. In this offline setup,
where the data remain fixed but their order is rear-
ranged, we isolate the impact of curriculum struc-
ture while keeping the training objective, budget,
and optimization procedure constant. This con-
trolled design enables clear attribution of perfor-
mance differences to data ordering alone.

Five Facets

Confidence Predictive

GloceliSuprisal Margin Uncertainty

Training Set

Decision
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Problem

Metric Estimation [ | Lz

Curriculum |
Builder
Train

Different CL Strategies T
Original FCL RCL
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Figure 1: Overview of the metric-driven curriculum
framework. Left: From the training set, we estimate
difficulty metrics, construct curricula, and train mod-
els under controlled settings. Right (top): Five metric
families spanning problem-side and model-side perspec-
tives. Right (bottom): Curriculum schedules, includ-
ing Original (random order), FCL (easy—hard), RCL
(hard—easy), and SGC (single-tier focus). Each bar
denotes a training instance, with height reflecting its
metric value.

3 Experiment

3.1 Setup

Datasets During training, we use MetaMathQA-
40K (Yu et al., 2023) as our training dataset. It con-
sists of 40K automatically generated, high-quality
mathematical question—answer pairs specifically
designed to evaluate and enhance advanced rea-
soning in large language models. The full Meta-
MathQA corpus is first shuffled, and 20K sam-
ples are randomly selected as the training set. To
better evaluate generalization, we assess model
performance on the in-distribution MetaMathQA
(MMQA ) and four out-of-distribution mathematical
reasoning benchmarks: ASDiv (Miao et al., 2020),
GSMSK (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021), and MathBench (MBench) (Liu et al.,
2024a). For MBench, we focus on application-style
tasks from the Arithmetic, Primary, and Middle
difficulty levels.

Models We employ three open-source large lan-
guage models in our experiments: Gemma3-4B-
pt (Team et al., 2025), Mistral-7B-v0.3 (Jiang
et al.,, 2023), and Llama3.1-8B (Dubey et al.,
2024). For brevity, we hereafter denote them
as Gemma3-4B, Llama3-8B, and Mistral-7B, re-
spectively. All three are base (non-instruction-
tuned) models, allowing us to isolate the ef-
fects of CL from instruction tuning or other
external factors. Experimental configurations
are described in Section C, with implementa-
tion code released at https://github.com/
karpning/Curriculum_evaluation.

3.2 FCL vs. RCL with Multidimensional
Metrics

We evaluate Gemma3-4B, LLlama3-8B, and Mistral-
7B under different curriculum learning strate-
gies on five mathematical reasoning benchmarks:
four out-of-distribution datasets (ASDiv, GSM8K,
MATH, and MBench) and one in-distribution
dataset (MMQA). The in-distribution setting mea-
sures how curriculum ordering affects performance
within the training domain, while the out-of-
distribution setting evaluates generalization under
distribution shift. Each dataset contains 512 ran-
domly sampled problems. Results are reported
across five metric dimensions: problem difficulty,
model surprisal, confidence margin, predictive un-
certainty, and decision variability.
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3.2.1 Problem Difficulty

Problem difficulty metrics include reasoning
steps (RS), symbol complexity (SC), comprehen-
sion difficulty (CD), and Acc@ K (ACC). Results
on the five mathematical reasoning benchmarks are
shown in Table 1.

Overall, three consistent patterns emerge. (i) Cur-
ricula based on problem difficulty metrics consis-
tently outperform the randomly shuffled baseline,
with gains of up to 3-6% on easier datasets such
as ASDiv and GSMS8K (e.g., Llama-8B: +4.7% on
ASDiv under RS ), confirming that difficulty-aware
ordering enhances reasoning performance. (ii) The
benefit diminishes as task complexity increases: on
MBench and MATH, improvements drop below 2%
or even reverse (e.g., Mistral-7B: 18.8—16.4% on
MATH), suggesting that complex reasoning leaves
less room for curriculum effects. (iii) Under distri-
bution shift, Reverse CL generally excels on sim-
pler datasets, whereas Forward CL performs better
on harder ones (e.g., Gemma-4B: 19.5—24.8% on
MATH under SC4). Notably, Mistral-7B consis-
tently favors Reverse CL across all benchmarks,
and reasoning-step and symbol-complexity metrics
yield the most reliable gains.

Model |Strategy | MMQA | ASDiv GSMSK MBench MATH

|Baseline| 51.17 | 7344 5352 3535  21.68
& RS; | 5449 | 7578 5430 3577  25.78
T RS, | 5391 | 7539 5605 3027 1953
£ SCy | 5273 | 7637 5586  37.50  24.80
£ SC, | 5137 | 7734 5352 3027  24.02
3 CD; | 4863 | 7617 5234 3301 2188
CD, | 50.59 | 7656  54.10 3242  20.90

ACC; | 5859 | 7520 5625 2832  24.61
ACC, | 5664 | 7715 5742 3652  23.63

| Baseline | 54.30 | 68.55 6035 3672  18.75

e RS; | 5059 | 7422 5977 3691 164l
5 RS, | 60.16 | 7324 6562 3809  17.58
= SCr | 5137 | 7168 5566 3945 1641
Z SC, | 5059 | 7285 59.57 37.89  16.99
= CD; | 5215 | 7285 5781 3672 1621
CD, | 5376 | 7363 6230 3812 1680

ACC; | 4727 | 6387 5430 3555  14.65
ACC, | 5215 | 7148 6035 3652  16.80

| Baseline | 59.57 | 7402 6250  38.09  18.55

" RS; | 5449 | 7734 6035 3574  21.88
® RS, | 6367 | 7773 7090 3867 2031
£ SCr | 6172 | 7578 6495 3848  20.90
g SC, | 59.79 | 7461 6485 3770  17.77
= CD; | 4961 | 71.09 5733 3164 1974
CD 5293 | 7695 6289 3633  19.13

ACC; | 5625 | 7617  60.16 3691  21.02

ACC, | 5586 | 7871 6504 3652 2051

Table 1: Accuracy (%) on five mathematical reasoning
benchmarks for curricula constructed from problem
difficulty metrics (RS, SC, CD, ACC). The baseline
uses randomly shuffled data; 1 and | indicate ascending
(Forward CL) and descending (Reverse CL) ordering,
respectively. See Sec. 2.1 for metric definitions.

3.2.2 Model Surprisal

Model surprisal is quantified using sequence-level
perplexity (SLP) and token-level perplexity (TLP).
Results are reported in Table 2.

We can observe that perplexity serves as an ef-
fective yet partially unstable curriculum signal for
mathematical reasoning. (i) In most cases, Forward
CL (low to high perplexity) outperforms Reverse
CL, suggesting that starting from low-perplexity
samples provides a more stable optimization signal,
consistent with prior findings (Zhang et al., 2025c¢).
(ii) However, the directionality is not universal. In
some cases, Reverse CL achieves higher gains (e.g.,
Mistral-7B: +2.7% on GSM8K under SLP)), im-
plying that high-perplexity samples can help mod-
els adapt to semantic noise and improve robust-
ness (Zhang et al., 2024), while Forward CL may
overfit early confident patterns. (iii) SLP provides
a more stable signal for curriculum direction, fa-
voring Forward CL in most cases (11/15, including
all for Gemma-4B and Llama-8B). In contrast, TLP
exhibits less stability but often achieves stronger
gains, with RCL frequently surpassing FCL on
harder datasets (e.g., Llama-8B: 21.09—24.02 on
MATH), suggesting its heightened sensitivity to
local variations can occasionally yield larger im-
provements.

Model |Strategy | MMQA | ASDiv GSM8K MBench MATH

& |Bascline| 5117 | 7344 5352 3535  21.68
£ | SLP; | 5684 | 7520 5684 3242 2441
E | SLP, | 4863 | 7344 5215 3145 2402
8 | TLP{ | 532 | 7559 5430 3848 2285
TLP, | 4609 | 7188  49.02 3379 2070
@ |Bascline| 5430 | 6855 60.35 3672 1875
T | SLPy | 5117 | 7227 5781 4023 17.38
2 | SLPy | 5273 | 7324  63.09 4043  17.19
S | TLP; | 5332 | 7070 6270 4004 1855
TLP, | 5449 | 7324  60.55 3943 1621
@ | Baseline| 5957 | 7402 6250 3809  18.55
=<}
& | SLPy | 5723 | 7676 6543 4204  20.90
E | s, | 5098 | 7266 60.16 4004 1836
3 | TLP; | 5840 | 7715 6777 3320  21.09
TLP, | 5898 | 7539  66.02 3672  24.02

Table 2: Accuracy (%) on five mathematical reasoning
benchmarks under curricula constructed with model
surprisal (SLP, TLP).

3.2.3 Confidence Margin

Confidence margin, measured by the logit
gap (LG), quantifies how confidently a model
prefers its top prediction over alternatives. Larger
gaps indicate stronger confidence in token-level de-
cisions.
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Table 3 shows that the logit gap (LG) serves
as an effective and stable curriculum signal for
mathematical reasoning. (i) Across models, LG-
based curricula consistently outperform the shuf-
fled baseline, particularly on easier datasets such as
ASDiv (e.g., Llama-8B: 74.02—77.93%), follow-
ing a consistent trend (RCL > Baseline > FCL).
This confirms that LG provides a reliable measure
of task difficulty and model confidence. (ii) Re-
verse CL (high-confidence first) strengthens model
confidence by exposing it to high-margin exam-
ples early in training, allowing the model to form
more decisive predictions and improving reason-
ing performance (e.g., Gemma-4B: +3.5% on AS-
Div, +3.0% on MATH). Overall, LG offers a clear
and direction-sensitive curriculum signal, with Re-
verse CL providing the most consistent gains across
benchmarks.

Model |Strategy| MMQA | ASDiv GSMSK MBench MATH

& |Baseline| 51.17 | 7344 5352 3535  21.68
]

£ LGy | 5273 | 7520 5352 3555 2461
3 LG, | 5430 | 7715 57.03 3809 2472
£ |Baseline| 5430 | 68.55 6035 3672 1875
=

£ LG4 5527 | 7422  60.16  40.04  16.21
g LG, | 5224 | 7012 5996 4023  17.97
£ |Baseline| 5957 | 7402 6250 3809 1855
]

g LGy | 5625 | 7793 69.92 3477  19.73
= LG, | 5879 | 7539 6680 3848  21.68

Table 3: Accuracy (%) on five mathematical reason-
ing benchmarks under curricula constructed with confi-
dence margin (LG).

3.2.4 Predictive Uncertainty

The predictive uncertainty of a model is measured
by entropy-based metrics, including entropy at
the sentence level (SLE) and entropy at the token
level (TLE). These metrics reflect how dispersed
or peaked the model’s predictive distributions are,
with higher entropy indicating greater uncertainty
in its predictions.

Table 4 shows that entropy-based curricula pro-
vide informative yet unstable difficulty signals.
(i) Both SLE and TLE effectively capture predic-
tive uncertainty, especially on easier datasets such
as ASDiv (Llama-8B: 79.49% under SLE;). How-
ever, their stability is lower than that of logit-gap
or perplexity-based metrics, and performance oc-
casionally declines on harder tasks (Mistral-7B:
-3.9% on MATH). (ii) For in-distribution evalua-
tion, forward CL consistently outperforms reverse

Model |Strategy | MMQA | ASDiv GSMSK MBench MATH

e | Baseline | 51.17 | 7344 5352 3535  21.68
<
g SLE+ | 5371 | 7559 5586  34.57 2422
£ SLE, | 5352 | 7852 5547 3340  23.63
3 TLE; | 5352 | 7578 5605 3516 2285
TLE; | 5059 | 7559 5391 3145 2579
@ | Baseline| 5430 | 6855 6035 3672 1875
[}
= SLE; | 5449 | 7227 5957 3887  14.84
7 SLE, | 5273 | 7402 5996 3994 1875
= TLE; | 5466 | 7070  60.16 4021  16.80
TLE; | 5000 | 7324  60.74 4043 1698
" | Baseline | 59.57 | 74.02 6250 3809 1855
o
s SLE: | 5898 | 7949 6191 3945 2129
g SLE, | 5625 | 7402 6289 3496  21.88
= TLE; | 5801 | 7285 7012 3594 2383
TLE, | 5547 | 7695 5684 3672 2246

Table 4: Accuracy (%) on five mathematical reasoning
benchmarks with curricula derived from predictive un-
certainty (entropy-based metrics, SLE and TLE).

CL across models, indicating that ordering by con-
fidence (low-entropy first) facilitates more stable
optimization. (iii) Between metrics, TLE is more
noise-prone yet occasionally yields larger gains
(Llama-8B: +7.6% on MBench under TLE;), con-
sistent with findings that token-level entropy is of-
ten dominated by noisy high-entropy outliers rather
than stable uncertainty patterns (Wang et al., 2025).
In contrast, SLE aggregates uncertainty more coher-
ently, offering steadier, model-agnostic improve-
ments. Overall, entropy-based curricula provide
informative but unstable signals.

3.2.5 Decision Variability

Decision variability, measured as the Variance of
Acc@K (VACC). It captures how “blurred” a prob-
lem appears to the model by quantifying the vari-
ability of correctness across K independent gener-
ations for the same problem.

Model |Strategy | MMQA | ASDiv GSMSK MBench MATH

2 |Baseline | 5117 | 7344 5352 3535 2168
]

E | vacc: | s62s | 7656 5742 3145 2617
S | VACC, | 60.16 | 7539 5840 3672 244
€ |Baseline| 5430 | 6855 6035 3672 1875
=

£ | vAacC: | 4727 | 6387 5430 3555 1465
S |vacc | 5515 | 7148 6067 3692 1680
£ |Baseline| 5957 | 7402 6250 3809 1855
]

£ |vacc: | 5605 | 7676 6328 3516 19.53
= | vacc, | 6309 | 7891 6097 4102 2148

Table 5: Accuracy (%) on five mathematical reasoning
benchmarks with curricula derived from decision vari-
ability (VACC).
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Table 5 shows that variability-based curricula
exhibit clear directional asymmetries. (i) Reverse
CL, which begins with high-variability (less sta-
ble) problems, consistently outperforms Forward
CL across most settings—winning 12 of 15 com-
parisons—with notable gains on easier datasets
(MMQA: +5.9%, ASDiv: +4.9% for Llama-8B).
(ii) Forward CL is competitive only in isolated
cases, such as Gemma-4B on MATH (+1.8%),
where uncertainty is already limited. (iii) Across
models, the performance gap between directions
narrows on more difficult benchmarks (MBench,
MATH), suggesting that once reasoning difficulty
dominates, the influence of variability ordering di-
minishes. Overall, these results indicate that initi-
ating learning with high-variability examples (Re-
verse CL) promotes faster adaptation on simpler
reasoning tasks, whereas both strategies converge
as task complexity increases.

3.3 Metric-Tiered Curricula

Building on the analysis of how different CL strate-
gies influence model reasoning in the previous sec-
tion, we further investigate how samples with vary-
ing metric levels affect learning across tasks of
different difficulty. To this end, we conduct metric
tiered training on Llama3 8B. For each metric, the
training set is divided into three equal sized tiers,
namely Low, Medium, and High, based on metric
values. Within each tier, samples are shuffled, and
the model is trained on one tier at a time under a
fixed data budget to isolate the effect of each diffi-
culty band. Evaluation is performed on four bench-
marks of increasing complexity, including ASDiv,
GSMS8K, MBench, and MATH, which are further
grouped into easy and hard categories to analyze
tier effects across task difficulty. The five metrics
(Section 2.1) represent complementary dimensions:
problem difficulty (ACC), model surprisal (TLP),
predictive uncertainty (TLE), confidence margin
(LG), and decision variability (VACC). A Baseline
trained on a randomly shuffled one third subset of
the data serves as a size matched control.

The results in Figure 2 reveal two consistent
trends. (i) For entropy-based metrics, the most ef-
fective tier depends on task difficulty. On easier
benchmarks (ASDiv, GSM8K), training on the high-
entropy tier yields stronger gains, suggesting that
uncertain samples provide valuable learning sig-
nals for simpler tasks. In contrast, on harder bench-
marks (MBench, MATH), the low-entropy tier per-
forms better, indicating that lower-uncertainty ex-

Low © Medium * High = Baseline Low * Medium * High * Baseline
80 70
- 75 60
"
©
w7 50
65 40
Acc TP TLE L6 vacc Acc TP TLE 6 vAcc
ASIDV GSM8K
40 23
35 21
- 19
=4
T 25 17
I
20 15
ACC e TLE L6 VACC ACC e TLE L6 VACC
MBench MATH

Figure 2: Results of metric-tiered curricula on Llama3-
8B for four benchmarks. For each metric, the training
set is split into three equal-size tiers (Low, Medium,
High), each comprising one third of the data and shuf-
fled; models are trained on one tier at a time. Bars
show accuracy (%).

amples become more useful as task complexity
increases. (ii) For the remaining metrics (ACC,
TLP, LG, VACC), improvements are largely con-
centrated in the medium tier. Task difficulty fur-
ther modulates this effect: easier tasks benefit
more from the low-to-medium range, while harder
ones favor the medium-to-high range. This pattern
suggests that low-surprisal, low-confidence, and
low-variability examples support simpler reason-
ing, whereas challenging reasoning tasks rely more
on informative, high-difficulty samples.

3.4 Effect of CL Strategies on Internal
Metrics

Beyond external performance, we further examine
how curricula influence internal model states, in-
cluding confidence and uncertainty, and how the
direction of the curriculum affects these properties.
We fine tune Llama3 8B using three training sched-
ules: Forward CL (FCL), Reverse CL (RCL), and
a randomly shuffled baseline (SHUF). Each sched-
ule is constructed using one of five metrics that
represent different dimensions of difficulty: TLP,
SLP, TLE, SLE, and LG (see Section 2.1). For
each metric, the training data are reordered based
on its values, and the resulting models are evalu-
ated on five benchmarks using the same metric that
guided training. From each dataset, we sample 200
problems and report the average metric values.
The results are shown in Figure 3. Across all
five internal metrics, curriculum direction induces
clear and consistent shifts in model internal states.
Both FCL and RCL systematically move the model
away from the randomized baseline (SHUF), con-
firming that curriculum ordering fundamentally re-
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Figure 3: Internal-state metrics across different curriculum strategies. We present TLP, SLP, TLE, SLE, and LG
(from left to right, defined in Section 2.1) for Llama3-8B trained under Forward CL (FCL), Reverse CL (RCL), and

the shuffled baseline (SHUF) across five benchmarks.
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Figure 4: Training loss dynamics over 100 training steps under different curriculum learning strategies. We compare

FCL, RCL, and the shuffled baseline (SHUF) across five

metric dimensions (from left to right): TLP, TLE, LG,

ACC, and VACC, showing how loss evolves over training under different CL strategies.

shapes the model’s internal confidence and uncer-
tainty distributions. Specifically, for TLP, SLP, and
LG, we observe a consistent trend of FCL. < RCL,
suggesting that training on low-perplexity or low-
confidence samples first yields more conservative
and stable internal representations. In contrast,
SLE shows the opposite behavior, where prioritiz-
ing low-certainty data increases model uncertainty,
indicating a trade-off between calibration and ro-
bustness under different curriculum directions.

3.5 Impact of CL Strategies on Training
Dynamics

In previous experiments, we demonstrated that CL
strategies substantially influence both the model’s
external performance and internal states. Here,
we further investigate how different CL strategies
shape the model’s training dynamics. We con-
sider five representative metrics spanning distinct
learning dimensions: problem complexity (ACC),
model surprisal (TLP), model uncertainty (TLE),
confidence margin (LG), and decision variabil-
ity (VACC) (see Section 2.1). Training loss is
tracked under two curriculum schedules: Forward
CL (FCL) and Reverse CL (RCL), with a randomly
shuffled curriculum (SHUF) serving as the baseline.
This setup enables a systematic examination of how
curriculum organization shapes model optimization
behavior over time.

We present results in Figure 4. These results
reveal three distinct mechanisms through which
curriculum strategies influence training dynamics.
(i) Internal-state metrics (TLP, TLE, LG) capture
difficulty from the model’s own predictive behav-

ior and primarily regulate the convergence dynam-
ics during training: starting with less-perplexed,
more-certain, or less-confident samples produces
higher initial loss but faster convergence, while be-
ginning with high-perplexity or high-confidence
samples yields slower convergence yet similar fi-
nal loss. Such metrics mainly shape the model’s
internal uncertainty and confidence distributions,
indirectly enhancing reasoning ability. (ii) Task-
aligned metrics (ACC, VACC) measure difficulty
using task-level outcomes that reflect alignment
with the learning objective, having limited effect
on convergence speed but substantial impact on the
final loss and generalization: training on easier or
higher-variability samples leads to lower steady-
state loss, indicating improved data fitting. Overall,
curriculum learning influences training through two
complementary pathways: internal-state metrics
shape model properties such as confidence and un-
certainty, while task-aligned metrics affect data
fitting and generalization. Together, these mech-
anisms explain why CL strategies can effectively
enhance reasoning performance.

Conclusion

We propose a multidimensional offline curriculum
learning framework to systematically analyze how
forward and reverse curricula affect LLMs in math-
ematical reasoning across three open-source base
models: Gemma 4B, Mistral 7B, and Llama 8B.
Our results show that well-chosen CL strategies
can significantly enhance reasoning performance,
with the optimal direction depending jointly on
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model capability and task complexity. Across dif-
ferent difficulty metrics such as logit gap, entropy,
and perplexity, the effectiveness of training tiers
varies with task difficulty: harder tasks benefit
from high-difficulty and high-uncertainty samples,
whereas easier tasks favor low-difficulty and high-
confidence ones. Moreover, CL influences not only
external performance but also internal calibration
and optimization dynamics. Internal-state metrics
influence model confidence and uncertainty, while
task-aligned metrics affect data fitting and gener-
alization. Overall, these results highlight the key
role of data organization in shaping learning dy-
namics and provide practical insights for designing
effective curricula for LLM post-training.

Limitations

While this work systematically investigates curricu-
lum learning (CL) strategies for LLMs, several lim-
itations remain. (i) We focus on offline curriculum
learning (CL), where the data ordering is fixed prior
to training. While this setting enables controlled
comparisons, it does not capture the adaptivity of
online or self-paced curricula that evolve during
training. To complement this limitation, we include
a simple experimental setting for online curricu-
lum learning, with results and analysis reported
in Appendix E. (ii) Our analysis mainly examines
solution accuracy and internal model states. While
these metrics reveal how CL influences learning
dynamics, we have not yet explored the model’s
full reasoning trajectories or intermediate solution
steps, which we plan to investigate in future re-
search.
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All experiments presented in this study were con-
ducted using publicly available datasets and models
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A Related Work

A.1 Curriculum Learning for Large
Language Models

Curriculum learning (CL), proposed in machine
learning and cognitive science—trains models on
examples arranged from easy to hard to stabilize
optimization and improve efficiency (Bengio et al.,
2009; Elman, 1993; Kumar et al., 2010). This
principle has recently been scaled to large lan-
guage models (LLMs). Several works incorporate
CL directly into LLM training: for instance, Ze-
likman et al. construct an implicit easy-to-hard
curriculum via self-training on verified chains of
thought, boosting mathematical and symbolic rea-
soning; Huang and Xiong design a two-phase au-
tomated curriculum across tasks and within-task
instructions, yielding stronger performance and bet-
ter zero-shot generalization; and other researchers
develop CL schemes driven by diverse difficulty
metrics (Chen et al., 2023; Rao et al., 2024; Xi
et al., 2024; Parashar et al., 2025). Complement-
ing training-time CL, Zhou et al. applies CL at
test time by decomposing complex problems into
ranked subproblems and solving them from easy
to hard, markedly enhancing reasoning on chal-
lenging benchmarks. A parallel line of work ap-
plies CL before or alongside pretraining by re-
ordering or sampling data to improve efficiency
and downstream reasoning (Zhang et al., 2025b;
Kim and Lee, 2024; Feng et al., 2023). For ex-
ample, Zhang et al. cast preference-aware data
selection as a pretraining-time curriculum, priori-
tizing high-utility examples and phasing in lower-
utility data, which improves sample efficiency and
downstream performance relative to uniform or
domain-agnostic mixtures.

A.2 Curriculum Metrics for Mathematical
Reasoning

Mathematical reasoning tasks naturally exhibit
graded difficulty, making them well-suited for cur-
riculum learning approaches that progress from
easier to harder problems. Existing work on cur-
riculum metrics for this domain can be broadly
divided into two categories: problem-side met-
rics and model-conditional metrics. Problem-
side metrics are derived from an instance’s struc-
ture and meaning, not from model behavior, and
may be computed analytically or via annotation.
For example, Jung and Jung orders instances by
reasoning depth, using a shallow-to-deep pacing
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strategy to guide training, whereas Hammoud
et al. employs a length-based curriculum that
starts with generous chain-of-thought budgets and
gradually anneals them to encourage concise rea-
soning. Other studies define difficulty through
symbolic complexity (Tong et al., 2024), linguis-
tic complexity (Srivatsa and Kochmar, 2024), or
verifiability signals such as self-consistency and
stepwise correctness (Wang et al., 2022; Light-
man et al., 2023), leveraging these properties to
schedule learning. Model-conditional metrics in-
stead adapt curricula based on model behavior.
Perplexity has been used as a difficulty signal
for training sequence data and in-context exam-
ples, yielding faster convergence and improved in-
context learning performance (Zhou et al., 2020;
Liu et al., 2024b). Entropy-based uncertainty (Yuan
et al., 2025a; Diao et al., 2026) has also been pro-
posed as a pacing signal, where prioritizing high-
information samples leads to more stable training
and stronger downstream results, including higher
BLEU scores (Zhou et al., 2020; Fang et al., 2025).
Beyond these, logit gap signals (Jafarpour et al.,
2021), calibrated confidence estimates (Ao et al.,
2023), and adaptive verification metrics (Wang
et al., 2022; Song et al., 2022) have been explored
to construct easy-to-hard schedules that accelerate
training efficiency and boost generalization.
Despite growing interest in curriculum learning,
there is limited work that systematically compares
curriculum metrics and examines how CL strate-
gies relate to task type and model reasoning ca-
pabilities. To address this gap, we introduce a
multidimensional evaluation benchmark for head-
to-head comparisons of CL strategies. To control
for confounds, we focus on offline curricula and
conduct experiments on base language models (i.e.,
non—instruction-tuned language models).

B Additional Curriculum Strategies

In addition to the Forward CL and Reverse CL
settings introduced in Section 2.2, we explore two
group-based curriculum variants that aim to reduce
the sensitivity of training to fine-grained ranking
noise.

B.1 Group Forward Curriculum (GFC)

We first partition the dataset into three tiers—Low,
Medium, and High—based on the chosen metric,
using thresholding or quantile-based splits. To
eliminate intra-group ordering effects, samples

within each tier are randomly shuffled. Training
then proceeds in a forward manner, starting from
easier samples and gradually moving to more diffi-
cult ones (Low — Medium — High), thereby pre-
serving a coarse-grained notion of increasing diffi-
culty.

B.2 Group Reverse Curriculum (GRC)

Using the same grouping procedure, we construct
a reverse curriculum by traversing the tiers in the
opposite order (High — Medium — Low). This
setting emphasizes more difficult samples at earlier
stages of training, while still mitigating noise from
fine-grained ranking through group-wise shuffling.

C Experimental Details

C.1 Hardware and Software Environment

All experiments were performed on a node
equipped with eight NVIDIA RTX A6000
GPUs (48 GB each), running CUDA 12.8 with
driver version 570.86.16. The software environ-
ment was set up with Python 3.10, PyTorch 2.2.1,
and the HuggingFace Transformers library to en-
sure reproducibility.

C.2 Training Settings

All fine-tuning experiments were conducted us-
ing parameter-efficient LoORA training (Hu et al.,
2022) on Llama3-8B and Gemma-3-4B, and
Mistral-7B backbones. We adopted the PEFT
framework with a low-rank adaptation config-
uration of rank 64, scaling factor 128, and
dropout 0.05. Each model was fine-tuned un-
der mixed precision (bf1loat16) using the Hug-
gingFace Transformers and Accelerate li-
braries with DeepSpeed ZeRO Stage 2 for
distributed optimization. To improve memory ef-
ficiency, we enabled FlashAttention-2 and
non-reentrant gradient checkpointing throughout
training.

We selected the final checkpoint based on the
lowest validation loss, which was evaluated every
25 training steps.

C.3 Parameter Setting

The detailed hyperparameter configurations for
fine-tuning experiments are summarized in Table 6.
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Table 6: Key hyperparameters used in all fine-tuning
experiments.

Category Setting / Value

Dataset Training samples: 20,000
Validation samples: 500
Test samples: 500

Optimization Optimizer: AdamW

Weight decay: 0.01
Learning rate: 5 x 107°
Scheduler: Cosine (10% warmup)

Training configuration Epochs: 3
Batch size / device: 4
Gradient accumulation: 4

Max gradient norm: 1.0

D Group-Based Curriculum Learning
Across Multiple Metrics

In this section, we further evaluate the two group
based curriculum variants, Group Forward Cur-
riculum (GFC) and Group Reverse Curriculum
(GRC), across all five metric dimensions intro-
duced in Section 2.1: Problem Difficulty, Model
Surprisal, Confidence Margin, Predictive Uncer-
tainty, and Decision Variability. For each metric,
we construct both GFC and GRC schedules and as-
sess their impact on model reasoning performance
under identical training settings. The following
tables summarize the quantitative results for each
metric dimension, providing a detailed compari-
son between the forward and reverse group based
curricula.

D.1 Problem Difficulty

We consider four difficulty metrics for prob-
lems: Reasoning Steps (RS), Symbol Complexity
(SC), Comprehension Difficulty (CD), and Acc@ K
(ACC), as described in Section 2.1.1. The results of
Forward CL (FCL) and Reverse CL (RCL) based
on these metrics are shown in Table 2, while their
group-based counterparts, Group Forward Curricu-
lum (GFC) and Group Reverse Curriculum (GRC),
are reported in Table 7.

D.2 Model Surprisal

Model surprisal is evaluated through Token-Level
Perplexity (TLP) and Sequence-Level Perplexity
(SLP), with formal definitions provided in Sec-
tion 2.1.2. FCL and RCL results appear in Table 2,
with their group-based versions (GFC and GRC) in
Table 8.

Model |Strategy | MMQA | ASDiv. GSMS8K MBench MATH

| Baseline | 51.17 | 73.44 5352 3535  21.68

& RSy | 5605 | 7656 5586 3398  24.22
I RS, | 5273 | 7598 5332 3320 2227
£ SCr | 5664 | 7695 5527 3008  26.76
£ SC, | 5352 | 7305 5215 3633 2227
3 CD; | 5234 | 7715 5352 3574 2344
CD 5273 | 7598 5098 3594 2246

ACCy | 5234 | 7715 5547 3750 2461

ACC, | 5604 | 7793 5781 3574 2266

| Baseline | 5430 | 68.55 6035 3672 1875

& RSy | 5449 | 7168  60.16 3594 164l
5 RS, | 5957 | 7246 6328 3652 1699
F SCy | 5371 | 7227 6074 3672 1699
Z SC, | 5371 | 7480 6191 3789  18.16
S CD; | 5449 | 7090 5723 3906 1621
CD 5391 | 7266 6230 3848 1855

ACCy | 5547 | 7402 6250 3770  15.04

ACC, | 5195 | 7324 6074 3828  18.16

| Baseline | 59.57 | 7402 6250 3809 1855

@ RSy | 6035 | 7500 6426 3535 1973
® RS, | 6152 | 7754 69.92 3867  20.70
g SCy | 60.16 | 7207 6797 3574 1953
ki SC, | 5195 | 7051 5840 3652 22385
= CD; | 5918 | 7832 6660 3828 2227
CD; | 5684 | 7852 6426 3887 2129

ACCy | 5410 | 7480 6152 3535 1895
ACCy | 5998 | 7793 6973 4180  20.90

Table 7: Accuracy (%) on five mathematical reasoning
benchmarks for curricula constructed from problem dif-
ficulty metrics (RS, SC, CD, ACC). The baseline uses
randomly shuffled data. 1 and | indicate group-level
ascending (GFC) and group-level descending (GRC)
curricula, respectively. See Sec. 2.1 for metric defini-
tions.

Model | Strategy | MMQA | ASDiv. GSMS8K MBench MATH

2 | Baseline | 51.17 | 73.44 53.52 35.35 21.68
g SLP4 56.64 76.95 53.12 36.91 23.44
g SLP, 51.17 74.80 52.73 38.48 21.48
5 TLP4 54.30 75.00 58.98 32.62 21.68
TLP, 50.20 76.37 55.47 31.25 22.07
EE ‘ Baseline ‘ 54.30 ‘ 68.55 60.35 36.72 18.75
Telg SLP4 53.71 64.06 52.54 38.87 15.23
7z SLP, 54.49 75.58 63.67 38.28 15.82
s TLPy 54.30 74.80 58.20 39.06 16.21
TLP 54.49 75.78 63.67 33.59 15.43
e | Baseline| 59.57 | 74.02 62.50 38.09 18.55
3
g SLP+ 62.50 75.78 68.16 37.89 20.31
] SLP, 55.47 75.78 60.74 35.94 19.73
2 TLPy 56.64 74.41 59.18 37.50 19.34
TLP, 57.42 75.59 60.94 38.28 20.90

Table 8: Accuracy (%) on five mathematical reasoning
benchmarks under curricula constructed from model
surprisal metrics (SLP, TLP). Baseline, 1, and | follow
the same notation as in Table 7.
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Model |Strategy| MMQA | ASDiv GSMSK MBench MATH

&  |Baseline| 51.17 | 7344 5352 3535  21.68
]

g LGy | 5293 | 7305 5440 3448 2168
3 LG, | 5605 | 7520 5332 3496 2226
£ |Baseline| 5430 | 6855 6035 3672 1875
=

s LGy | 5352 | 7461 6211 4160 1836
= LG, | 5391 | 7363  60.16 4102 1895
£ |Baseline| 5957 | 7402 6250 3809 1855
]

g LGy | 6152 | 7598  64.84 3945  21.09
= LGy | 5840 | 7305 6641 3867 2147

Table 9: Accuracy (%) on five mathematical reason-
ing benchmarks under curricula constructed from confi-
dence margin (LG). Baseline, 1, and | follow the same
notation as in Table 7.

D.3 Confidence Margin

Confidence margin is measured using the Logit
Gap (LG) metric, formally defined in Section 2.1.2.
Results for FCL and RCL are presented in Table 3,
and the corresponding group-based variants, GFC
and GRC, are shown in Table 9.

D.4 Predictive Uncertainty

Predictive uncertainty is measured using the Token-
Level Entropy (TLE) and Sequential-Level Entropy
(SLE), formally defined in Section 2.1.2. Results
for FCL and RCL are presented in Table 4, and
the corresponding group-based variants, GFC and
GRC, are shown in Table 10.

Model |Strategy | MMQA | ASDiv GSMS8K MBench MATH

o | Bascline | 5117 | 7344 5352 3535 2168
-
£ | SLE; | 5449 | 7676 5781 3301 2637
g | SLE, | 5527 | 7637 5321 2656 2598
3 | TLE; | 5254 | 7402 5234 3730 2207
TLE, | 5273 | 7480 5195  37.89 2285
o | Bascline| 5430 | 6855 6035 3672 1875
-
3 | SLEy | 5391 | 6855 6191 3867 1777
E | SLEy, | 5430 | 7539 6465 3965 1367
S | TLE; | 5156 | 7148 5684 3945 1523
TLE, | 4961 | 7285 5938 3926 1445
o | Bascline| 5957 | 7402 6250 3809 1855
o
& | SLE; | 5820 | 7832 6602 3809  20.12
£ SLE, | 5371 | 7168 6113 3867 1934
2 | TLE; | S566 | 7754 6348 3906  19.53
TLE, | 5460 | 7422 6250 3945  22.66

Table 10: Accuracy (%) on five mathematical reasoning
benchmarks under curricula constructed from predic-
tive uncertainty metrics (SLE, TLE). Baseline, 1, and
J follow the same notation as in Table 7.

D.5 Decision Variability

Decision variability is evaluated using the Acc@ K
metric (VACC), as defined in Section 2.1.2. Re-
sults for FCL and RCL are reported in Table 5,
while their group-based variants, GFC and GRC,
are presented in Table 11.

Model |Strategy | MMQA | ASDiv GSMS8K MBench MATH

8 |Baseline | 5117 | 7344 5352 3535 2168
]

E | VACC: | 4844 | 7539 4941 3320 2363
$ | vAcc, | 5625 | 7188 5703 2578 1875
B |Baseline| 5430 | 6855 6035 3672 1875
=

£ | VACC; | 5449 | 6855 6035 4043 1582
S | VACC, | 5293 | 7344 6152 4316 1699
£ |Baseline| 5957 | 7402 6250 3809 1855
]

§ | vACC: | 4961 | 7637 5801 3203 4941
= | VACC, | 5820 | 7832 6523 4043 5820

Table 11: Accuracy (%) on five mathematical reasoning
benchmarks under curricula constructed from decision
variability (VACC). Baseline, 1, and | follow the same
notation as in Table 7.

D.6 Result Analysis of FCL/RCL and
GFC/GRC

We compare fine-grained curricula (FCL/RCL)
with their group-based variants (GFC/GRC). Over-
all, GFC and GRC yield more stable and consis-
tent reasoning performance across benchmarks and
model scales.

(a) Stability and direction GFC/GRC produce
smoother results and fewer fluctuations between
curriculum directions. Grouping samples before
scheduling reduces local ranking noise, improving
directional consistency—e.g., GFC benefits the RS
metric on Gemma-4B, while GRC enhances ACC
on Llama-8B.

(b) Robustness of effects While FCL/RCL oc-
casionally reach higher peaks, their performance
varies more with direction choice. GFC/GRC
achieve more balanced gains, suggesting that
grouped scheduling stabilizes optimization and mit-
igates overfitting to specific ranking orders.

(¢c) Model-scale sensitivity Smaller models
(Gemma-4B, Mistral-7B) show larger differences
between FCL/RCL and GFC/GRC, whereas larger
ones (Llama-8B) are less sensitive to ranking granu-
larity. This indicates that coarser grouping becomes
increasingly effective with model size.
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Taken together, group-based curricula offer a
more stable, robust, and interpretable alternative by
suppressing noisy ranking signals and promoting
consistent training behavior.

E Analysis for Online Curriculum
Learning

In our main experiments, all analyses are conducted
under an offline curriculum learning setting, where
curriculum metrics are computed prior to training
and used to reorder the dataset. To further exam-
ine whether curriculum learning remains effective
beyond this controlled setup, we extend our study
to an online setting. Specifically, we implement an
online curriculum variant in which, instead of pre-
computing a fixed ordering, the model dynamically
reweights token-level losses based on real-time in-
ternal signals during training. This allows us to
assess whether curriculum effects persist when dif-
ficulty is estimated adaptively rather than statically.

E.1 Experimental Setup

We consider three representative model-side met-
rics: token-level entropy (Eq. 6), token-level per-
plexity ( Eq. 3), and logit gap (Eq. 4). Based
on these metrics, we design two online weighting
schemes:

Forward Curriculum Learning (FCL) assigns
larger loss weights to more difficult tokens (i.e.,
high entropy or perplexity, and low logit gap), pri-
oritizing challenging predictions during training.
In practice, we first normalize the token-level met-
ric to [0, 1] within each batch. For entropy and
perplexity, the normalized value is used directly as
the weight, so that higher uncertainty corresponds
to larger weights. For logit gap, we take 1— nor-
malized value, so that lower confidence (smaller
gap) results in larger weights. The values are then
scaled to a fixed weight range.

Reverse Curriculum Learning (RCL) assigns
larger weights to easier tokens, emphasizing con-
fident predictions in earlier learning stages. Us-
ing the same normalized metric, we reverse the
mapping used in FCL: for entropy and perplex-
ity, we take 1— normalized value so that more
confident tokens receive larger weights; for logit
gap, we directly use the normalized value, so that
higher confidence (larger gap) corresponds to larger
weights. The values are then scaled to the same
weight range.

We conduct experiments on Gemma3-4B and
Llama3.1-8B, trained on the MetaMathQA dataset,
the same training set used in Section 3.1, with sam-
ples randomly shuffled. Evaluation is performed
across benchmarks of increasing difficulty: ASDiv
(easy), GSM8K (medium), and MATH (hard).

Gemma3-4B Llama3.1-8B
Strategy ASDiv.  GSMS8K MATH ASDiv GSM8K MATH
Entropy (FCL) 67.19 40.82 14.45 68.95 44.73 9.96
Entropy (RCL) 63.87 37.30 11.33 69.92 56.64 12.50
PPL (FCL) 64.06 44.34 15.23 66.99 50.78 10.16
PPL (RCL) 67.19 41.21 12.30 68.55 52.24 10.74
Logit Gap (FCL)  68.36 48.44 16.02 69.14 53.32 13.87
Logit Gap (RCL)  62.89 40.23 13.48 66.60 49.61 9.38

Table 12: Comparison of online FCL and RCL strate-
gies. Bold values indicate the superior direction within
each metric pair.

E.2 Results and Discussion

Results are reported in Table 12. Compared to of-
fline curriculum learning, the online setting exhibits
more stable curriculum behaviors, although the pre-
ferred direction still depends on both the metric
and the model. For entropy, the optimal direction
varies across models, with FCL performing better
on Gemma3-4B, while RCL is more effective on
Llama3.1-8B. For perplexity, RCL generally yields
stronger performance, particularly on the larger
model. In contrast, for logit gap, FCL consistently
outperforms RCL across both models.

These results suggest that while online curricu-
lum signals reduce the variability observed in of-
fline ordering, the optimal direction remains in-
herently dependent on both the choice of metric
and the model. Notably, different metrics induce
qualitatively different training signals: uncertainty-
based metrics (entropy, perplexity) do not exhibit
a consistent preference, whereas confidence-based
metrics (logit gap) show a clear advantage for em-
phasizing harder tokens.

Taken together, our findings reinforce the central
message of this work: data ordering is a first-class
learning signal, but its optimal direction is not uni-
versal. We clarify that the offline setting is a de-
liberate methodological choice to isolate ordering
effects, while our metric-driven framework natu-
rally extends to online variants. Our study reveals
a general, orthogonal effect that holds across differ-
ent model families, and this effect may also extend
to different optimizers (Pang et al., 2026).
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