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Abstract

With the rapid progress of large language mod-
els (LLMs), aligning a general-purpose model
with downstream tasks through fine-tuning has
become a central research focus. Selecting only
high-quality examples for training has been
shown to be one of the most effective ways
to improve fine-tuning performance. However,
prior work concentrates almost exclusively on
data preprocessing: filtering and cleaning data
before training begins. While the order and
composition of training data during training
have received little fine-grained attention. To
fill this gap, our work proposed Fine-Grained
Order Fine-Tuning, a fine-grained scheduling
method of data order in epochs. Drawing on
curriculum-learning principles, FOT defines
data difficulty based on the relevance between
the data and the model, and then performs dy-
namic scheduling of the training order in each
epoch according to the difficulty. On both large-
scale continued pre-training and small-scale
supervised fine-tuning experiments, FOT has
achieved an average 2.4% improvement over
baselines. Our study offers a new perspective
on data governance in the fine-tuning phase.

1 Introduction

In recent years, large language models (LLMs)
have advanced rapidly. General-purpose LLMs
have demonstrated near-human-level capabilities
in language understanding and reasoning (Achiam
et al., 2023; Grattafiori et al., 2024; Guo et al., 2025;
Yang et al., 2024). To bridge the gap between broad
pretraining and domain-specific applications, fine-
tuning and alignment techniques—such as contin-
ued pretraining and supervised fine-tuning—have
become essential. These approaches not only
strengthen LLMs’ domain adaptation, but also
substantially improve their reasoning performance.
(Wei et al., 2022; Sanh et al., 2022; Xie et al., 2024;
Guo et al., 2025). As fine-tuning techniques con-
tinue to advance, research into fine-tuning data

Figure 1: In conventional training setups, data within
each epoch is fed into the model in a randomly shuf-
fled order, as shown in the upper part. Such an ap-
proach overlooks important information both between
data samples and between the data and the model. In
contrast, our method applies fine-grained sorting based
on data difficulty and feeds samples into the model in a
difficulty-aware order, as illustrated in the lower part.

itself has also emerged as a major focus. Re-
cent studies have demonstrated that the quality of
fine-tuning data significantly impacts model per-
formance (Zhou et al., 2023; Pang et al., 2025a).
Consequently, data cleaning, filtering, and sub-
set selection have become critical components in
enhancing the effectiveness of fine-tuning (Chen
et al., 2023). Fine-tuning with only a small amount
of high-quality data can achieve, or even surpass,
the performance of fine-tuning with large-scale
data (Zhou et al., 2023).

However, existing research on fine-tuning data
has predominantly focused on the pre-processing
stage, where data are curated and filtered before
training. Most existing work focuses solely on the
properties of the data itself, such as its relevance to
the task, without considering how to leverage the
data more effectively during the training process.
There has been a lack of fine-grained, systematic
study on the ordering and composition of training
data during the fine-tuning process.

20406



For fine-tuning of large language models, the
essence is to adapt the model from the pre-training
distribution to the target task distribution (Shengyu
et al., 2023). Scheduling the training data so that
the model gradually transitions from the origi-
nal distribution to the target distribution has been
shown to better promote convergence toward the
target (Abnar et al., 2021; Xu et al., 2021; Wein-
shall et al., 2018). Recently, many approaches in
the reinforcement learning stage of large language
models have leveraged curriculum learning prin-
ciples to schedule training tasks (Parashar et al.,
2025; Jiang et al., 2025). However, most exist-
ing fine-tuning work presents training data in a
randomly shuffled order. Because the data is un-
ordered, they cannot achieve the desired progres-
sive training effect. To address this issue, we con-
duct a fine-grained investigation into the role of
training data order during LLM fine-tuning and pro-
pose a curriculum-inspired approach named Fine-
Grained Order Fine-Tuning, which dynamically
adjusts the sequence of training examples from
easier to harder, thereby approximately realizing a
progressive transition from the original distribution
to the target distribution. Concretely, for each can-
didate training sample, FOT estimates its difficulty
based on two criteria: (1) the cross-entropy loss of
the model in that sample, and (2) the probability
that the sample’s content was seen during the
original pre-training. After obtaining the diffi-
culty scores of data samples, FOT draws on the
principles of curriculum learning to schedule the
training order for each epoch: during the early
stages of finetuning, we train samples from easy
to difficult, while in later stages, we re-shuffle
the data in random order to avoid overfitting.

To rigorously assess the effectiveness of our
method, we conducted comprehensive experiments.
For domain-specific data such as code and math-
ematics, we carried out not only large-scale con-
tinued pre-training, but also small-scale supervised
fine-tuning, and evaluated performance on corre-
sponding benchmarks. The experimental results
consistently show that our approach achieves im-
provements over baseline methods across a range of
fine-tuning settings and model scales. Furthermore,
by visualizing the changes in data distributions and
gradients throughout training, and through various
ablation studies such as out-of-distribution eval-
uations, we demonstrate the effectiveness of our
approach.

In summary, our contributions are as follows:

• A pioneering fine-grained investigation into
the training data order during the fine-tuning
phase. We offer a brand-new perspective on
data governance during the fine-tuning stage.

• Comprehensive Continued Pre-Training and
Supervised Fine-Tuning experiments demon-
strate superior performance over baselines
across different training scales, model sizes,
and tasks.

2 Related Work

2.1 Data Centric Fine-tuning
Recent years, a growing body of work showed
that the composition and quality of supervision
data dominate the outcome of LLM alignment.
LIMA (Zhou et al., 2023) demonstrates that merely
1K carefully curated instruction–response pairs can
rival or surpass proprietary systems, challenging
the premise that more data is always better. Follow-
ing the same philosophy, AlpaGasus (Chen et al.,
2023) filters the 52K Alpaca corpus down to 9K
GPT-4-verified examples and matches 90% of its
teacher’s performance while reducing training cost
5.7×.

Beyond example-level filtering, more granular
data cleaning methods have also become a focus of
attention. RHO-1 (Lin et al., 2024) proposed selec-
tive language modeling(SLM), which only calcu-
lates important tokens when calculating loss. Pang
et al. (2025b) introduce Token Cleaning, pruning
low-influence tokens inside good samples and re-
porting consistent SFT gains across tasks.

2.2 Curriculum Learning and Training-order
Effects for LLMs

Curriculum learning (CL) advocates presenting
training instances from easy to hard, a principle
formalised by Bengio et al. (2009) and its self-
paced variant by Kumar et al. (2010). Early NLP
applications, such as competence-based schedules
for MT (Platanios et al., 2019) and difficulty-aware
pointer generator readers (Tay et al., 2019), showed
faster convergence and better generalization.

Recent work adapts Curriculum Learning to
large language models. IT2ACL (Huang and
Xiong, 2024) builds a two-phase, loss-driven syl-
labus that feeds LLMs increasingly difficult instruc-
tion clusters and reports consistent gains across 16
tasks. Ranaldi et al. (2024) study whether the train-
ing order matters in multilingual settings, propos-
ing curriculum learning over languages to improve
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Figure 2: Overview of FOT framework. On the data side, FOT first feeds each sample into the model to obtain the
model-assigned probability for every token P (x), while simultaneously computing the corpus-level token-frequency
distribution P (xi;Sp); these two quantities are then merged via Equation−∑n

i=1(αxi−(1−α)p(xi, Sp)) log p(xi)
to give each sample a difficulty score, defined as a weighted sum of the sample’s cross-entropy loss and the prior
probability the token already trained after pre-training. On the training side, FOT splits training into two phases:
during the early curriculum phase the model receives examples in ascending order of difficulty—moving from
easy to hard—whereas in the later phase the same data are randomly shuffled before presentation, a strategy that
preserves the curriculum’s benefits while limiting over-fitting.

cross-lingual transfer. Zhang et al. (2025c) propose
replacing random sampling with difficulty-aware
curricula for more efficient language model pre-
training. Zhang et al. (2025a) improve LLM rea-
soning via adaptive difficulty curriculum learning
combined with expert-guided self-reformulation.
In the alignment setting, 2D-Curri-DPO (Li and
Zhang, 2025) extends Curriculum-DPO with a two-
dimensional difficulty axis (prompt complexity ×
preference clarity) and achieves state-of-the-art
MT-Bench scores while remaining RL-free.

Beyond curricula, some papers probe how the
micro-level sequence of updates influences fine-
tuning stability. Kim and Lee (2024) demonstrates
that re-ordering just 4% of a 180K instruction set
by easiness yields small but consistent wins, yet
their study still treats ordering in coarse buckets.
However, fine-grained, epoch-level scheduling for
LLM fine-tuning remains largely unexplored, and
there is a lack of systematic research in this area.

3 Method

3.1 Preliminary

Consider the fine-tuning dataset Sf with its data
x = {x1, x2, · · · , xn} ∈ Sf , where n is the

sequence length, and Sf follows a distribution
Df . For simplicity, we treat each data point
holistically without distinguishing between input
and output components. Given a pre-trained
LLM, its pre-training dataset Sp also follows a
distribution Dp. When x is fed into the LLM,
the corresponding token-level probabilities are
P (x1), P (x2), · · · , P (xn).

3.2 Fine-grained scheduling of the training
data order

For the data within an epoch, the existing train-
ing procedure partitions all data into m batches
B1, B2, . . . , Bm. Assume the data in each batch
follows a distribution Di, and training proceeds
in the order 1 → m. Let ∆ denote the distance
between two probability distributions. Intuitively,
an ideal training order should satisfy the following
conditions:

∆(Di+1, Dp) ≥ ∆(Di, Dp)

∆(Di+1, Df ) ≤ ∆(Di, Df ) (1)

That is, over the course of training, we gradually
shift from the original distribution toward the target
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distribution. Initially, the training data is closer to
the center of the pretraining distribution; as training
proceeds, it moves toward the center of the target
distribution. This gradual migration smooths the
gradients during convergence and better facilitates
the model’s fit to the target domain (Abnar et al.,
2021; Xu et al., 2021; Weinshall et al., 2018).

However, most existing methods train in a ran-
dom order, as shown in the upper panel of Figure 1,
which prevents them from achieving the desired
training sequence. Therefore, it is worthwhile to
plan the training order at a finer granularity. Since
it is difficult to precisely estimate the distribution
of text data, inspired by curriculum-learning prin-
ciples, data difficulty emerges as a key criterion for
organizing the training sequence. Easy examples
are more likely to be close to the original data distri-
bution Dp, whereas hard examples are more likely
to deviate from the original data and be closer to
the target data distribution Df . Therefore, training
from easy to hard, as shown in the lower panel of
Figure 1, can approximately achieve the ideal train-
ing order described in Equation 1. Section 5.1 also
corroborates this through visualizations.

The next two sections formally define data dif-
ficulty and present our detailed procedure for
scheduling the training order.

3.3 Definition of Data Difficulty

Given a data sample x and a pre-trained LLM, the
difficulty of this data for the model can be deter-
mined by the following two aspects:

• Cross-entropy loss of the data with respect
to the model. When the data is fed into the
model, a higher output loss indicates greater
difficulty of the data, and vice versa. We de-
fine this component as

Dce = −
n∑

i

xi logP (xi) (2)

• The probability of the data being trained
in the model’s pre-training. If a data sam-
ple is more likely to have been encountered
during pre-training, it is considered easier for
the model; conversely, less probable samples
are deemed more challenging. Drawing in-
spiration from training data detection method-
ologies, we adapt the DC-PDD (Zhang et al.,
2024) approach to formally define this com-

Algorithm 1 Fine-Grained Order Fine-
Tuning(FOT)
Input: The Fine-tuning data x =
{x1, x2, · · · , xn}, The Fine-tuning Dataset
Sf with total token number Np, The Pre-trained
Model M . The Function pLLM() is to get the
Probability of the LLM’s outputs. Training Epochs
e. Hyper-Parameters α, ϵ.
Output: Fine-tuned Mf

1: P (xi)← pLLM()

2: P (xi;Sf )← count(xi)
Nf

3: Dce ← −
∑n

i xi logP (xi)
4: Dpd ← Dpd =

∑n
i P (xi;Sp) logP (xi)

5: Diff(x)← αDce + (1− α)Dpd

6: Sort Sf from simple to difficult according to
Diff(x)

7: for i← 1 to e do
8: if i < ϵ then
9: Train M with sorted Sf

10: else
11: Train M with random-shuffled Sf

12: end if
13: end for
14: return Mf

ponent as:

Dpd =

n∑

i

P (xi;Sp) logP (xi) (3)

where P (xi;Sp) =
count(xi)

Np
represents the to-

ken frequency distribution, count(xi) denotes
the occurrence count of the token xi in the
dataset and Np is the total number of tokens
in Sp. Since the original pretraining dataset is
unavailable, we follow the approach adopted
in the original paper and use a large-scale
pretraining corpus (RedPajama (Weber et al.,
2024)) as an approximation. To maintain con-
sistency with the loss metric, we invert the
original value proposed in the reference pa-
per, ensuring that higher values correspond to
greater difficulty levels.

Based on the two components above, we for-
mally define the data difficulty as follows:

Definition Diff(x) The difficulty of a data sample
is computed as the weighted average of its cross-
entropy loss and the probability of being covered
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in pre-training.

Diff(x) = αDce + (1− α)Dpd

= −
n∑

i=1

(αxi − (1− α)P (xi;Sp)) logP (xi)

(4)

3.4 Training Sequence Scheduling
After annotating the difficulty scores for the train-
ing dataset, we subsequently plan the training se-
quence by following conventional curriculum learn-
ing methodologies. The complete fine-tuning pro-
cess is divided into two phases:

1. Curriculum Learning Phase. In the early
epochs of training, we sort the data from easy
to difficult and then feed it into the training
model in the sorted order. Within each epoch,
simpler samples are trained first, followed by
more challenging ones. To maintain a de-
gree of randomness, we designed a block-wise
shuffling method: the sorted data is divided
into several blocks, and shuffling is performed
within each block. This approach not only
preserves the randomness of the data but also
ensures that the overall training process pro-
gresses from easy to difficult.

2. Normal Training Phase. In later epochs
of training, we randomly shuffle the entire
dataset before training to prevent the model
from overfitting.

3.5 Method Overview
Our approach, named Fine-Grained Order Fine-
Tuning (FOT), is described in Algorithm 1. Given
a fine-tuning dataset Sf , FOT first feeds it through
the model to obtain the predicted probabilities
P (x1), P (x2), · · ·P (xn). We then compute a dif-
ficulty score Diff(x) for each sample using Equa-
tion 4. After obtaining these scores, the entire
dataset is sorted in ascending order—from the easi-
est to the hardest examples. During training, FOT
carefully schedules every epoch. In the first epoch,
the model is trained with the data in the pre-sorted
order. In the second epoch, we switch to the con-
ventional strategy of randomly shuffling the data be-
fore each pass. Figure 2 gives a complete overview
of the workflow of our method.

4 Experiment

The experiments in this work consist of two parts:
continued pre-training and supervised fine-tuning.

This section details the experimental setup and
presents the results. Further experimental details
can be found in the apeendix.

4.1 Experiment Setup
Datasets. In the continued pre-training phase, the
CodeParrot dataset was selected, from which a
subset of data was extracted as the code-focused
dataset. Additionally, following the practices of
previous works in continued pre-training, the Red-
Pajama (Weber et al., 2024) dataset was incorpo-
rated to mitigate catastrophic forgetting, with a sub-
set of data serving as general-purpose content. The
two datasets were mixed in a 4:1 ratio of code to
general data, resulting in a combined dataset of ap-
proximately 2 billion tokens. In the SFT phase, two
datasets were selected to cover both mathematical
and coding domains: MathInstruct and Magicoder,
serving as the training sets for the respective tasks.

Models. Due to computational resource con-
straints, the CPT experiments were conducted
solely on the LLama-3.2-1B model, while on the
SFT experiments, four base models of varying
sizes and types were selected: LLama-3.2-1B,
LLama-3.1-8B (Grattafiori et al., 2024), Gemma-3-
4B (Team et al., 2025) and Qwen-3-4B (Yang et al.,
2025).

Evaluation. To evaluate the model’s code-
related capabilities, assessments were conducted
on several code benchmarks, including Hu-
manEval (Chen et al., 2021), HumanEval+ (Liu
et al., 2023), MBPP (Austin et al., 2021), and
MBPP+ (Liu et al., 2023) for both CPT and SFT.
Furthermore, to assess the extent of catastrophic
forgetting, evaluations were performed on general-
purpose benchmarks such as MMLU (Hendrycks
et al., 2021a) and CMMLU (Li et al., 2024) for
CPT. For the math domain in SFT, evaluations are
performed on the GSM8K (Austin et al., 2021)
and Math (Hendrycks et al., 2021b) benchmarks to
comprehensively measure the performance of the
model in math tasks. For each dataset, we tested
and averaged the results twice.

Training Details. For each experimental setting,
the training process consists of two epochs: the
first epoch corresponds to Phase 1 as described in
Section 3.4, and the second epoch corresponds to
Phase 2.

Baselines. To validate the effectiveness of our
proposed training data scheduling method, the fol-
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Method General Code Avg.
MMLU CMMLU HEval HEval+ MBPP MBPP+

Random 29.16 26.17 11.59 10.37 26.46 21.96 20.96 0.00
Anti-Curri 28.54 25.35 13.41 12.20 25.40 21.69 21.12 ↑0.16

MIX 27.82 24.95 12.80 11.59 27.51 21.96 21.11 ↑0.15
IT2ACL 29.22 25.35 12.20 11.59 25.66 21.43 20.90 ↓0.06

Kim and Lee (2024) 29.43 25.02 12.20 10.98 25.40 21.43 20.57 ↓0.39
FOT 29.57 26.66 14.63 14.01 27.25 22.22 22.39 ↑1.43

Table 1: Performance of our method in CPT compared to other baselines with Llama-3.2-1B in general and code
tasks. The best results are highlighted in bold and the second best results are highlighted in underline. ↓↑ indicates
change relative to the baseline. Our method achieved the best performance on average, outperforming the baseline
by 1.4%.

Model Method Math Code Avg.
GSM8K MATH HEval HEval+ MBPP MBPP+

Llama-3.2-1B

Random 17.89 3.76 25.61 21.95 19.31 16.40 17.49 0.00
Anti-Curri 17.97 4.52 27.44 24.39 19.84 15.61 18.28 ↑0.79

MIX 16.62 4.00 26.22 23.17 20.63 17.99 18.14 ↑0.65
IT2ACL 17.44 4.82 28.66 25.61 19.84 16.93 18.86 ↑1.37

Kim and Lee (2024) 17.29 4.12 26.82 23.17 19.04 16.93 17.90 ↑0.41
FOT 16.90 5.12 30.18 24.39 20.90 17.86 19.23 ↑1.74

Llama-3.1-8B

Random 55.95 20.20 67.07 64.63 46.83 39.42 49.01 0.00
Anti-Curri 49.20 21.42 68.29 60.98 50.53 40.74 48.52 ↓0.49

MIX 53.83 19.18 65.24 59.76 48.41 41.27 47.97 ↓1.04
IT2ACL 58.15 20.52 63.41 60.37 50.79 42.06 49.23 ↑0.21

Kim and Lee (2024) 54.38 20.88 67.07 63.41 49.47 42.33 49.61 ↑0.60
FOT 57.28 22.38 68.90 62.80 50.93 41.93 50.70 ↑1.69

Gemma-3-4B

Random 54.00 20.58 64.63 60.98 58.20 50.00 51.40 0.00
Anti-Curri 54.21 20.52 65.24 60.98 59.52 51.59 52.06 ↑0.66

MIX 54.74 21.22 67.07 63.41 57.40 50.53 52.38 ↑0.98
IT2ACL 58.07 21.44 67.68 64.63 59.79 51.59 53.88 ↑2.48

Kim and Lee (2024) 56.10 21.36 67.68 65.24 58.99 52.91 53.04 ↑1.64
FOT 57.62 21.80 70.12 67.68 64.29 52.91 55.74 ↑4.34

Qwen-3-4B

Random 60.50 25.92 78.66 73.78 74.60 62.70 62.69 0.00
Anti-Curri 59.51 25.56 76.83 73.17 74.87 62.70 62.10 ↓0.59

MIX 60.50 26.20 78.05 73.78 74.07 63.49 62.68 ↓0.01
IT2ACL 61.11 28.68 79.88 74.39 73.02 62.17 63.21 ↑0.52

Kim and Lee (2024) 60.80 26.54 78.05 72.56 74.34 64.02 62.72 ↑0.03
FOT 62.32 28.52 79.57 75.00 75.79 64.55 64.29 ↑1.60

Table 2: Performance of our method in SFT compared to other baselines with Llama-3.2-1B, Llama-3.1-8B,
Gemma-3-4B and Qwen-3-4B in math and code tasks. For LLama-3.2-1B, FOT achieved the best performance
on average, outperforming the baseline by 1.9%. For LLama-3.1-8B, FOT achieved the best performance on
average, outperforming the baseline by 1.6%. For Gemma-3-4B, FOT outperformed the baseline by 4.3%, and for
Qwen-3-4B, FOT outperformed the baseline by 1.6%.

lowing baselines were designed for comparison:
Random: Data are shuffled in a random order for
training. Anti-Curri: Data are presented in re-
verse curriculum order, from the most difficult to
the simplest samples. MIX: Each 1% subset of the
data is composed of a mixture of easy and difficult
samples, ensuring that each portion contains both
easy and hard examples. IT2ACL: Following the
approach of IT2ACL (Huang and Xiong, 2024), we
take Instruction Prediction Gain as the difficulty

metric, that is, how much additional loss can still
be reduced in each instruction, and train the model
in an easy-to-hard curriculum order. Kim and
Lee (2024): Following the approach of Kim and
Lee (2024), use the length and attention score as
a metric and train the model in order. All of these
methods are applied only during the first phase of
training described in Section 3.4, while the second
phase follows the same training strategy across all
methods.
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Model Method Description Math Code Avg.
GSM8K MATH HEval HEval+ MBPP MBPP+

Llama-3.2-1B
Random Only Phase 2 17.89 3.76 25.61 21.95 19.31 16.40 17.49 0.00
Only CL Only Phase 1 17.82 4.30 24.39 17.68 22.22 19.84 17.70 ↑0.21

FOT Phase 1+2 16.90 5.12 30.18 24.39 20.90 17.86 19.23 ↑1.74

Llama-3.1-8B
Random Only Phase 2 55.95 20.21 67.07 64.63 46.83 39.42 49.01 0.00
Only CL Only Phase 1 54.79 23.52 46.34 40.85 43.12 37.30 40.99 ↓8.02

FOT Phase 1+2 57.28 22.38 68.90 62.80 50.93 41.93 50.70 ↑1.69

Gemma-3-4B
Random Only Phase 2 54.00 20.58 64.63 60.98 58.20 50.00 51.40 0.00
Only CL Only Phase 1 54.98 21.40 67.07 64.63 56.08 50.00 52.36 ↑0.96

FOT Phase 1+2 57.62 21.80 70.12 67.68 64.29 52.91 55.74 ↑4.34

Qwen-3-4B
Random Only Phase 2 60.50 25.92 78.66 73.78 74.60 62.70 62.69 0.00
Only CL Only Phase 1 52.39 26.04 76.83 71.95 59.52 50.26 56.17 ↓6.52

FOT Phase 1+2 62.32 28.52 79.57 75.00 75.79 64.55 64.29 ↑1.60

Table 3: Ablation Study on only Train by Curriculum Learning. The results show that if we only perform training in
the CL (Curriculum Learning) stage, the model improves on certain metrics but exhibits significant drops on others.
In the 8B-scale experiments, it even suffers from substantial performance degradation.
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Figure 3: Visualization of data distributions. The left
figure shows distributional changes under random order-
ing, and the right figure shows changes under FOT. As
observed, with a random order the overall distribution
evolves chaotically, whereas with our method the distri-
bution exhibits a progressive trend throughout training.

4.2 Experiment Results

The experimental results for CPT are presented in
Table 1. Among all approaches, our method de-
livers the best performance. Compared with the
baseline, FOT achieves an average improvement
of around 1.5%. Although certain metrics are best
achieved by alternatives such as MIX, FOT sur-
passes all other methods overall.

The results of SFT are shown in Table 2. Across
all four models, our approach attains state-of-the-
art performance, surpassing the baseline by an av-

erage of 2.4%. On Gemma-3-4B in particular, the
FOT method yields a marked gain of 4.5% over
the baseline. The remaining models likewise ex-
hibit consistent improvements relative to both the
baseline and competing methods. Results on the
CPT and SFT benchmarks further substantiate the
effectiveness of FOT.

5 Analysis

5.1 Visualization of Data Distribution and
Gradient

As discussed in Section 3.2, training progressively,
from the original pretraining distribution toward the
target distribution, better promotes convergence to
the target domain. Following curriculum learning
principles, we train from easy to hard, which ap-
proximates this idealized process. To further verify
this, we visualize how the data distribution evolves
over training steps within a single epoch. For each
example, we take the last-layer hidden state of the
pretrained model (e.g., LLaMA-3.2-1B) as its rep-
resentation, apply PCA for dimension reduction,
and visualize the results, as shown in Figure 3.

From the distributional changes, we can see that
unlike the random order, our method exhibits a
clear gradual transition. In the early training steps,
the data distribution is close to one distributional
center. Throughout training, data from adjacent
steps are also close in distribution; in the later
steps, the data distribution approaches another dis-
tributional center. Therefore, we validate that our
method can approximately simulate the ideal train-
ing process described in Equation 1.
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Figure 4: The two features exhibit a strong positive correlation, which demonstrates the validity of both metrics.
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Figure 5: Gradient norm scale during training. FOT
achieves the smallest gradient norm compared to other
methods, resulting in a smoother optimization process.

Furthermore, we visualize the average gradient
norm (before clipping) during training for different
methods, as shown in Figure 5. We observe that our
method attains the smallest gradient norm, leading
to a smoother overall training process and facilitat-
ing convergence toward the global optimum.

5.2 Two Phase Analysis

In Section 3.4, we divide the training into two
stages, a curriculum learning (CL) stage and a
standard training stage. To assess the benefit of
this two-stage design, we compare FOT with abla-
tions that retain only one stage. Keeping only the
standard stage corresponds to the random baseline
setting, while the CL-only ablation trains for every
epoch strictly in the easy-to-hard order.

As Table 3 shows, curriculum learning training
alone delivers strong performance on MBPP(+),
but causes a sharp drop in HumanEval(+). In the
8B-scale experiments, it even suffers from substan-
tial performance degradation. We suspect this re-
flects over-fitting to parts of the data. To avoid that,
we adopt the two-stage training scheme.

5.3 Relationship Between Difficulty Metrics

In Section 3.3, the difficulty measure is composed
of two parts: the loss of cross-entropy Dce and the
probability Dpd that the data are trained before the
model training. To investigate the correlation be-
tween these two metrics, we visualize both features
for every data point by plotting a scatter diagram
with Dce on the x-axis and Dpd on the y-axis, fit-

Metric HEval HEval+ MBPP MBPP+ Avg.

Random 64.63 60.98 58.20 50.00 58.45
Only Dpd 68.29 66.46 61.64 53.17 62.39
Only Dce 67.68 60.98 59.25 50.26 59.54

FOT 70.12 67.68 64.29 52.91 63.75

Table 4: Ablation experiments of two difficulty metrics
in Gemma-3-4B.

ting a straight line to the plot, and then calculating
the Spearman and Pearson correlation coefficients
between them. A visual analysis of the difficulty
metrics is shown in Figure 4. Across both datasets,
metrics Dce and Dpd exhibit a strong positive cor-
relation, indicating that both effectively capture the
underlying data difficulty.

Additionally, we conduct ablation studies on
Gemma-3-4B by training the model using only on
metric Dpd or metric Dce, respectively. The results
are shown in Table 4. When using a single diffi-
culty metric, the performance improves to some
extent, but using both metrics together yields better
results. As a result, we set the coefficient α = 0.5
in Equation 4 as the final value.

5.4 Out of Distribution Analysis

To further validate the effectiveness of our method,
we devise experiments on out-of-distribution
(OOD) data. Specifically, when the model is
trained on a code dataset, we evaluate it on a math
benchmark; conversely, when it is trained on a math
dataset, we test it on a code benchmark. This setup
allows us to determine whether different methods
experience catastrophic forgetting.

The OOD results are reported in the Appendix B.
While IT2ACL attains the best score on some mod-
els, FOT achieves the highest overall OOD perfor-
mance across all methods, indicating that it effec-
tively mitigates catastrophic forgetting.

6 In context-learning Toy Experiment
Demonstration
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Dataset Difficulty Demonstration Type

None Easy Hard

Mathinstruct
Easy 0.903 0.844 ↓6.5% 0.899 ↓0.4%

Hard 1.714 1.640 ↓4.3% 1.544 ↓9.9%

Magicoder
Easy 0.873 0.848 ↓2.9% 0.964 ↑10.4%

Hard 1.817 1.727 ↓5.0% 1.743 ↓4.1%

CodeParrot
Easy 0.812 0.749 ↓7.8% 0.794 ↓2.2%

Hard 1.483 1.406 ↓5.1% 1.364 ↓8.0%

Table 5: For all datasets, a larger drop in loss occurs
when the demonstrations and test questions share the
same difficulty level (i.e., E2E and H2H). When the
demonstrations are easy but the questions are hard
(E2H), the loss still decreases significantly—indeed,
it achieves the best result on Magicoder. In contrast,
when the demonstrations are hard but the questions are
easy (H2E), the loss even increases.

6.1 In-Context Learning Experiment
Recent studies showed that the essence of in-
context learning is that the model performs im-
plicit gradient descent on the demonstration sam-
ples (von Oswald et al., 2023; Dai et al., 2023;
Zhang et al., 2025b). Therefore, we simulate a sim-
ple fine-tuning scenario through in-context learning.
For a given dataset D, we annotate the difficulty
levels of the data using Equation 4. After annota-
tion, we define the easiest 20% of the data as easy
samples and the hardest 20% as hard samples.

To simulate a training process from easy to hard,
we use easy samples as demonstrations and take
the questions from hard samples as input, then com-
pute the loss on the answer part. We refer to this
input format as "Easy-to-Hard In-Context Learn-
ing" (E2H). Conversely, we also experiment with
"Hard-to-Easy In-Context Learning" (H2E), where
hard samples serve as demonstrations and easy sam-
ple questions are used as input, with the loss com-
puted on the answers. For comparison, we also
designed Easy-to-Easy in-context learning (E2E)
and Hard-to-Hard in-context learning (H2H). Both
approaches follow the same design methodology
as described above.

6.2 Experimental Details
To align with the main experiments described ear-
lier, we selected the same datasets Magicoder,
Mathinstruct and CodeParrot for this study. For
each problem instance, we adopted a 5-shot learn-
ing approach by randomly sampling five data points
(either from easy or hard subsets) to serve as
demonstrations. The prompt used for ICL is as
follows: "Here are some examples of questions and

answers. Please answer the last question based on
these examples: Question: . Answer: ." In addition,
we included a baseline condition in which individ-
ual question-answer pairs were fed directly into the
model without any demonstrations. To evaluate
performance, we computed the cross-entropy loss
between the model’s outputs and the ground-truth
answers as our metric.

6.3 Result Analysis

Our experimental results are presented in Table 5.
The key observations are as follows.

Superior Performance of Matched-Difficulty
Demonstrations: Across all results, both the
easy-to-easy (E2E) and hard-to-hard (H2H) demon-
strations achieved the most significant improve-
ments over the baseline. This strongly validates
that when data samples share similar difficulty lev-
els, their spatial distributions become more homo-
geneous, leading to greater reduction in ICL loss.
These findings confirm that higher similarity be-
tween batch samples in fact enables smoother con-
vergence.

Asymmetric Transfer Effects: The easy-to-hard
(E2H) demonstrations showed marked improve-
ment over the baseline, while hard-to-easy (H2E)
performance remained virtually identical to the
baseline. This striking asymmetry corroborates
that for a pre-trained model, training with easier
samples first provides positive transfer to harder
samples, whereas the reverse sequence offers negli-
gible benefit.

7 Conclusion

This paper proposes Fine-Grained Order Fine-
Tuning (FOT), a fine-grained method for schedul-
ing the training order based on data difficulty. Our
method schedules the input sequence within each
epoch in a fine-grained manner. Experiments on
both CPT and SFT show that FOT achieves strong
performance. We further demonstrate the effec-
tiveness of FOT through extensive ablation experi-
ments. Our work offers a new perspective on data
governance during the fine-tuning stage.

Limitations

Due to computational resource constraints, our ex-
periments were conducted only on models of 1B
to 8B parameters, without evaluation on a broader
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range of model scales. Moreover, the intuitive im-
pact of the FOT method on model training still
requires deeper analysis. In the future, we plan to
extend FOT to more model sizes and adopt more
interpretable data to better demonstrate its effec-
tiveness.
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A Experimental Details

Due to space limitations, we have only provided
a brief introduction to our experiment in the main
text. In this section, we will introduce the specific
experimental details.

Main CPT Settings For the CPT experiments,
our fine-tuning dataset consists of 80% code data
from CodeParrot and 20% general-domain data
from RedPajama, as shown in the table 6. For the
calculation of Dpd, since we do not have access to
the pre-trained dataset, we approximate Np using
the dataset RedPajama. final CPT dataset contains
2 billion tokens. We optimize our models using
the AdamW (Loshchilov and Hutter, 2019) opti-
mizer with constant learning rate decay. We set
the learning rate to 3e-5 and used a batch size of
64. Training was conducted for 2 epochs with bf16
precision on 8 Ascend 910Bs.

Dataset Type Ratio # Tokens

CodeParrot Code 80.2% 1.63B
RedPajama General 19.8% 0.40B

Total - 100% 2.03B

Table 6: Consist of CPT dataset.

Main SFT Settings For the SFT experiments,
we only modified the learning rate and batch size,
setting the learning rate to 4e-5 and increasing the
batch size to 128. All other settings remain the
same as in the CPT experiments.

Two Phase Ablation Settings For ablation study
in Section 5.2, in the Only CL setting, both training
epochs adopt the structure of Phase 1, where sam-
ples are presented in a sorted order based on their
difficulty scores. The setting where only Phase 2

is applied is equivalent to the Random baseline,
where training data is shuffled without any order-
ing.

Relationship Between Two Difficulty Metric Set-
tings For the scatter plots shown in Figure 3, we
use LLaMA-3.2-1B as the reference model to com-
pute two difficulty metrics, Dce and Dpd. We then
randomly sample 500 examples from each dataset
and plot their respective difficulty values to create
scatter plots, alongside reporting the corresponding
Pearson correlation coefficients.

Out of Distribution Settings For the out-of-
distribution (OOD) evaluation, we assess the model
trained on the mathematics dataset with the code
benchmark, and the model trained on the code
dataset with the mathematics benchmark. All other
training hyper-parameters remain identical to those
used in the SFT-stage experiments.

B Out of Distribution Experiment Results

Section 5.4 briefly presented OOD results for the
four models; the complete figures are shown in
Figure 7. As observed, all models suffer some
performance degradation on OOD data. FOT
achieves the best scores on models LLama-3.2-
1B and Gemma-3-4B, whereas IT2ACL performs
best on models Llama-3.1-8B and Qwen-3-4B.
Nonetheless, our approach ranks second on mod-
els Llama-3.1-8B and Qwen-3-4B and delivers the
highest overall performance, demonstrating that
our method more effectively mitigates catastrophic
forgetting.

C Additional Results on In-Context
Learning

In Section 6, we present the results of the ICL ex-
periments on Llama-3.2-1B; the results on Gemma-
3-4B are shown in Table 9. These results likewise
support the conclusions drawn in Section 6.
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Model Method Math Code Avg.
GSM8K MATH HEval HEval+ MBPP MBPP+

Llama-3.2-1B

Random 13.50 3.04 13.41 9.76 14.55 10.32 10.76 0.00

Anti-Curri 11.52 2.88 16.46 14.02 14.29 9.79 11.49 ↑0.73

MIX 12.81 3.12 16.46 13.41 15.34 10.85 12.00 ↑1.24

IT2ACL 13.04 3.56 12.20 8.54 14.55 10.32 10.37 ↓0.39

Kim and Lee (2024) 12.43 3.00 14.02 10.98 13.76 11.11 10.88 ↑0.12

FOT 14.86 3.32 15.24 12.20 15.34 11.38 12.06 ↑1.30

Llama-3.1-8B

Random 40.94 17.76 54.26 49.39 37.30 32.28 38.66 0.00

Anti-Curri 38.29 16.66 54.88 49.39 36.77 31.48 37.91 ↓0.75

MIX 40.41 17.84 56.10 51.83 37.83 30.95 39.16 ↑0.50

IT2ACL 42.15 18.12 56.71 51.22 37.30 32.80 39.72 ↑1.06
Kim and Lee (2024) 40.56 17.22 53.04 50.00 35.45 30.42 37.57 ↓1.09

FOT 41.70 17.14 55.49 50.00 39.15 32.54 39.33 ↑0.67

Gemma-3-4B

Random 44.57 19.72 48.78 43.29 43.92 37.30 39.60 0.00

Anti-Curri 40.94 17.90 45.12 40.24 42.59 36.51 37.22 ↓2.38

MIX 43.29 19.02 46.95 42.68 44.18 37.30 38.90 ↓0.70

IT2ACL 44.20 19.64 48.78 43.90 43.12 36.24 39.31 ↓0.29

Kim and Lee (2024) 45.41 20.28 46.95 41.46 45.50 38.36 39.66 ↑0.06

FOT 45.62 20.18 51.22 45.12 46.03 38.89 41.18 ↑1.58

Qwen-3-4B

Random 51.18 23.54 71.95 65.24 66.14 52.65 55.12 0.00

Anti-Curri 50.49 23.36 72.56 65.24 64.81 53.44 54.98 ↓0.14

MIX 51.63 23.66 62.80 53.66 54.76 51.59 49.68 ↓5.44

IT2ACL 52.46 24.44 73.78 67.68 67.20 54.50 56.68 ↑1.56
Kim and Lee (2024) 52.92 24.50 71.34 63.41 66.67 53.44 55.38 ↑0.26

FOT 52.31 25.02 73.17 64.46 66.14 54.50 55.93 ↑0.81

Table 7: Out-of-Distribution Result of our methods.

Method Model

LLama3-1B LLama3-8B Gemma3-4B Qwen3-8B

Random 10.76 38.66 39.60 55.12
Anti-Curri 11.49 37.91 37.22 54.98

MIX 12.00 39.16 38.90 49.68
IT2ACL 10.37 39.72 39.31 56.68

Kim and Lee 10.88 37.57 39.66 55.38
FOT 12.06 39.33 41.18 55.93

Table 8: Average out-of-distribution results.

Dataset Difficulty Demonstration Type

None Easy Hard

Magicoder
Easy 0.844 0.792 ↓6.2% 0.831 ↓1.5%

Hard 1.680 1.601 ↓4.6% 1.649 ↓1.8%

Table 9: ICL results on Gemma3-4B.
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