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Abstract

Supervised post-training is essential for refin-
ing Large Language Models (LLMs), yet its
effectiveness relies heavily on strategic data cu-
ration. Traditional Curriculum Learning (CL)
strategies often fail to account for the evolving
proficiency of the learner, relying instead on
static, single dimensional metrics. We propose
EVO-Curate, a dynamic data curation frame-
work that synchronizes sample complexity with
the maturing capacity of the LLM. EVO-Curate
employs an Adaptive Dynamics Measurer to
synthesize instantaneous difficulty and histor-
ical variability into a multidimensional utility
score. To maintain representational diversity,
we introduce an Evolutionary Sampling Sched-
uler based on an entropy maximizing mecha-
nism. Empirical evaluations across instruction
following, mathematical reasoning, and code
generation demonstrate that EVO-Curate con-
sistently outperforms standard training base-
lines and traditional CL methods across vari-
ous architectures and scales. Specifically, our
framework achieves relative performance gains
of up to about 10% while maintaining man-
ageable computational overhead. These results
establish EVO-Curate as a scalable and model
agnostic solution for enhancing the efficiency
of modern LLM training pipelines.

1 Introduction

Large Language Models (LLMs) have achieved un-
precedented milestones in text generation, linguis-
tic comprehension, and logical reasoning by scal-
ing parameters and utilizing high quality training
data (Ouyang et al., 2022). Supervised post train-
ing, encompassing supervised finetuning (SFT) and
knowledge distillation (KD) (Hinton et al., 2015),
is essential for refining model capabilities and en-
suring generalizability. These techniques have be-
come foundational to the development of state of
the art models such as DeepSeek-v3 (Liu et al.,
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Figure 1: Effectiveness of the EVO-Curate framework on
five instruction-following datasets. This figure compares SFT
and KD (KLD, RKL, JSD, TVD, SKL) with and without
EVO-Curate using ROUGE-L scores. We employ Qwen2.5-
0.5B and OpenLLLaMA2-3B as target models for SFT. For
KD scenarios, we utilize teacher-student pairs consisting of
Qwen2.5-1.5B — 0.5B and OpenLLaMA2-7B — 3B. The
results demonstrate that EVO-Curate consistently yields per-
formance improvements over all standard training baselines

2024), Qwen3 (Yang et al., 2025), and MiMo-V2-
Flash (Xiao et al., 2026), allowing them to align
with human intent across various specialized do-
mains.

The effectiveness of supervised post training de-
pends heavily on the quality and strategic selection
of training data (Zhou et al., 2023). In SFT, models
often struggle when the distribution of the finetun-
ing dataset significantly deviates from the pretrain-
ing distribution (Yang et al., 2024b). Similarly, KD
faces a training inference mismatch caused by the
inherent capacity gap between the teacher and stu-
dent models (Shing et al., 2025). To mitigate these
issues, Curriculum Learning (CL) has emerged as
a prominent data curation strategy that introduces
samples in a progression from simple to complex
(Wang et al., 2021). By smoothing the optimization
landscape, CL enhances both convergence stability
and final performance in various machine learn-
ing paradigms (Zeng et al., 2025; Liu and Zhang,
2025).
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Figure 2: (a) Kendall’s Tau correlation of sample rankings on do11y-15k across four metrics: Perplexity, Instruction Following
Difficulty (IFD), Distillation Difficulty Score (DDS), and Sentence Entropy (SE). Low correlation suggests that difficulty is
metric dependent. (b) Kendall’s Tau correlation of rankings using Perplexity as the model matures during supervised post
training, relative to an untrained baseline. The declining correlation indicates that sample difficulty is model state dependent. (c)
Semantic cluster distribution of selected instances for traditional difficulty-based CL versus standard training. Traditional CL
results in significant cluster collapse, demonstrating that static curation compromises dataset diversity.

However, maximizing data efficiency through
CL in the context of LLM supervised post train-
ing remains a formidable challenge due to three
primary limitations. First, traditional frameworks
often rely on isolated, single dimensional metrics
such as Perplexity (Paul et al., 2021) or specific dis-
tillation scores (He et al., 2025) to rank instances.
Such linear rankings oversimplify the complexity
of the dataset and fail to distinguish between highly
informative ambiguous samples and detrimental
noise (Fig. 2 a). Second, conventional difficulty
measures are typically static and model indepen-
dent (Fig. 2 b), which prevents them from tracking
the evolving proficiency of the learner as training
progresses (Zhu et al., 2021; Li et al., 2024). Fi-
nally, the fixed exposure sequences utilized in most
CL implementations can compromise dataset di-
versity (Fig. 2 c). By repeatedly prioritizing easy
samples, these methods may lead the model to over-
fit on a narrow subset while neglecting the diverse
information required for robust generalization (So-
viany, 2020).

To address these challenges, we introduce EVO-
Curate, a modular framework for evolution based
dynamic data curation. While grounded in the core
principles of CL, EVO-Curate is specifically en-
gineered to overcome the constraints of static cur-
ricula through an adaptive process synchronized
with the evolving capacity of the LLM. Our frame-
work utilizes an Adaptive Dynamics Measurer that
integrates instantaneous loss with historical vari-
ability to provide a multidimensional assessment
of sample utility. Furthermore, we address the
limitations of static metrics by re-evaluating the
entire dataset at discrete training stages using the
current model state. To preserve representational

diversity, we implement an Evolutionary Sampling
Scheduler based on an entropy maximizing mech-
anism. This probabilistic approach ensures that
while high utility samples are prioritized, the model
maintains exposure to a diverse data distribution,
thereby enhancing both robustness and generaliz-
ability. While individual components such as loss-
based difficulty scoring and diversity-preserving
sampling are established concepts, their synergistic
integration into a unified, self-adaptive framework
is non-trivial. A naive recombination fails because
static difficulty rankings cannot track evolving sam-
ple utility, and fixed ordering inevitably collapses
data diversity. EVO-Curate resolves these issues
by treating data selection as a closed-loop pro-
cess where measurement, utility computation, and
entropy-maximizing selection co-evolve with the
model, yielding gains that exceed the sum of indi-
vidual components as demonstrated in our ablation
analysis.

We evaluate the effectiveness of EVO-Curate
across a rigorous suite of supervised post training
tasks, including instruction following, mathemati-
cal reasoning, and code generation. To demonstrate
the versatility of our framework, we evaluate EVO-
Curate across a range of challenging scenarios that
encompass significant teacher-student capacity dis-
crepancies and constrained low resource environ-
ments. Our empirical results consistently show that
EVO-Curate outperforms both standard training
baselines and traditional CL strategies across mul-
tiple model architectures and scales (See Fig. 1).
Crucially, these performance gains are achieved
with manageable additional computational costs,
making EVO-Curate a practical and scalable solu-
tion for modern LLM training pipelines.
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2 Preliminaries

2.1 Problem Formulation

LLM SFT Objective. Let gp denote a transformer
based language model parameterized by 6. In the
context of SFT, we adapt a pretrained LLM using
a dataset D = {(z,y);}Y, consisting of N pairs
of prompts x and corresponding ground truth re-
sponses y. For a given prompt z = (z1,...,ZR),
the model generates a response y = (y1,- .., YL)-
The primary objective of supervised finetuning is to
minimize the expected cross entropy loss, defined

as:
|y]

Lee ==Y loggs(yilz,y<i), (1

(2

where qg(y;|z, y<;) represents the conditional prob-
ability assigned by the model to the ¢-th token given
the prompt and preceding response tokens.

LLM KD Objective. In the KD setting, a stu-
dent model ¢y learns from a fixed teacher model
p. The training objective incorporates two distinct
components: (1) the standard cross entropy loss
Lce relative to the ground truth labels, and (2) a
distillation loss L4 that minimizes the divergence
between the token level probability distributions
of the teacher and the student. The total loss L is
formulated as:

ESIOZ'[,C@—F(l—a)',de, (2)

where o € [0, 1] is a balancing coefficient. The
term L, typically utilizes measures such as Kull-
back Leibler Divergence (KLD) (Hinton et al.,
2015) or Jensen Shannon Divergence (JSD) (Agar-
wal et al., 2024), often smoothed by a temperature
hyperparameter. When oo = 1, the objective simpli-
fies to standard supervised finetuning. The detailed
description of KD objective is shown in appendix
Al

Data Curation Objective. Given the fixed
dataset D, the goal of data curation is to identify
an optimal sequence of training subsets Dg,;, C D.
For each epoch or training stage, we aim to select
samples that maximize the generalization perfor-
mance of the target model gy while adhering to the
constraints of the training budget and the capacity
of the model.

2.2 Limitations of Traditional CL

Single-dimensional difficulty metrics lack the
comprehensiveness required to evaluate sample

quality accurately. Traditional CL frameworks of-
ten rely on isolated scores such as Perplexity (Paul
et al., 2021) or specific distillation difficulty met-
rics (He et al., 2025) to rank instances. However, as
demonstrated by Swayamdipta et al. (2020), data
quality is better characterized by multi-dimensional
attributes including confidence and variability. Re-
lying on a linear ranking based on a single metric
oversimplifies the complexity of the dataset, as it
fails to distinguish between informative ambigu-
ous samples and detrimental noisy samples (Fig.
2 a). Integrating these multi-dimensional training
dynamics into a cohesive CL framework remains a
significant challenge that current methods have yet
to fully address.

Static metrics fail to account for the evolv-
ing capacity of the model throughout the post-
training process. Conventional difficulty mea-
sures, such as sentence entropy (Zhu et al., 2021) or
instruction-following difficulty (Li et al., 2024), are
typically computed once via an untrained model or
are entirely model-independent (Fig. 2 b). While
these metrics provide an initial ranking, they cannot
track the training dynamics as the model matures.
Consequently, a fixed curriculum ignores the shift-
ing relationship between the model and the data.
Although some approaches attempt to mitigate this
by employing smaller proxy models to estimate dy-
namic features (Yang et al., 2024b), such methods
introduce significant computational overhead and
may suffer from a distribution mismatch between
the proxy and the target model, thereby sacrificing
accuracy and efficiency.

Pre-determined training orders frequently
compromise dataset diversity and hinder the
model’s generalizability. In most CL implemen-
tations, the sequence of exposure is fixed prior to
training, where easy samples are introduced early
and subsequently repeated across multiple stages.
This imbalance often results in the model over-
optimizing on a specific subset of the data while
neglecting the diverse information contained in
harder, later-stage examples (Soviany, 2020) (Fig.
2 c). By prioritizing a rigid order, CL may in-
advertently collapse the representational diversity
of the dataset, leading to diminished performance
on out-of-distribution tasks and a reduction in the
overall robustness of the LLM during supervised
post-training.
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3 Methodology

We propose EVO-Curate, an evolution-based dy-
namic data curation framework designed to maxi-
mize the efficacy of CL for LLM supervised post-
training. While grounded in the CL philosophy of
staged learning, EVO-Curate introduces an evolu-
tionary mechanism to address three critical limita-
tions of traditional approaches: (1) the reliance on
single-dimensional metrics is resolved through a
multi-faceted utility score; (2) the failure of static
rankings is mitigated by re-evaluating data dynam-
ics in tandem with the model’s evolving capacity;
and (3) the loss of dataset diversity caused by rigid
ordering is prevented via entropy-maximizing prob-
abilistic sampling. By treating data selection as an
adaptive process rather than a pre-determined se-
quence, EVO-Curate synchronizes the complexity
of the training subset with the current maturity of
the model, thereby ensuring stable convergence and
enhanced generalizability.

The architecture of EVO-Curate is organized
into two primary interactive modules that operate
across M discrete training stages. In each stage
m € {1,..., M}, the Adaptive Dynamics Mea-
surer evaluates the utility of every sample by syn-
thesizing the current model state with the accu-
mulated training history. Subsequently, the Evolu-
tionary Sampling Scheduler employs an entropy-
maximizing mechanism to construct a non-repeated
training subset Dy, of increasing size. The model
is then optimized on this curated subset for & local
epochs, evolving its parameters to a higher level of
maturity before the next iteration of measurement
and selection. This cyclical process, detailed in Al-
gorithm 1 in Appendix A.1, ensures that the dataset
complexity grows in tandem with the model’s ca-
pabilities.

3.1 Adaptive Dynamics Measurer

The data selection logic of EVO-Curate is grounded
in the taxonomy of training dynamics proposed
by Swayamdipta et al. (2020), which categorizes
samples based on their contribution to model opti-
mization. Following these insights, we recognize
three distinct archetypes: (1) easy-to-learn samples,
characterized by low difficulty and low variability,
which provide the stable gradients necessary to
prevent early training divergence; (2) ambiguous
samples, exhibiting high variability, which reside
near the decision boundary and offer the most infor-
mative signals for promoting generalization; and

(3) hard-to-learn samples, defined by high diffi-
culty and low variability, which often represent
noise or misaligned data that can negatively im-
pact performance. Importantly, while prior work
has used loss statistics in isolation, EVO-Curate
uniquely synthesizes these three axes—difficulty,
variability, and diversity—within a single coherent
mechanism that dynamically drives data selection
as the model matures. To operationalize this tax-
onomy within a dynamic framework, we define
two stage-dependent metrics that quantify these
attributes as the model evolves.

Instantaneous Difficulty (a;"): We utilize the
cross entropy loss of the model qgnfl as a proxy
for the difficulty of instance (x,y); at the current
stage:

aj" = —log g5 (yilz:). 3)

A low value of a;"* signifies a high confidence sam-
ple that the model has already begun to master,
whereas a high value indicates significant represen-
tational difficulty.

Dynamic Amplitude (b]"): To measure the
informativeness of an instance, we calculate the
weighted variability of the loss across previous
stages:

m
b =32 fad —al 7, 4)
=2

where the term 2/~ serves as a temporal decay
factor that prioritizes recent dynamics. This am-
plitude reflects how much the model’s understand-
ing of a sample fluctuates during training. High
variability typically identifies ambiguous samples
that reside near the decision boundary, offering the
greatest potential for learning. Note that for the
first stage (m = 1), b}" is initialized to zero.

3.2 Evolutionary Sampling Scheduler

The scheduler translates the measured dynamics
into a robust sampling strategy that favors high
utility data while maintaining necessary dataset
diversity.

Net Utility Formulation: We define the Net
Utility U™ for each sample as the difference be-
tween its positive attribute of variability and its
negative attribute of difficulty:

U =b"—ai" &)

The term —a;" encourages the selection of easier
samples to ensure stable gradient updates during
the initial phases of training. Simultaneously, the
term +b;" promotes the inclusion of ambiguous
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Table 1: Performance comparison of instruction following for Qwen2.5-0.5B. We compare standard SFT and various KD
objectives with and without the EVO-Curate framework. Avg. represents the mean ROUGE-L score across the five benchmarks.

Results for GPT2-0.1B and OpenLLLaMA?2-3B are in Tab. 7.

SFT: Qwen2.5-0.5B;

KD: Qwen2.5-1.5B — Qwen2.5-0.5B

DollyEval SelfInst VicunaEval S-NI UnNI Avg.
Methods R-L WR R-L WR R-L WR R-L WR R-L WR R-L WR Improvement
SFT 24.86 49.64 14.85 47.75 16.10 50.18 23.23 43.42 2491 44.86 20.79 47.17 -
+EVO-Curate 27.25 52.30 15.94 49.18 17.50 53.03 26.74 44.38 27.80 45.78 23.05 48.94 10.85%
SeqKD 24.95 49.81 15.14 49.31 16.05 49.76 2331 44.19 25.24 46.39 20.94 47.89 -
+EVO-Curate 26.84 51.31 16.88 51.51 17.12 51.32 25.27 46.01 26.97 47.94 22.62 49.62 8.01%
KLD 26.71 54.82 15.72 51.35 17.32 54.88 27.21 50.25 27.98 50.19 22.99 52.30 -
+EVO-Curate 29.36 57.70 17.81 53.35 19.36 57.64 31.26 52.82 29.88 51.52 25.54 54.61 11.08%
RKL 27.13 53.04 16.62 51.97 17.94 55.02 29.61 51.51 29.32 50.98 24.12 5251 -
+EVO-Curate 28.87 54.62 18.44 53.75 19.02 57.78 32.81 54.46 32.61 53.62 26.35 54.85 9.23%
JSD 26.84 53.46 15.42 50.28 16.97 53.11 27.41 50.48 27.24 48.48 22.78 51.16 -
+EVO-Curate 28.66 56.51 16.84 52.96 18.78 54.98 29.77 S1.75 29.82 50.05 24.77 53.25 8.77%
TVD 26.76 52.94 16.08 51.35 17.15 53.69 30.04 52.60 29.87 51.67 23.98 52.45 -
+EVO-Curate 28.69 54.74 18.81 53.58 19.72 55.98 32.48 54.85 31.65 53.80 26.27 54.59 9.55%
SKL 27.02 53.63 17.04 53.12 17.78 54.92 29.11 52.65 28.82 50.64 23.95 52.99 -
+EVO-Curate 28.78 55.13 19.74 55.35 20.78 56.19 31.18 54.69 31.80 51.99 26.45 54.67 10.43%

Note: R-L and WR denote ROUGE-L and Winning Rate respectively. Winning Rate is determined via LLM as a Judge using DeepSeek-V3-0324.
Avg. represents the mean ROUGE-L score across the five benchmarks. Improvement denotes the relative gain in average ROUGE-L. Bold values
indicate the best performance within each category. All results are averaged over five independent runs with different random seeds.

samples that provide rich information for the model
to generalize. By combining these terms, the model
focuses on the most productive samples relative to
its current maturity.

Entropy-Maximizing Selection: We map the
Net Utility to a probability distribution P/™ using
the Boltzmann distribution:

exp(U{")

P'= .
Z]‘:1 eXp(Ujm)

(6)

This approach is grounded in the Principle of Maxi-
mum Entropy (Guiasu and Shenitzer, 1985), which
posits that the exponential distribution is the most
unbiased representation of our knowledge given a
linear utility constraint. By employing a probabilis-
tic Softmax rather than a hard ranking, we ensure
that the selection process remains diverse. This pre-
vents the model from overfitting to a narrow range
of easy examples and allows for the eventual inclu-
sion of more complex data as the training stages
progress.

Non-Repeated Multi-Stage Sampling: In each
stage m, we sample n = 7 - N unique instances.
As the stage index m increases, the probability
mass shifts according to the updated model feed-
back, and the volume of data grows. At the final
stage M, the entire dataset D is utilized to ensure
the model benefits from the full range of available
information. This progression simulates an evo-
lutionary trajectory where the model is gradually
exposed to increasing complexity without sacrific-
ing the stability of the learning process.

4 Experiments

4.1 Experimental Setup

We evaluate the effectiveness, scalability, and gen-
eralizability of the EVO-Curate framework across
three distinct tasks: instruction following, mathe-
matical reasoning, and code generation. For each
task, we conduct a comparative analysis by ap-
plying SFT and KD to target models both with
and without the EVO-Curate strategy (Gu et al.,
2023). Comprehensive implementation details are
provided in Appendix A.2.

Base Models. To ensure a robust evaluation
across varying scales, we employ Qwen2.5-0.5B
(Team, 2024), GPT2-0.1B (Radford et al., 2019),
and OpenLLLaMA2-3B (Touvron et al., 2023) as
target models for instruction following. In KD
experiments, we utilize their larger counterparts,
Qwen2.5-1.5B, GPT2-1.5B, and OpenLLaMA2-
7B, as teacher models. For specialized tasks, we
select Qwen2.5-Math-1.5B and Qwen2.5-Coder-
1.5B as targets, distilling knowledge from their
respective 7B instruction tuned variants.

Datasets and Training. Our experiments
utilize databricks-dolly-15K (Conover et al.,
2023) for instruction following. For mathe-
matical reasoning, we sample 20K training and
2K validation instances from MetaMathQA (Yu
et al., 2023). Code generation is evaluated us-
ing 20K training and 2K validation samples from
Evol-Instruct-Code-80k-v1 (Luo et al., 2023),
which is enhanced via the Evol-Instruct method
(Xu et al., 2024).

In the EVO-Curate configuration, we set the total
training stages to M = 4. To ensure a fair com-
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Figure 3: Comparative analysis of EVO-Curate in instruction following tasks. (a) ROUGE-L scores across diverse model
configurations (OPT-0.3B, OLMo2-1B, and Gemma3-1B) for both SFT and KLD. (b) Performance across varying capacity gaps
using GPT2 variants (0.1B, 0.3B, 0.8B) distilled from a GPT2-1.5B teacher. (c) Net ROUGE-L gains relative to baselines under
low resource settings using the GPT2-0.1B model across varying training data percentages.

parison with baseline methods, we equalize the
total training iterations by adjusting the number of
epochs per stage. For a baseline of 10 epochs, this
results in k£ = 4 epochs per stage, yielding a total
exposure of 0.25%4+40.5%x440.75%4+1.0%x4 = 10
epochs. For all KD objectives, the balancing coef-
ficient is set to oo = 0.5.

Evaluation Metrics. Instruction following per-
formance is measured on DollyEval, Selflnst, Vi-
cunaEval, S-NI, and UnNI (Conover et al., 2023;
Wang et al., 2022a; Chiang et al., 2023; Wang
et al., 2022b; Honovich et al., 2022). We report
ROUGE-L scores across five random seeds and
complement these with winning rates (WR) de-
rived from LLLM-as-a-Judge (Zheng et al., 2023)
using DeepSeek-V3-0324 (Liu et al., 2024). Mathe-
matical reasoning and code generation are assessed
using Pass@1 accuracy on GSMS8K (Cobbe et al.,
2021) and MBPP (Austin et al., 2021), respectively.
All scores are averaged over five independent runs
with a generation temperature of 1.

Baselines. We compare our approach against
standard training paradigms, including:

* SFT and SeqKD: Standard supervised fine
tuning on ground truth data and teacher gener-
ated outputs (Lin et al., 2020).

* KD: A diverse set of divergence serve as KD
loss objectives, including Forward KL.D (Hin-
ton et al., 2015), Reverse KLD (RKL) (Gu
etal., 2023), JSD (Agarwal et al., 2024), Total
Variation Distance (TVD) (Wen et al., 2023),
and Skew KLD (SKL) (Ko et al., 2024).

4.2 Results
4.2.1 Instruction-Following

Overall Performance. The results in Tab. 1
and 7 demonstrate that EVO-Curate consistently

Table 2: Performance comparison of EVO-Curate in
mathematical reasoning and code generation.

SFT Model \ Qwen2.5-Math-1.5B Qwen2.5-Coder-1.5B
KD Model Qwen2.5-Math-7B Qwen2.5-Coder-7B
— Qwen2.5-Math-1.5B — Qwen2.5-Coder-1.5B
GSM8K MBPP
Methods Pass@1] Pass@1
SFT 76.20 60.70
+EVO-Curate 79.91 63.36
KLD 77.90 61.30
+EVO-Curate 80.59 64.29
RKL 78.40 61.40
+EVO-Curate 81.85 63.84
JSD 78.90 61.00
+EVO-Curate 80.81 62.29
TVD 78.20 61.70
+EVO-Curate 80.75 64.51
SKL 79.40 61.80
+EVO-Curate 83.17 64.77

Note: Best student results are bold.

and significantly improves performance across
three distinct model families in both SFT and KD
paradigms. The framework yields robust gains
in both text generation quality (average ROUGE-
L) and instruction-following alignment (Winning
Rate). This consistent uplift confirms the effi-
cacy of our framework in dynamically prioritiz-
ing high-utility training data, thereby enhancing
supervised post-training outcomes. These improve-
ments are further validated using an alternative
LLM judge (Qwen3-Max), which yields consistent
results across all benchmarks (see Appendix A.4
for details).

Evaluation across Diverse Architectures. We
validate the framework’s scalability by evaluating
it on diverse model families: OPT-0.3B (Zhang
et al., 2022), OLMo2-1B (OLMo et al., 2024), and
Gemma3-1B (Team et al., 2025). As shown in
Fig. 3 (a), EVO-Curate provides a consistent per-
formance improvement across all models. This
demonstrates that the our framework is model-
agnostic and generalizes effectively across different
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pretraining distributions and architectural priors.

Robustness to Capacity Gaps. We investigate
the relationship between model size and curation
efficacy by evaluating three GPT?2 variants (0.1B,
0.3B, and 0.8B) under both fine-tuning and distil-
lation from a 1.5B teacher. Fig. 3 (b) shows that
EVO-Curate maintains a consistent performance
advantage across different model sizes. This in-
dicates that our framework is robust to varying
capacity gaps and effectively mitigates the training-
inference mismatch commonly observed when KD
into significantly smaller student models.

Performance in Low Resource Settings. We
simulate data scarcity by sampling subsets of the
dolly-15k dataset ranging from 10% to 80%(Fig.
3 ¢). EVO-Curate remains effective even with 10%
of data. The increasing utility with data volume
makes it valuable for specialized domains where
high quality instruction data is difficult to acquire.

Generalization to Diverse Instruction Mix-
tures. For out-of-domain generalization assess-
ment, we randomly draw 20k prompts from Ultra-
Chat200k (Ding et al., 2023) and generate corre-
sponding responses using the Qwen2-7B teacher
model. Using this dataset, we then train the Qwen?2-
1.5B student model via both SFT and KD. Tab. 3 re-
ports winning rates evaluated via LLM-as-a-Judge
(DeepSeek-V3-0324) on Evol-Instruct (Xu et al.,
2024) and UltraFeedback (Cui et al., 2023). EVO-
Curate consistently outperforms standard SFT and
KD across both benchmarks, confirming that the
framework’s benefits extend to unseen instruction
mixtures.

Table 3: Generalization to diverse instruction
mixtures. Winning rates (%) on Evol-Instruct and
UltraFeedback using Qwen2 (7B teacher, 1.5B
student).

Methods ‘ Evol-Inst WR (%)  UltraFeed WR (%)
SFT 27.84 34.74

+ EVO-Curate 29.87 3743
KD 34.31 37.53

+ EVO-Curate

Note: Evaluation via LLM-as-a-Judge using DeepSeek-V3-0324.
Training data: 20k prompts sampled from UltraChat200k.

4.2.2 Mathematical Reasoning and Code
Generation

Tab. 2 demonstrates cross domain efficacy in math-
ematical reasoning and code generation. On
GSMB8K, EVO-Curate improves Qwen2.5-Math-
1.5B Pass@1 by 3.77% absolute over standard
KD (SKL). Similarly, MBPP scores for Qwen2.5-

Table 4: Ablation analysis of EVO-Curate compo-
nents using GPT2-0.1B.

Methods SFT KD Preparation Time
Rouge-L Mins

(a) Baseline Comparison

Standard (no data curation) 23.33 23.49 0
Uniform Sampling 2335 2346 0
EVO-Curate 2548  25.37 54
(b) Difficulty Metrics

EVO-Curate (CE-Loss) 2548  25.37 54
EVO-Curate (SE) 24.01 23.86 18
EVO-Curate (IFD) 25.51 2543 91
(¢) Dual Metric Roles

EVO-Curate (a]" & b}"*) 2548  25.37 -
EVO-Curate (only a]") 25.14  24.87 -
EVO-Curate (only b;") 24.58 24.74 -
(d) Evaluation dynamics

EVO-Curate (dynamic) 25.48 25.37 -
EVO-Curate (static) 24.53 24.34 -
(e) Sampling Strategies

EVO-Curate (NRS) 2548  25.37 -
EVO-Curate (RS) 25.01 24.93 -
EVO-Curate (NS) 2453 2438 -

Note: Preparation time denotes the overhead for difficulty measurement
and subset generation. ROUGE-L scores are averaged across five seeds.
CE-Loss: Cross Entropy; SE: Sentence Entropy; IFD: Instruction Following
Difficulty. NRS: Non Repeated Sampling; RS: Repeated Sampling; NS: No
Sampling.

Coder-1.5B rise from 60.70% to 63.36% in SFT.
These consistent gains validate our method as a ro-
bust, task agnostic optimizer for technical domains.

5 Analysis and Discussion

5.1 Training Stability and Convergence

To evaluate the impact of EVO-Curate on optimiza-
tion efficiency, we analyze the validation dynamics
across the training process. Validation dynamics
(Fig. 4 a) show that EVO-Curate accelerates con-
vergence and enhances stability. In early SFT, it
achieves a ROUGE-L of 19.10 at the first valida-
tion step, substantially outperforming the baseline.
Our framework dynamically prioritizes high-utility
samples, enabling faster convergence to better op-
tima with stable learning.

5.2 Ablation Analysis

We conduct comprehensive ablation studies using
the GPT2 model family on the dol11y-15k dataset
to isolate the contributions of key EVO-Curate
components. For SFT experiments, we utilize
GPT2-0.1B as the target model. For KD experi-
ments, GPT2-1.5B serves as the teacher to distill
the GPT2-0.1B student using a KLD loss.
Baseline Comparison. Tab. 4 (a) compares
standard training without data curation, uniform
random sampling, and the full EVO-Curate frame-
work. Uniform Sampling performs on par with the
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Figure 4: a) Validation ROUGE-L scores versus iterations for SFT and KLD, comparing standard baselines with EVO Curate.
b) Impact of sampling strategies on data diversity. ¢) Hyperparameter sensitivity analysis of the curriculum stages M.

standard baseline, confirming that merely subset-
ting the data without principled selection provides
no meaningful benefit. In contrast, EVO-Curate
achieves a substantial improvement, demonstrating
that the performance gains stem from the princi-
pled data selection mechanism rather than from
data subsetting alone.

Selection of Difficulty Metric. We evaluate the
impact of different difficulty metrics, comparing
Cross Entropy Loss (CE-Loss), Sentence Entropy
(SE) (Zhu et al., 2021), and Instruction Following
Difficulty (IFD) (Li et al., 2024). Comparing CE-
Loss, SE, and IFD (Tab. 4 b) reveals that while
IFD offers slightly higher scores, it requires signifi-
cantly more preparation time. We select CE-Loss
as the default for its optimal balance of accuracy
and efficiency.

Role of Dual Difficulty Metrics. Based on an
analysis of the synergy between Instantaneous Dif-
ficulty (a;") and Dynamic Amplitude (b"), we find
that utilizing both metrics yields the best perfor-
mance (Tab. 4 ¢). This result confirms that mon-
itoring the rate of change of training difficulty is
as critical as measuring its absolute level, which
aligns with observations from dataset cartography
(Swayamdipta et al., 2020).

Effect of Dynamic Evaluation. The necessity
of updating difficulty scores as model capacity
evolves is examined by comparing our dynamic
approach with a static evaluation (measuring diffi-
culty once using the untrained model). Tab. 4 (d)
shows that dynamic evaluation significantly out-
performs static approaches, highlighting that data
selection must adapt to model maturation.

Effect of Instance Sampling. We further com-
pare our default Non-Repeated Sampling (NRS)
strategy against Repeated Sampling (RS) and No
Sampling (NS). The results in Tab. 4 (e) show NRS
achieves the highest performance, which we at-
tribute to its preservation of superior data diversity.

This is corroborated by the cluster distribution anal-
ysis in Fig. 4 (b).

5.3 Computational Cost Analysis

The EVO-Curate framework introduces a manage-
able computational overhead, limited to the ini-
tial difficulty measurement and sampling phases
of each stage. This requires one forward pass per
stage over the dataset to compute the difficulty met-
rics and perform non-repeated sampling. Impor-
tantly, it introduces no runtime overhead during
backpropagation. To quantify this overhead, we
evaluate our setup using four A100 80GB GPUs
and an Intel Xeon Platinum 8350C CPU. For the
dolly-15k dataset (N = 11,435) and a GPT2-
0.1B model, the Difficulty Measurer Module re-
quires approximately 18 minutes for a single mea-
surement and sampling cycle. Across the M = 4
stages (where only the first three stages require
measurement), the cumulative overhead is 54 min-
utes. Compared to standard training durations, this
represents an additional 22.5% overhead for SFT
(totaling ~240 minutes) and 18.6% for KD (to-
taling ~290 minutes). These results demonstrate
that EVO-Curate provides significant performance
gains while maintaining a computational cost that
remains well within the practical limits of large
scale supervised post training.

Performance vs. Wall-Clock Time. To ex-
plicitly evaluate whether EVO-Curate’s overhead
translates into meaningful efficiency gains, we
compare standard SFI/KD against their EVO-
Curate—augmented counterparts under equal num-
bers of update iterations. Tab. 5 presents ROUGE-
L scores and wall-clock times on Dolly-15k with
GPT2-0.1B across four training checkpoints.

This analysis reveals a critical insight: to achieve
a target ROUGE-L score of approximately 24.8,
SFT with EVO-Curate requires only 156 minutes,
while standard SFT never reaches this level even
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Table 5: Performance (ROUGE-L) vs.
Wall-Clock Time (minutes) on Dolly-15k
with GPT2-0.1B.

| Tter1 Iter2 Iter3 Iter4
SFT
Time (min) 60 120 180 240
Performance 20.64 23.04 2291 22.93

SFT + EVO-Curate

Time (min) 78 156 234 312
Performance 20.85 23.27 24.83 24.81
KD

Time (min) 725 145 2175 290
Performance 20.90 23.67 24.58 24.96

KD + EVO-Curate
Time (min) 90.5 181 271.5 362
Performance 22.04 25.60 26.88 26.87

Note: ROUGE-L scores are averaged across five seeds.
Each iteration corresponds to one training stage checkpoint.

after 240 minutes. Similarly, KD with EVO-Curate
achieves a ROUGE-L of 26.88 at 271.5 minutes,
substantially exceeding standard KD’s best result
of 24.96 at 290 minutes. These results demon-
strate that EVO-Curate’s performance-per-iteration
efficiency translates into superior performance-per-
wall-clock-time, making the overhead a worthwhile
trade-off.

5.4 Sensitivity Analysis on M

We analyze the core hyperparameter of EVO-
Curate, the number of curriculum stages M, to find
the optimal balance between performance and com-
putational cost. Using GPT2-0.1B, we evaluate
M € 3,4,5,6. As shown in Fig. 4 (c), perfor-
mance (ROUGE-L) generally improves with more
stages, but at a linear increase in cost. The most
significant performance gain occurs when moving
from M = 3 to M = 4. Further increases yield
only marginal improvements while disproportion-
ately increasing overhead. Consequently, M = 4
represents the Pareto-optimal choice, offering sub-
stantial gains with a manageable computational
budget for practical post-training.

5.5 Comparison with Traditional Curriculum
Learning

We compare EVO-Curate against two key base-
lines: Traditional Curriculum Learning (TCL) (Liu
and Zhang, 2025) and Difficulty Aware KD (DA-
KD) (He et al., 2025). Unlike our dynamic frame-
work, these methods rely on static difficulty estima-
tion performed only once prior to training. EVO-
Curate consistently outperforms them across both
SFT and KD settings (Tab. 6). This performance
advantage highlights the necessity of dynamic data

Table 6: Comparative analysis of EVO-Curate against
TCL and DA-KD.

OpenLLaMA?2 (7B/3B) GPT2  (1.5B/0.1B)
Methods Avg. Gains (%) Avg. Gains (%)
SFT 23.51 - 16.80 -
+EVO-Curate 26.63 11.95% 19.17 14.11%
+TCL 25.36 7.87% 18.32 9.05%
KD (KLD) 22.56 - 18.11 -
+EVO-Curate 26.67 18.19% 20.14 11.26%
+TCL 26.04 15.43% 19.65 8.50%
KD (DA-KD) 25.73 - 21.78 -
+EVO-Curate 26.85 4.35% 22.53 3.44%
Note: SFT Model: OpenLLaMA2-3B and GPT2-0.1B; KD Model:

OpenLLaMA2-7B — OpenLLaMAZ2-3B and GPT2-1.5B — GPT2-0.1B. Per-
formance is evaluated using mean ROUGE-L across five instruction following
benchmarks. Gains (%) represent the relative improvement over the respective
non curriculum baselines. TCL denotes traditional static curriculum learning.
DA-KD refers to the difficulty aware distillation method.

evaluation; a static difficulty ranking cannot cap-
ture the evolving utility of samples as the model’s
capacity changes during training. Our framework
adapts to these dynamics, ensuring the model is
consistently trained on the most informative data.

6 Related Work
We discuss related work in Appendix A.5.

7 Conclusion

In the paper, we introduced EVO-Curate, a dy-
namic data curation framework designed to en-
hance LLM supervised post training by aligning
data complexity with evolving model maturity. Our
approach addresses the fundamental limitations of
static CL by utilizing an Adaptive Dynamics Mea-
surer to synthesize instantaneous difficulty and his-
torical variability into a multidimensional utility
score. Furthermore, the Evolutionary Sampling
Scheduler employs an entropy maximizing mecha-
nism to maintain representational diversity, effec-
tively preventing the model from over optimizing
on narrow data subsets. Empirical results across
instruction following, mathematical reasoning, and
code generation demonstrate that EVO-Curate con-
sistently outperforms standard baselines and tradi-
tional curriculum strategies. By providing signifi-
cant performance gains with manageable computa-
tional overhead, our framework offers a practical
and scalable solution for modern training pipelines.
Future work will explore multimodal extensions to
enhance EVO-Curate’s versatility.

8 Limitations

While EVO-Curate consistently enhances perfor-
mance across diverse benchmarks, several limita-
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tions warrant further investigation. First, the frame-
work exhibits more modest absolute improvements
in specialized technical domains such as mathemat-
ical reasoning and code generation compared to
general instruction following. In these tasks, where
correctness is highly sensitive to minor token vari-
ations, the current reliance on token-level cross-
entropy loss as a difficulty proxy may prioritize
superficially similar but functionally incorrect tra-
jectories. This suggests that integrating execution-
based validation or semantic equivalence scoring
could further refine the Adaptive Dynamics Mea-
surer for rigorous reasoning tasks. Importantly, our
framework is flexible and not tied to a single proxy
signal; as demonstrated in our ablation analysis
(Section 5.2), the dynamics measurer can incorpo-
rate alternative metrics, making the investigation
of task-specific proxies a promising direction.

Second, the multi-stage measurement process
requires additional forward passes over the full
dataset. While this overhead is manageable (15—
20% of training time) and pays off in both per-
iteration and per-wall-clock-time efficiency (Sec-
tion 5.3), it may pose scalability challenges for
ultra-large-scale training sets on the order of mil-
lions of examples. Addressing these constraints
through proxy-based scoring on representative sub-
sets and staged measurement on data partitions
remains a key direction for future work.
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A Technical Appendices
A.1 EVO-Curate Training Algorithm

Algorithm 1 provides a detailed description of
the EVO-Curate training procedure, including the
Adaptive Dynamics Measurer and Evolutionary
Sampling Scheduler.

Algorithm 1 EVO-Curate: Evolution Based Dy-
namic Data Curation

Input: Training dataset D = {(x,y); };_,, initial model
qJ, total stages M, epochs per stage k;
Output: Final post trained model gt
Initialize dynamic amplitude b} =
{1,...,N};
form=1,...,M do

1. Measure Difficulty: Compute aj" =
—log gg" " (yil2s) for all (,y); € D;

2. Update Dynamics: Update b;" < 167" + |a]" —
a;”_1| (active for m > 1);

if m = M then

Set Dgup < D;
else

0 for all ¢ €

> Use full dataset in final stage

3. Calculate Utility: Compute Net Utility U;" =
b" —ai’;
4. Compute Probabilities: Determine P/" =
exp(U™) .
S exp(U)”
5. Sample Subset: Sample n = 7 - N unique
instances D, C D using P;™;
end if
6. Evolve Model: Train q;’mfl on Dy, for k epochs to
obtain gg";
end for
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A.2 Experimental Setup

This appendix provides detailed information on
the base models (Section A.2.1), training proce-
dures (Section A.2.2), evaluation protocols (Sec-
tion A.2.3), and baseline methods (Section A.2.4).

A.2.1 Base Models Description

We conduct experiments across three distinct
tasks—instruction following, mathematical reason-
ing, and code generation—using representative
open-source model families at varying scales to
ensure broad validity of our findings. The selected
models and their specific roles are as follows:

* Qwen2.5 (Team, 2024): We leverage the
Qwen?2.5 suite of models for all three exper-
imental domains. For instruction following,
Qwen2.5-0.5B serves as the target model for
SFT and as the student for KD, with Qwen2.5-
1.5B as the teacher. For mathematical rea-
soning, Qwen2.5-Math-1.5B is the target for
SFT and the KD student, taught by Qwen2.5-
Math-7B-Inst. For code generation, Qwen2.5-
Coder-1.5B is used analogously as the SFT
target and KD student, with Qwen2.5-Coder-
7B-Inst as the teacher.

* GPT2 (Radford et al., 2019): We employ the
widely recognized GPT2 family to validate
our method on a classic autoregressive archi-
tecture. GPT2-0.1B acts as the target model
for SFT and the student for KD, while GPT2-
1.5B serves as the teacher model.

¢ OpenLLaMA2 (Touvron et al., 2023): To
include a LLaMA-architecture variant, we
utilize OpenLLaMA?2. The 3B-parameter
model is the SFT target for instruction fol-
lowing. In the corresponding KD experi-
ment, OpenLLaMA?2-3B and OpenLLaMA2-
7B serve as the student and teacher, respec-
tively.

This selection provides a diverse testbed encom-
passing different model architectures, licensing
frameworks, and parameter scales, facilitating re-
producible and comparative analysis of our pro-
posed data curation strategy.

A.2.2 Training Details

General Instruction-Following Experiment. All
experiments are conducted on four A100 80GB
GPUs and an Intel(R) Xeon(R) Platinum 8350C

CPU. We use the databricks-dolly-15K dataset
(Conover et al., 2023), comprising 15,000 human-
generated instruction-response pairs. Samples ex-
ceeding the maximum context length are truncated
to fit model input constraints. The dataset is ran-
domly divided into 12.5K training, 1K validation,
and 0.5K test instances.

Hyperparameters—learning rates from {5e-4,
le-4, 5e-5} and batch sizes {8, 16}—are chosen
based on validation set performance. To ensure fair
comparison, total training steps are matched be-
tween baseline models and our framework. Specifi-
cally, while baselines are trained for 20 epochs on
the full dataset, our method divides training into 4
stages—each lasting 8 epochs—on progressively
larger subsets: 25%, 50%, 75%, and 100% of the
training data, resulting in matched total training
steps. The optimal checkpoint is selected based
on Rouge-L scores on the validation set, consistent
with prior work showing its alignment with human
evaluation (Agarwal et al., 2024).

Task-Specific Experiments. For mathematical
reasoning and code generation, we start from mod-
els fine-tuned on MetaMathQA (Yu et al., 2023) for
100K steps. Step-by-step reasoning is elicited via
chain-of-thought prompting (Wei et al., 2022) using
the prompt: "Please reason step by step, and put
your final answer within \boxed{}." Baseline mod-
els are trained for 2 epochs with a fixed learning
rate of 5 x 107°. Across all tasks, we maximize the
per-GPU batch size under the 4-A100 constraint,
adjusting gradient accumulation steps to maintain
an effective batch size of 128.

We employ LoRA (Low-Rank Adaptation) (Hu
et al., 2022) for parameter-efficient fine-tuning
of OpenLLaMA2, Qwen2.5-Math, and Qwen?2.5-
Coder in their respective tasks, reducing computa-
tional cost and accelerating training.

Hyperparameter Settings. The hyperparame-
ters for the EVO-Curate framework are configured
as follows:

* Curriculum Stages: The number of curricu-
lum stages is set to M = 4.

 Stage Training: Each stage is trained for 40%
of the baseline epoch count to maintain parity
in the total number of training steps.

* Checkpoint Initialization: Training for each
subsequent stage initializes from the final
checkpoint of its preceding stage.
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* Knowledge Distillation: For KD experi-
ments, we set the balancing coefficient o =
0.5 and the temperature 7 = 1.

A.2.3 Evaluation Details

All evaluations are conducted on a single NVIDIA
A100 80GB GPU, adhering to the evaluation pro-
tocol outlined in Gu et al. (2023).

Instruction-following. A fixed prompt template
is used during evaluation, as shown in Fig. 5, to en-
sure consistent input formatting across all models.
During inference, responses are generated with a
temperature of 1.0 and a maximum output length
of 512 tokens. To improve estimate reliability, five
responses per prompt are sampled using distinct
random seeds ({10, 20, 30, 40, 50}), and results
are averaged across these runs.

Below is an dinstruction that describes a task.
Write a response that appropriately completes
the request.

### Instruction:
{instruction}

### Input:
{input}

### Response:

Figure 5: Prompt template used for training and evaluation
in instruction-following experiments, adapted from (Gu et al.,
2023)

For the LL.M-as-a-Judge evaluation (Zheng et al.,
2023), we perform pairwise comparisons using the
prompt template in Fig. 6, with the judging LLM’s
temperature set to 0.7. For each model family,
the outputs of a model trained with our strategy
are compared against the outputs of a fixed base-
line from the same family: Qwen2.5-1.5B for the
Qwen2.5 family, GPT2-1.5B for the GPT2 fam-
ily, and OpenLLaMA2-7B for the OpenLLaMA2
family.

Mathematical Reasoning and Code Genera-
tion. We utilize task-specific prompt templates
during inference: Fig. 7 for mathematical reason-
ing and Fig. 8 for code generation. Following
Yang et al. (2024a), we adopt an 8-shot prompt for
GSMSEK and a 4-shot prompt for MATH to elicit
chain-of-thought reasoning, with all in-context ex-
amples sourced from their work. Responses are
produced via greedy decoding with a maximum
generation length of 1024 tokens to accommodate
extended reasoning traces. For code generation, we
adopt the EvalPlus framework (Liu et al., 2023),

### System:

Please act as an impartial judge and evaluate the quality of
the responses provided by two AI assistants to the user
question displayed below. You should choose the assistant
that follows the user’s dinstructions and answers the user’s
question better. Your evaluation should consider factors such
as the helpfulness, relevance, accuracy, depth, creativity,
and level of detail of their responses. Begin your evaluation
by comparing the two responses and provide a short
explanation. Avoid any position biases and ensure that the
order in which the responses were presented does not
influence your decision. Do not allow the length of the
responses to influence your evaluation. Do not favor certain
names of the assistants. Be as objective as possible. After
providing your explanation, output your final verdict by
strictly following this format: ”[[A]]” if assistant A is
better, ”[[B]]” if assistant B is better, and ”[[C]]” for

a tie.

### User Question:
{question}

[The Start of Assistant A’s Answer]
{answer a}
[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]
{answer b}
[The End of Assistant B’s Answer]

Figure 6: Pairwise comparison prompt used in LLM-as-a-
Judge evaluation, adapted from (Zheng et al., 2023)

which extends the HumanEval benchmark by en-
riching test cases and applying automated valida-
tion, thereby offering a more comprehensive and
robust evaluation of functional correctness.

<8 examples> # for GSM8K
<4 examples> # for MATH

### Problem:

{instruction}

Please reason step by step, and put your final answer within
\boxed{}.

### Solution:

Figure 7: The prompt used in mathematical reasoning experi-
ments, adapted from (Yang et al., 2024a)

Please provide a self-contained Python script that solves the
following problem in a markdown code block:

### Problem:
{instruction}

### Response:
Below is a Python script with a self-contained function that
solves the problem and passes corresponding tests:

Figure 8: The prompt used in code generation experiments,
adapted from (Hui et al., 2024)

Below, we describe the datasets used for training
and evaluation:

e databricks-dolly-15K (Conover et al.,
2023): An open-source dataset containing
15,000 human-written instruction-response
pairs across diverse categories such as brain-
storming, classification, closed QA, genera-
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tion, information extraction, open QA, and
summarization (Ouyang et al., 2022).

self-instruct-eval (Wang et al., 2022a):
A framework that leverages model-generated
outputs to synthesize instructional data. It
includes 52,000 instructions and 82,000 input-
output pairs for training, along with 252
expert-written tasks and an additional 50,000
public examples for evaluation.

vicuna-eval (Chiang et al., 2023): A bench-
mark consisting of 80 challenging questions
originally used to evaluate Vicuna, designed
to test complex reasoning and instruction-
following capabilities.

supernatural-instructions (Wang et al.,
2022b): A comprehensive benchmark com-
prising 1,616 distinct NLP tasks with expert-
written instructions, spanning 76 task types.
The test set contains approximately 9,000 sam-
ples drawn from 119 tasks.

unnatural-instructions-core (Honovich
et al., 2022): A large-scale dataset of 240,000
machine-generated instructions, demonstrat-
ing that high-quality synthetic data can rival
human-written data for training language mod-
els. The core subset consists of 66,000 sam-
ples.

GSM8K (Cobbe et al., 2021): A dataset of 8,500
linguistically diverse grade school math word
problems, each requiring multi-step arithmetic
reasoning. Its emphasis on structured problem
decomposition makes it a standard benchmark
for assessing reasoning coherence in distilled
models.

MetaMathQA (Yu et al., 2023): A reasoning-
oriented dataset constructed via question boot-
strapping, where source math problems are
expanded through forward and backward rea-
soning, along with paraphrasing. It includes
39,500 training examples and is tailored to
improve generalization in mathematical rea-
soning tasks.

WizardCoder (Luo et al., 2023): A code gen-
eration dataset derived from Code Alpaca
using the Evol-Instruct framework. It ap-
plies iterative complexity-enhancing transfor-
mations—such as deepening logical reason-

ing, adding constraints, and injecting code er-
rors—to produce approximately 78,000 high-
quality programming prompts, supporting rig-
orous training for code synthesis.

* MBPP (Austin et al., 2021): A benchmark of ap-
proximately 1,000 Python programming tasks
created by crowdworkers, aimed at evaluating
beginner-level coding proficiency. Each task
includes a natural language description, refer-
ence solution, and three test cases. A manu-
ally verified subset ensures high accuracy and
reliability for evaluation purposes.

A.2.4 Baseline Description

This section provides formal definitions of the KD
loss functions used in our experiments. As de-
scribed in Eq. (2), the KD loss measures the di-
vergence between the teacher model distribution
p and the student model distribution gy using a
distance function D(-||-). Below are the specific
formulations considered in this study.

The Kullback-Leibler Divergence (KLD) (Hin-
ton et al., 2015) is defined as:

Do | a5) = By [IOg 5;(5’;)] Y

where y is sampled from the teacher distribution p.
The Reverse KLD (RKL) is given by:

M}
p(y) |

The Jensen—Shannon Divergence (JSD) (Agar-
wal et al., 2024) is formulated as:

Drir(qo || p) = Ey~p {bg ®)

_1 p(y) 1 90 (y)
D1so = 3Eums s 25 |+ 3 [l T 0
where m(-) = 3p(-) + 3qo(-) is the average of the
two distributions.
The Total Variation Distance (TVD) (Wen et al.,
2023) is defined as:

1
Drvp = 5 Z lgo (y) — p(y)|- (10)
y

The Forward Skew KLD (SKL) (Ko et al., 2024)
is expressed as:

Dski(pll go) = Dxro (pll B-p+(1—08)-g9), (11)

where ( € [0, 1] controls the mixing ratio between
the teacher and student distributions. These loss
functions represent commonly used strategies for
aligning student and teacher distributions in KD.
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Table 7: Performance comparison of instruction following for GPT 2 0.1B and OpenLLaMA?2 3B. The table evaluates the
generalizability of EVO Curate across smaller and mid scale architectures under SFT and KD paradigms.

SFT: GPT2-0.1B;  KD: GPT2-1.5B — GPT2-0.1B

DollyEval SelfInst VicunaEval S-NI UnNI Avg.
Methods R-L WR R-L WR R-L WR R-L WR R-L WR R-L WR Improvement
SFT 2333 47.04 10.01 42.28 14.72 48.31 16.38 36.32 19.57 39.37 16.80 42.67 -
+EVO-Curate 25.48 50.39 11.15 45.17 16.69 51.59 18.57 39.15 23.97 41.92 19.17 45.64 14.11%
SeqKD 23.72 48.21 11.23 43.92 14.31 48.05 16.48 37.81 19.81 43.59 17.11 44.32 -
+EVO-Curate 24.10 51.33 12.88 46.98 15.47 50.15 18.75 39.59 21.47 46.84 18.53 46.98 8.32%
KLD 23.49 47.30 10.33 42.78 14.96 49.11 19.71 40.80 22.01 42.04 18.10 44.41 -
+EVO-Curate 25.37 49.47 12.45 44.47 16.51 52.26 22.56 43.21 23.79 45.32 20.14 46.94 11.26%
RKL 23.79 47.87 12.13 46.96 14.94 48.67 23.81 45.38 22.52 42.63 19.44 46.30 -
+EVO-Curate 25.19 51.58 14.13 49.52 16.88 51.72 25.97 47.25 25.15 45.08 21.47 49.03 10.43%
JSD 24.07 48.66 11.38 45.59 15.87 50.79 22.84 44.20 23.06 43.30 19.44 46.51 -
+EVO-Curate 26.97 50.21 13.06 47.97 17.99 52.72 25.82 47.19 25.19 44.90 21.81 48.60 12.15%
TVD 24.32 48.25 11.09 45.01 15.51 49.70 25.93 47.66 26.55 46.96 20.68 47.52 -
+EVO-Curate 26.61 50.76 13.72 47.81 17.79 51.49 29.29 49.70 28.57 48.72 23.19 49.70 12.16%
SKL 24.24 48.64 12.27 47.23 15.71 50.15 23.33 45.06 24.02 44.25 19.91 47.07 -
+EVO-Curate 26.48 51.03 14.61 50.33 17.63 5291 26.70 47.55 28.89 46.15 22.86 49.59 14.79%
SFT: OpenLLaMA2-3B; KD: OpenLLaMA2-7B — OpenLLaMA2-3B
SFT 24.87 49.20 18.78 50.29 16.50 48.99 28.65 47.87 28.73 47.61 23.51 48.79 -
+EVO-Curate 27.14 51.84 20.14 52.48 17.45 49.31 32.87 48.31 33.98 49.86 26.32 50.36 11.95%
SeqKD 23.11 46.31 17.14 47.18 17.06 48.29 28.43 47.93 28.22 46.38 22.79 47.22 -
+EVO-Curate 26.43 48.29 19.78 49.41 18.72 50.07 30.88 48.29 31.74 48.52 25.51 48.92 11.93%
KLD 23.76 49.68 17.48 48.05 15.68 47.97 28.42 48.10 27.48 46.75 22.56 48.11 -
+EVO-Curate 27.31 51.47 18.42 49.80 18.03 49.03 35.12 50.71 34.46 48.31 26.67 49.86 18.19%
RKL 26.67 50.78 18.78 49.71 18.43 53.67 31.27 50.42 32.01 52.18 2543 51.35 -
+EVO-Curate 27.05 50.94 19.66 50.32 18.35 54.37 33.98 51.98 35.72 53.69 26.95 52.26 5.98%
JSD 25.64 50.34 17.18 47.54 15.56 47.58 27.93 49.29 27.39 46.48 22.74 48.25 -
+EVO-Curate 26.91 51.49 18.84 48.53 17.62 49.04 34.70 50.71 35.01 47.53 26.62 49.46 17.04%
TVD 24.62 48.57 18.32 48.90 15.85 48.49 29.01 48.54 28.08 47.54 23.18 48.41 -
+EVO-Curate 27.03 49.39 20.52 49.72 18.43 50.14 35.88 49.89 35.63 49.28 27.50 49.68 18.65%
SKL 24.99 49.08 18.77 49.54 16.69 49.92 29.71 50.86 28.49 48.02 23.73 49.48 -
+EVO-Curate 27.05 51.73 20.99 50.86 18.41 5231 34.73 53.81 35.58 50.83 27.35 51.91 15.26%

Note: Benchmark abbreviations follow Table 1. Average (Avg.) ROUGE L is calculated across all five evaluation datasets. Improvement indicates
the relative performance increase provided by the EVO Curate framework over the respective baseline. Results are averaged over 5 seeds. Bold

indicate the best performance within each category.

A.3 Additional Results

In Tab. 7, we present evaluation results showing
ROUGE-L scores across five random seeds for
GPT2-0.1B and OpenLLLaMA2-3B as the target
model, to show the effectiveness and generaliz-
ability of EVO-Curate framework on SFT and KD
across different LLMs.

A4 Multi-Judge Validation

To validate the reliability of our findings be-
yond a single LLM judge, we conduct additional
evaluations using Qwen3-Max as an alternative
judge on five instruction-following benchmarks.
Tab. 8 presents winning rates for Qwen2.5-0.5B
under SFT and KD. The results are consistent
with our primary evaluations using DeepSeek-V3-
0324 (Tab. 1), confirming the robustness of EVO-
Curate’s improvements across different evaluation
frameworks.

A.5 Related Work

Curriculum Learning in LLM Post-Training CL
structures the sequencing of training samples to en-
hance optimization, primarily by progressing from
simpler to more complex instances (Bengio et al.,
2009). While widely explored in computer vision

Table 8: Multi-judge validation. Winning rates (%)
on instruction-following benchmarks evaluated by
Qwen3-Max (Qwen2.5-0.5B student; 1.5B teacher
for KD).

Methods ‘ DollyEval Selflnst VicunaEval S-NI UnNI
SFT 48.32 48.01 50.13 41.35 45.03
+ EVO-Curate 51.91 49.52 52.24 45.67 46.37
KD 53.83 50.72 54.55 51.31 50.01
+ EVO-Curate 57.63 54.13 58.12 53.72 52.84

(Xiang et al., 2020; Li et al., 2023), its applica-
tion to LLM post-training remains an emerging
field. In the context of KD, recent approaches like
MPDistil (Sengupta et al., 2023) and Confucius
(Gao et al., 2024) utilize reinforcement learning or
task-specific designs to schedule curricula. More
recently, POCL (Liu and Zhang, 2025) and DA-
KD (He et al., 2025) have introduced plug and play
frameworks to adjust training sets based on per-
ceived sample difficulty. However, existing meth-
ods often rely on static difficulty metrics or auxil-
iary models that incur high computational overhead.
Most importantly, they frequently neglect the dy-
namic interplay between evolving student capacity
and the necessity of maintaining dataset diversity.
EVO-Curate addresses these gaps by implementing
a student-aware, entropy-maximizing strategy that
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adapts to the model’s maturing state in real-time.

Theoretical Foundations of Curriculum
Strategies From an optimization perspective, CL
functions as a continuation method for non-convex
objectives. By initially focusing on high-utility,
"easy" instances, CL smooths the loss landscape,
allowing the model to capture the core task distribu-
tion before refining on complex edge cases (Wang
et al., 2021). This staged refinement mitigates gra-
dient instability and catastrophic forgetting, which
are common when shifting from massive-scale pre-
training to specialized supervised datasets (Bai
et al., 2025). In KD specifically, CL facilitates
smoother alignment between teacher and student
distributions by addressing the capacity gap. Early
exposure to samples where the student’s distribu-
tion g is closer to the teacher’s p provides sta-
ble gradient signals (Ko et al., 2025). As the stu-
dent evolves, incorporating harder samples approxi-
mates the benefits of on-policy KD strategies (Agar-
wal et al., 2024) without the prohibitive cost of
iterative rollouts. EVO-Curate builds upon these
foundations by dynamically recalibrating difficulty
and sampling probabilities, ensuring that the train-
ing trajectory remains optimally aligned with the
student’s current optimization state
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