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Abstract

Instruction tuning plays a crucial role in enhanc-
ing large language models (LLMs) to better
understand complex user instructions. While
various data selection and revision methods
have been explored to optimize instruction tun-
ing datasets, they face two main challenges:
unreasonable pruning of potentially valuable
low-quality data and the persistence of noise
or semantic drift during revision. To address
these issues, we propose a novel automated
iterative framework for instruction data opti-
mization. Our framework introduces Instruc-
tion Quality Differentiation to identify valuable
high-quality and low-quality data across multi-
ple dimensions. For low-quality data, we pro-
pose a Feedback-driven Iterative Refinement
mechanism with an “evaluate-refine-review”
process and design an Output Alignment mod-
ule to improve data quality. Experiments on
seven public benchmark datasets show that our
framework outperforms state-of-the-art meth-
ods, achieving 2.09% and 2.60% improvements
on the Alpaca and Dolly datasets, respectively,
with high data efficiency. Our code and data
are available at the anonymous link https:
//github.com/surihuhang/From-Selecti
on-to-Refinement--Iterative-Optimiz
ation-for-Instruction-Data.

1 Introduction

Large language models (LLMs) have recently
shown strong performance on diverse downstream
tasks, including knowledge understanding and log-
ical reasoning (Zhao et al., 2024; Xu et al., 2025;
Huang and Chang, 2023; Hou et al., 2026). A key
driver of this success is instruction tuning, which
improves instruction-following ability by training
models on instruction–input–output tuples in a su-
pervised manner (Ye et al., 2024; Zhang et al.,
2025c).

*Equal contributions.
†Corresponding authors.
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Figure 1: Limitations of existing instruction data opti-
mization methods.

High-quality instruction data are a prerequisite
for effective instruction tuning (Zhang et al., 2025a;
Wu et al., 2023). Early instruction datasets are
mainly constructed through manual annotation,
which ensures high quality but suffers from high
cost and limited scalability (Zhang et al., 2025b,
2023). Hence, researchers have further turned
to automatically generating instruction data via
knowledge distillation from stronger teacher mod-
els (Fang et al., 2025; Shirgaonkar et al., 2024).
However, due to hallucinations and instability in
teacher models, the generated data are often noisy,
exhibiting issues such as incorrect answers, miss-
ing information, and redundant content (Huang
et al., 2025; Saha et al., 2023). Training on such
imperfect data makes it challenging to fully exploit
the performance potential of LLMs (Amin et al.,
2025; Chen et al., 2024). Consequently, efficiently
selecting and revising instruction tuning data has
become a critical problem in practice.

Current data optimization methods can be cat-
egorized into two main approaches: data selec-
tion and data revision, both of which still fail
to achieve sufficient optimization. Data selec-
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tion focuses on choosing subsets with desirable
properties from the raw dataset, typically empha-
sizing quality-based selection (e.g., LIMA (Zhou
et al., 2023a)), diversity-based selection (e.g., In-
sTag (Lu et al., 2023)), difficulty-based selection
(e.g., IFD (Li et al., 2024b)), and combined crite-
ria (e.g., DEITA (Liu et al., 2024a)). However, a
key limitation of these approaches is their tendency
to discard potentially valuable data that could still
be useful despite imperfections, leading to data
waste. Hence, data revision methods have been
introduced to improve data quality by addressing
flaws in the original data. Typical studies along
this line include rule-based filling (e.g., MathFu-
sion (Pei et al., 2025)), teacher-model distillation
(e.g., TRAIT (Liang et al., 2024)), and preference-
guided revision (e.g., DoAug (Wang et al., 2025),
WizardLM (Xu et al., 2024)). However, these meth-
ods still face two significant challenges: 1) They
fail to effectively distinguish between useful data
for model training and data that needs refinement,
as some data may be of little value or already high
quality. 2) They often rely on “single-pass rewrit-
ing” strategy, which may not fully optimize the
data, resulting in rewritten versions with noise and
semantic drift, as illustrated in Figure 1.

To this end, we propose an automated frame-
work for instruction data optimization, which uses
an iterative strategy that first selects and then re-
fines data. The core idea is to identify valuable
instruction data through multi-dimensional differ-
entiation, retaining high-quality data while refining
low-quality data through a feedback-driven itera-
tive mechanism and output alignment. Specifically,
we first introduce an Instruction Quality Differ-
entiation (IQD) strategy, which identifies useful
data for model training and distinguishes high- and
low-quality data based on three dimensions: expert-
guided quality labeling, semantic diversity, and in-
struction difficulty. For low-quality data, we then
propose a Feedback-driven Iterative Refinement
(FIR) mechanism that follows an “evaluate-refine-
review” process. This process compares model
predictions with original outputs to identify errors
and generate feedback. A refinement expert im-
proves the data, and a review expert verifies each
refinement, iterating until optimization stabilizes.
Finally, we design an Output Alignment (OA) mod-
ule, which ensures the semantic and logical con-
sistency between instruction-input pairs and their
outputs by anchoring keywords. The optimized
data is then combined with the high-quality data to

create a final dataset for training.
Our contributions are summarized as follows:

• We propose an automated iterative framework
for instruction data optimization, which inte-
grates a multi-dimensional IQD module, an
“evaluate-refine-review” FIR module, and an
OA module.

• We apply our framework to optimize two
widely used instruction datasets, Alpaca and
Dolly, generating and releasing 35K and 12K
high-quality instruction samples.

• Experimental results show that our frame-
work outperforms the state-of-the-art (SoTA)
method (WizardLM) on 7 public benchmarks,
achieving average improvements of 2.09%
and 2.60% on Alpaca and Dolly, respectively.
Our framework also demonstrates high data
efficiency, using only 35K and 12K samples,
far fewer than the 70K and 59K required by
WizardLM.

2 Related Work

Related work in this study can be divided into two
categories: data selection and data revision.

Data selection. These methods aim to extract
useful instances from large raw dataset to improve
model performance. Existing approaches can be
divided into the following types: 1) Quality-centric
methods focus on reducing noise to preserve clean
data. AlpaGasus (Chen et al., 2023) introduces
an LLM-based strategy to score and filter data. 2)
Diversity-centric methods aim to broaden seman-
tic coverage to mitigate overfitting. InsTag (Lu
et al., 2023) curates a diverse subset based on label
distribution. 3) Difficulty-centric methods evalu-
ate how hard each instance is for the model. Li
et al. (Li et al., 2024b) propose the IFD metric,
which measures the loss difference between re-
sponses with instructions and those without instruc-
tions. 4) Combined-criteria strategies integrate mul-
tiple metrics to balance different data properties.
Approaches like DEITA (Liu et al., 2024a) and
MoDs (Du et al., 2023) jointly consider quality,
diversity, and complexity for comprehensive data
selection. However, a significant limitation of these
methods is their tendency to discard potentially
valuable data that could be useful despite a few
defects, leading to considerable data waste.

Data revision. Data revision methods improve
data quality by directly correcting flaws in raw
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Figure 2: Overview of our instruction data optimization framework.

instances. These methods fall into three cate-
gories: 1) Rule-based filling. These methods re-
vise data using predefined rules or structural tem-
plates. MathFusion (Pei et al., 2025) combines
two mathematical problems according to sequen-
tial, parallel, or conditional rules. 2) Teacher-model
distillation. These methods improve data qual-
ity by using advanced models as teachers to dis-
till knowledge into training data. TRAIT (Liang
et al., 2024) augments the data by directing teacher
models to generate detailed solution steps or ratio-
nales. CoachLM (Liu et al., 2024b) extends this
approach by training a teacher model on human-
revised data. 3) Preference-guided revision. These
methods revise data based on explicit, customiz-
able preferences. DoAug (Wang et al., 2025)
learns human preferences using the DPO algorithm.
WizardLM (Xu et al., 2024) focuses on complex-
ity preferences by iteratively revising instructions.
Star-Agents (Zhou et al., 2024) uses multi-agent
scoring to promote data diversity and quality dur-
ing data optimization. However, these methods
face two key limitations: first, they rewrite data
without distinction, which may degrade the seman-
tic precision of original high-quality data; second,
they rely on single-pass generation, often failing
to fully correct errors and sometimes introducing
noise and causing semantic drift.

3 Overview

Problem definition. Instruction data optimization
refers to improving the quality of the tuples con-
sisting of an instruction, input, and output for LLM
training. Formally, given an instruction dataset
Draw = {(Insi, ini, outi)}Ni=1, where each tu-
ple (Insi, ini, outi) denotes one instruction sam-
ple, the goal is to transform (Insi, ini, outi) →
(Insnewi , innewi , outnewi) to obtain an optimized
dataset Dopt = {(Insnewi , innewi , outnewi)}Mi=1,
where M ≤ N . The optimized dataset must sat-
isfy:

M(Dopt) > M(Draw), (1)

where M(·) denotes the model’s evaluation metric
on downstream tasks after training on dataset D.

Framework overview. As illustrated in Fig-
ure 2, our framework consists of three main mod-
ules. First, we detect valuable instruction data for
model training and differentiate the raw instruc-
tion dataset Draw into high-quality (Dhigh

raw ) and
low-quality (Dlow

raw) subsets based on three crite-
ria: instruction quality, diversity, and difficulty.
This differentiation is achieved using a combina-
tion of a prompt-based LLM, clustering technique,
and difficulty assessment metric. Second, for the
low-quality dataset Dlow

raw, we introduce a feedback-
driven iterative refinement method to improve the
instruction-input pairs. This process involves three
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stages: evaluation, refinement, and review. Ini-
tially, the data is evaluated, and feedback is given
to a refinement expert to make improvements. A
review expert then checks the changes, and if the
result is unsatisfactory, the process is repeated un-
til approval is given or the maximum number of
iterations is reached. Finally, we design an output
alignment module to optimize the output, ensuring
it aligns with the refined instruction and input. The
optimized low-quality data is then merged with the
high-quality dataset Dhigh

raw for model training.

4 Methodology

In this section, we provide a detailed description of
the three modules in our framework.

4.1 Instruction Quality Differentiation

This module aims to detect valuable data for LLM
training and divide instruction samples into high-
and low-quality subsets. Given a raw instruction
dataset Draw = {(Insi, ini, outi)}Ni=1, we first in-
troduce a selection expert (a powerful LLM with a
designed prompt) to select samples that contribute
to the model’s reasoning ability and assign each
selected sample an initial quality label (high or
low), forming two subsets Dhigh

raw and Dlow
raw. The

prompt consists of two components (refer to Ap-
pendix A): (1) determining whether an instruction
sample contains explicit reasoning steps or latent
logical inference, and (2) assigning an initial qual-
ity label based on five predefined dimensions: Cor-
rectness, Completeness, Clarity, Instruction Con-
sistency, and Logical Reasoning (see Appendix B).

Since different LLMs may exhibit distinct pref-
erences, the resulting coarse labels may be biased,
leading to an unreliable distinction between high-
and low-quality data (Thomas et al., 2024; Yu et al.,
2024). Hence, we further introduce a cluster- and
difficulty-aware scoring strategy that jointly con-
siders semantic diversity and instruction difficulty.
Specifically, we use the embedding layer of an
LLM to obtain the representation of every samples
in Dhigh

raw and Dlow
raw, and then employ the K-means

algorithm (Likas et al., 2003) to cluster the dataset,
grouping semantically similar instructions while
ensuring diversity across clusters. Next, for each
cluster, we compute an IFD (Li et al., 2024b) score
for every sample using an LLM. The IFD score
quantifies the difficulty of each instruction for the
model, with higher values indicating more chal-
lenging samples. Within each cluster, we rank all

samples primarily based on the initial quality la-
bels in Dhigh

raw and Dlow
raw, and secondarily on the

IFD score. Based on this ranking, we select the top-
K samples from each cluster as high-quality data,
forming the new Dhigh

raw , and classify the remain-
ing samples as low-quality data, forming the new
Dlow

raw. The detailed analysis of the cluster number
and K is in Appendix D.

4.2 Feedback-Driven Iterative Refinement
The goal of this module is to enhance the quality
of instruction-input pairs in Dlow

raw produced in the
previous module. This is achieved through an au-
tomated “evaluate-refine-review” iterative process.
Specifically, for each sample d = (Ins, in, out) ∈
Dlow

raw, we first use an LLM to generate a response,
denoted as outp1, for the (Ins, in) pair. Next, we
design an evaluation expert (a more powerful LLM
with specialized prompts) to compare outp1 with
the original output out, identify any discrepancies,
and generate detailed feedback (such as vague in-
structions or missing information). This feedback,
along with the original sample d and outp1, is then
provided to a refinement expert, which refines both
the instruction and input, resulting in a new tuple
(Insnew, innew, out).

Direct refinement based on a single round of
feedback is often unstable and may not reliably
guide the model to generate the desired response.
To address this, we employ an iterative optimiza-
tion strategy. After the first round of refinement,
we utilize an LLM to generate a new response
for (Insnew, innew), denoted as outp2. A review
expert is then employed to compare the tuple
(Ins, in, outp1) with the newly generated tuple
(Insnew, innew, outp2). If the latter outperforms
the former, the optimization is considered success-
ful, and the final high-quality instruction-input pair
(Insnew, innew) is selected. Otherwise, the former
is retained, and a reflection mechanism is triggered,
prompting the model to generate detailed feedback
on why the optimization failed. This feedback is
accumulated into the feedback set Eiter, which
guides the adjustments in the next iteration, contin-
uing until the new tuple outperforms the original
tuple or the iteration limit is reached.

4.3 Output Alignment
The objective of this module is to eliminate seman-
tic discrepancies between the refined instruction-
input pairs and the original output. To achieve this,
given the (Insnew, innew) pair from the previous
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Method Data Size Understanding Math & Code Reasoning Avg.
C-Eval ARC HumanEval GPQA GSM8K TriviaQA Winogrande

Alpaca Dataset

Raw Data 52.0k 51.34 84.19 48.17 24.25 44.51 66.99 60.85 54.33
Data Selection

IFD 5.2k 51.04 86.19 46.95 28.02 72.40 62.07 62.59 58.47
ALPAGASUS 15.0k 49.78 84.58 51.83 26.93 66.11 66.98 61.48 58.24
NUGGETS 9.2k 51.19 86.64 45.12 22.73 67.78 70.59 58.41 57.49
Superfiltering 5.0k 52.76 86.58 48.21 24.92 74.07 63.90 59.19 58.52
MoDS 31.0k 52.01 84.50 48.78 23.24 43.44 66.12 59.27 53.91

Data Refinement
WizardLM 70.0k 51.34 85.65 48.17 26.85 73.12 67.57 59.83 58.93
DoAug 52.0k 43.24 82.22 41.46 15.68 25.25 14.85 57.14 39.98
CoachLM 52.0k 51.26 85.37 15.24 27.18 69.52 70.83 58.64 54.01
Ours 35.0k 52.67 86.33 49.39 27.68 76.95 71.09 63.06 61.02

Dolly Dataset

Raw Data 15.0k 51.04 84.58 37.20 22.31 72.18 63.24 59.12 55.67
Data Selection

IFD 1.5k 51.56 86.47 37.20 19.80 71.04 65.82 45.86 53.96
ALPAGASUS 4.5k 52.30 86.42 35.98 21.48 75.06 67.63 48.30 55.31
NUGGETS 2.7k 51.41 86.92 37.20 21.98 75.66 70.78 34.41 54.05
Superfiltering 1.5k 52.15 86.58 42.07 22.32 74.15 66.90 53.04 56.74
MoDS 11.0k 52.45 85.88 40.85 25.59 71.37 62.16 55.64 56.28

Data Refinement
WizardLM 59.0k 51.93 87.06 33.54 27.77 77.86 66.62 59.75 57.79
DoAug 15.0k 50.59 84.42 37.20 21.90 67.78 11.94 52.33 46.59
CoachLM 14.9k 53.86 85.57 25.61 25.59 71.80 70.25 55.49 55.45
Ours 12.0k 54.31 86.83 45.12 27.87 82.26 65.79 60.62 60.39

Table 1: Model comparisons (%) across two instruction tuning datasets. All results are averaged over three runs.
The best and second best results are highlighted in bold and underline, respectively.

module and the original output out, we introduce a
refinement expert that identifies the core keywords
in (Insnew, innew, out). Based on these keywords,
the expert refines the output, resulting in a new
version, outnew. The (Insnew, innew) pair is com-
bined with the refined output outnew to form a new,
high-quality tuple. Finally, the refined results of
each sample in Dlow

raw are merged with Dhigh
raw to

create the final optimized instruction dataset, Dopt,
which is used for model training.

5 Experiment

In this section, we first conduct extensive exper-
iments to evaluate our proposed framework. We
further provide a series of detailed analyses to gain
a deeper understanding of the framework.

5.1 Experimental Setup
Training datasets. We employ the framework
for data optimization on two widely used in-
struction tuning datasets respectively: (1) Al-
paca (Taori et al., 2023), which contains 52,000
GPT-3–generated instruction-following examples
that have been manually curated; and (2)
Dolly (Conover et al., 2023), which consists of

15,000 human-written examples designed to im-
prove LLMs’ ability to follow instructions. New
instruction dataset: After optimization by our
framework on Alpaca and Dolly, we generate 35K
and 12K new high-quality instruction samples, re-
spectively. A detailed analysis of these results is
provided in Appendix E.

Benchmarks. We evaluate our framework
on seven benchmarks covering three categories:
knowledge understanding, math and code problem
solving, and knowledge reasoning. Knowledge
understanding is evaluated using C-Eval (Huang
et al., 2023) and ARC (Clark et al., 2018). Math
and code problem solving is assessed with Hu-
manEval (Chen, 2021), GSM8K (Cobbe et al.,
2021), and GPQA (Rein et al., 2024). Knowledge
reasoning is evaluated using TriviaQA (Joshi et al.,
2017) and Winogrande (Sakaguchi et al., 2021).

Baselines. We compare our framework with
several SoTA methods, which fall into two cat-
egories: data selection and data revision. Data
selection methods include IFD, ALPAGASUS,
NUGGETS (Li et al., 2024c), Superfiltering (Li
et al., 2024a) and MoDS, while data revision meth-
ods include WizardLM, DoAug, and CoachLM.
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Method Data Size Understanding Math & Code Reasoning Avg.
C-Eval ARC HumanEval GPQA GSM8K TriviaQA Winogrande

Raw Data 52k 51.34 84.19 48.17 24.25 44.51 66.99 60.85 54.33
w/o IQD 52k 52.38 86.58 43.90 20.55 75.13 64.09 60.93 57.65
w/o FIR 35k 51.86 84.47 50.00 27.52 58.23 68.06 62.59 57.53
w/o OA 35k 51.23 86.90 15.85 28.60 83.47 69.11 60.14 56.47
Ours 35k 52.67 86.33 49.39 27.68 76.95 71.09 63.06 61.02

Table 2: Ablation study on the main modules of our framework.

Method Data Size Understanding Math & Code Reasoning Avg.
C-Eval ARC HumanEval GPQA GSM8K TriviaQA Winogrande

Raw Data 52k 51.34 84.19 48.17 24.25 44.51 66.99 60.85 54.33
w/o IQL 52k 52.97 85.88 42.07 26.26 78.85 66.71 62.51 59.32
w/o DIV 35k 52.52 86.53 47.56 23.91 74.68 66.92 63.77 59.41
w/o DIF 35k 51.64 84.55 50.61 25.92 54.81 67.78 63.30 56.94
Ours 35k 52.67 86.33 49.39 27.68 76.95 71.09 63.06 61.02

Table 3: Ablation study on the Instruction Quality Differentiation module. “IQL”, “DIV”, and “DIF” denote the
“initial quality label”, semantic “diversity”, and instruction “difficulty” dimensions, respectively.

Metrics. Following prior work (Du et al.,
2024), we use Accuracy as the evaluation metric
for C-Eval, ARC, GSM8K, TriviaQA, and Wino-
grande. In addition, we adopt Pass@1 and Average
Pass@1 as the evaluation metrics for HumanEval
and GPQA, respectively.

Implementation details. Unless otherwise
specified, all experts in this paper are built on
Llama3.1-70B-Instruct (Grattafiori et al., 2024),
while Llama3.1-8B-Instruct (Grattafiori et al.,
2024) is adopted as the default backbone and is also
used for fine-tuning on the optimized data. During
fine-tuning, we employ a cosine learning rate sched-
ule with an initial learning rate of 1× 10−6 and a
warm-up ratio of 0.1, training the models for three
epochs. During inference, the temperature is set
to 0.7 and top-p is set to 0.1. All experiments are
conducted on Ubuntu 20.04.6 LTS, each equipped
with four NVIDIA A100 GPUs (80 GB). Detailed
computational resource statistics are provided in
Appendix F.

5.2 Main Results

We apply our proposed framework and eight base-
line methods on the Alpaca and Dolly datasets to
construct optimized training sets. Each optimized
dataset is then used to fine-tune the same back-
bone model, and the resulting models are evaluated
on seven benchmarks. The detailed results are re-
ported in Table 1.

Overall, our framework consistently outperforms
all baselines under both instruction dataset set-

tings. Specifically, on Alpaca, the model fine-tuned
with data optimized by our framework achieves
an average performance of 61.02%, exceeding the
best data selection and data revision baselines by
2.50% and 2.09%, respectively. Similarly, on Dolly,
our framework attains an average performance of
60.39%, surpassing the previous best results by
3.65% and 2.60%. These results demonstrate that
our data optimization framework effectively im-
proves overall data quality by selecting to retain
high-quality data and correcting low-quality sam-
ples, thereby enhancing model performance. More-
over, our framework achieves these gains with
substantially less training data. Compared to the
strongest baseline (WizardLM), which expands
Alpaca and Dolly to 70K and 59K samples, our
method uses only 35K and 12K samples, reducing
data usage by 50.00% and 79.66%, respectively.
Finally, under both dataset settings, our frame-
work yields significant improvements over models
trained on raw data across all benchmarks, indicat-
ing strong robustness. For example, on GSM8K,
our approach improves performance by 32.44%
and 10.08% compared to models fine-tuned on the
raw Alpaca and Dolly datasets, respectively.

5.3 Ablation Study

Ablation of main modules. To evaluate the impor-
tance of each module in our framework, we sequen-
tially remove one module and assess the effective-
ness of the remaining module combinations on Al-
paca dataset. The experimental results are reported
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Max Iterations Understanding Math & Code Reasoning Avg.
C-Eval ARC HumanEval GPQA GSM8K TriviaQA Winogrande

Raw Data 51.34 84.19 48.17 24.25 44.51 66.99 60.85 54.33
T = 1 52.45 48.17 76.19 25.17 86.36 67.04 63.30 59.81
T = 2 52.82 45.12 77.03 28.02 85.88 67.94 62.43 59.89
T = 3 52.67 49.39 76.95 27.68 86.33 71.09 63.06 61.02
T = 4 51.93 42.68 76.57 25.42 85.54 66.09 62.51 58.68
T = 5 52.82 45.12 76.88 25.42 86.05 66.42 52.82 57.93

Table 4: Analysis of maximum iterative refinement rounds.

Model Method Understanding Math & Code Reasoning Avg.
C-Eval ARC HumanEval GPQA GSM8K TriviaQA Winogrande

Llama3.1-8B
Raw 51.34 84.19 48.17 24.25 44.51 66.99 60.85 54.33
Ours 52.67 86.33 49.39 27.68 76.95 71.09 63.06 61.02

Mistral-7B-v0.3
Raw 41.01 74.97 21.95 22.48 18.27 64.75 57.54 43.00
Ours 41.01 74.38 29.27 24.83 21.43 66.02 59.83 45.25

Qwen2.5-7B
Raw 71.99 87.54 43.90 25.76 66.72 53.97 63.46 59.05
Ours 74.00 90.11 44.51 27.27 77.33 66.62 66.06 63.70

Qwen2.5-14B
Raw 75.78 91.18 51.22 28.86 75.36 68.57 71.98 66.14
Ours 79.72 92.28 48.17 28.94 89.08 71.70 75.69 69.37

Qwen2.5-32B
Raw 76.30 92.11 45.12 30.03 75.13 70.79 76.48 66.57
Ours 80.39 93.37 46.34 35.32 89.76 72.58 79.48 71.03

Table 5: Results of adapting our framework to different backbone models. Each model includes two rows: “Raw”
shows fine-tuning with the original dataset, and “Ours” shows fine-tuning with the optimized dataset.

in Table 2. As shown in the table, removing any sin-
gle module leads to a noticeable performance degra-
dation, with drops of 3.37%, 3.49%, and 4.55%,
respectively. Nevertheless, all ablated variants still
significantly outperform the “Raw data” baseline,
indicating that each module contributes positively
to the overall framework. In particular, removing
the IQD module allows a large amount of simple
or low-quality noisy data to be included in train-
ing, which weakens the model’s ability to handle
challenging tasks; for example, performance on
GPQA drops by 7.13%. Removing the FIR module
results in substantial performance drops on math-
ematical and reasoning tasks, with decreases of
18.72% on GSM8K and 3.03% on TriviaQA, re-
spectively. Furthermore, removing the OA module
has the most severe impact on code-related tasks
such as HumanEval, where performance sharply
decreases from 49.39% to 15.85%. This is because
the absence of OA introduces severe semantic de-
viation, breaking the logical consistency between
instruction-input pairs and outputs.

Ablation of dimensions in IQD. The IQD mod-
ule distinguishes high- and low-quality instruction
data based on an LLM-generated initial quality la-
bel (IQL), data diversity (DIV) and difficulty (DIF).
To evaluate the importance of these dimensions, we
conduct ablation studies on Alpaca dataset, with

results shown in Table 3. We observe that removing
any single dimension leads to a noticeable degra-
dation in overall performance, demonstrating that
all dimensions contribute to the effectiveness of
the framework. In particular, removing the DIF
dimension causes the largest drop in average per-
formance (a 4.08% decrease compared to our full
framework), indicating that, beyond general capa-
bilities, improving the model’s ability to address
more challenging knowledge and skills is crucial.

5.4 Detailed Analysis

Impact of iterative refinement rounds. We ana-
lyze the effect of the number of refinement itera-
tions T in the FIR module (Section 4.2). Specifi-
cally, we vary T from 1 to 5, and report the results
in Table 4. Performance improves substantially
during the first few iterations and reaches its best
at T = 3, suggesting that a small number of it-
erations is sufficient to form an effective “evalu-
ate–refine–review” cycle. When further increas-
ing T , performance slightly degrades, which we
attribute to over-editing introduced by excessive
refinements. Accordingly, we adopt T = 3 as the
default setting in our final framework.

Versatility across different backbone models.
We evaluate our framework on a diverse set of
open-source LLMs with varying architectures (e.g.,
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Figure 3: Human evaluation results on Alpaca and Dolly.
Evaluations are reported at three levels: Overall data,
Instruction & Input, and Output.

Llama, Mistral, and Qwen) and parameter scales
(7B, 14B, and 32B). The results are summarized in
Table 5. We notice that: 1) our framework consis-
tently improves performance across different back-
bone architectures. For instance, it yields aver-
age gains of 6.69% on Llama3.1-8B and 4.65% on
Qwen2.5-7B, indicating that its effectiveness is not
limited to a specific model family. 2) Within the
same model family (Qwen2.5), our framework de-
livers stable improvements across different model
sizes, achieving gains of 4.65%, 3.23%, and 4.46%
on the 7B, 14B, and 32B variants, respectively.
These results demonstrate the robustness and scala-
bility of our framework across both architectures
and model scales.

Human evaluation. We further validate the
quality of the refined data through human eval-
uation. Specifically, we randomly sample 200 in-
stances from the Alpaca and Dolly datasets respec-
tively and conduct anonymized pairwise compar-
isons between the raw data and the versions refined
by our framework. Three evaluators with com-
puter science backgrounds independently assess
each pair, labeling the refined version as Win, Tie,
or Lose relative to the original, with the final la-
bel determined by majority voting. As shown in
Figure 3, our method demonstrates a clear advan-
tage in overall quality. The refined data achieve
win rates of 78.5% (157/200) on Alpaca and 83.0%
(166/200) on Dolly, respectively, indicating sub-
stantial improvements over the raw data. Notably,
the win rate for the Instruction–Input component
is consistently higher than that for the Output com-

INSTRUCTION & INPUT: Find the probability of getting a heads after 

flipping a coin 3 times.

OUTPUT: The probability of getting a heads after flipping a coin 3 times is 0.5 

or 50%.

Raw 

Refined

INSTRUCTION & INPUT: Calculate the … at least one heads … , considering 

all possible outcomes and ensuring to enumerate all favorable outcomes where at 

least one head appears.

OUTPUT: To calculate …, we first need to identify … and then … When … 

there are 2^3 = 8 possible outcomes: group 1.…group 8…The favorable 

outcomes where at least one head appears are: group 1…There are 7 favorable 

outcomes out of 8 possible … is calculated as the number of favorable outcomes 

divided by the total number of possible outcomes: Probability = 7/8.

INSTRUCTION & INPUT: What is the legal drinking age?

OUTPUT: The … age in most states is 21 years old. It is illegal … age of 21 to 

drink … exceptions to this rule for religious reasons. If … drink make sure … 

with friends and not alone. You will … have … driver … You should never 

drive…

INSTRUCTION & INPUT: What is the legal drinking age, specifically in the 

context of the United States, and how does it compare to other countries?

OUTPUT: In the United States, the legal drinking age is 21 ……by federal 

law. …… established by the National Minimum Drinking Age Act. Compared 

to other countries, … Many countries in Europe … drinking age of 16 or 18 … 

In some countries like Australia and Canada … age is 18. However … laws … 

significantly across different countries …

Example of Alpaca

Example of Dolly
Raw 

Refined

Figure 4: Case study on Alpaca and Dolly. The color
meanings are explained in the main text.

ponent, which further supports the effectiveness of
the feedback-driven iterative refinement strategy.

Case study. To demonstrate the significant im-
provement in data quality, we compare the samples
before and after optimization, as illustrated in Fig-
ure 4. The optimized data shows enhancements in
five key dimensions: completing missing key in-
formation in the instruction (orange), clearly defin-
ing output constraints (purple), adding necessary
reasoning steps to the output (yellow), correcting
errors in the answers or conclusions (blue), and
aligning the output with all key points in the in-
struction (green). In Case 1 (Alpaca data), the
optimized instruction completes the missing key
phrase “at least one head”, ensuring clarity, while
the output adds reasoning and corrects the original
error. In Case 2 (Dolly data), the instruction is clar-
ified by adding the constraint “United States”, and
the output is enriched with a comparison to other
countries, ensuring full alignment with the instruc-
tion. Overall, our optimization method effectively
enhances data quality across multiple dimensions.

6 Conclusion

In this paper, we propose an automated framework
for instruction data optimization. The framework
distinguishes high-quality and low-quality instruc-
tion samples based on multi-dimensional analy-
sis, and refines low-quality data using a feedback-
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driven iterative process and output alignment. Ex-
perimental results on the Alpaca and Dolly datasets
demonstrate that our framework outperforms cur-
rent SoTA methods, achieving significant perfor-
mance improvements with high data efficiency.

Limitations

Instruction data optimization is an offline task, and
computational efficiency is also an important con-
sideration. Although our framework improves data
quality and model performance, it has limitations
in computational efficiency. The iterative refine-
ment process incurs higher computational costs and
longer processing times, particularly when deal-
ing with large datasets, as compared to a single-
pass revision approach. In future work, we aim to
optimize this process through parallel processing
and more efficient algorithms to reduce costs while
maintaining data quality.
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study are publicly available, and their sources are
clearly acknowledged in the paper. Therefore, this
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A Prompt of the IQD Module

The core prompt used for the powerful LLM of
IQD is shown below:

The Prompt Template For Sample Differen-
tiation and Quality Labeling

You are a data selection expert. Given an
instruction, input and the corresponding output,
perform the following tasks:

1. Differentiation: Determine whether the
instruction sample contains explicit reasoning
steps or latent logical inference (such as
inference, comparison, or multi-step logic).
This includes abstract thinking, causality, or
analogies.

• If it does not, output:
- RESPONSE: No.
and stop.

2. Labeling: If applicable, assign an initial
quality label based on the following five
dimensions:

• Correctness: ...
• Completeness: ...
• Clarity: ...
• Instruction Consistency: ...
• Logical Reasoning: ...

Assign a binary score:

• High label: It is correct, clear, mostly
complete, and shows in-depth reasoning ...
• Low label: It is generally valid but weaker
in one or more aspects (e.g., shallow reasoning,
missing detail, unclear expression) ...

Consider whether the reasoning is explicit and
step-by-step to help with model learning.

# Output Format (strictly follow):
- RESPONSE:
- Determination: <Yes or No>
- Quality label: <High or Low>

# Now given:
- Instruction: {}
- Input: {}
- Output: {}

B Quality Evaluation Dimensions

In the selection module, the selection expert assigns
an initial quality label to each sample based on
five predefined dimensions. These dimensions are
designed to evaluate the multifaceted quality of
instruction-output pairs, ensuring that only high-
quality samples contribute to the model’s reasoning
ability. The specific definitions for each dimension
are listed in Table 6.

C Instruction-Following Evaluation

To assess the generality of our framework, we fur-
ther evaluate the optimized datasets on two down-
stream instruction-following benchmarks: IFE-
val (Zhou et al., 2023b) and AlpacaEval (Li et al.,
2023). As shown in Table 7, the optimized data con-
sistently improves all instruction-following metrics
on both Alpaca and Dolly. In particular, On IFEval,

Terms Definition

Correctness Whether the content is accurate and
grounded in reliable facts and data.

Completeness Whether the content covers all necessary in-
formation, key points, and relevant details.

Clarity Whether the expression is clear, concise, and
free from ambiguity or redundancy.

Instruction
Consistency

Whether the instruction specifies clear goals
and constraints, and whether the output fully
and accurately satisfies them.

Logical
Reasoning

Whether the instruction requires a specific
logical structure, and whether the output
presents a coherent, sufficient, and reason-
able reasoning process.

Table 6: Definitions of the five dimensions for data
quality evaluation

the model improves by 13.30% (Strict) and 13.31%
(Loose) on Alpaca, and by 18.85% (Strict) and
17.38% (Loose) on Dolly, while AlpacaEval im-
proves by 4.25% and 3.22%, respectively. These re-
sults suggest that our framework enhances not only
reasoning performance but also general instruction-
following ability.

D Impact of Cluster Number and Data
Partition Ratio

Within the Instruction Quality Differentiation
(IQD) module, we introduce two pivotal hyperpa-
rameters: the number of semantic cluster centers
(C) and the retention ratio of high-quality samples
(K). Specifically, C controls the granularity of se-
mantic partitioning, while K determines the strict-
ness of high-quality sample retention. To identify
suitable configurations for these parameters, we
conduct a series of sensitivity experiments, with
the results summarized in Table 8. For the hyper-
parameter of C, we systematically explored values
ranging from 50 to 200. In particular, we include
a dedicated setting at C = 132, motivated by the
commonly adopted heuristic C ≈

√
n/2 (where

n denotes the total number of samples) frequently
cited in relevant literature. Meanwhile, we pro-
gressively adjust the retention ratio by varying the
Top-K proportion from 20% to 90%. From the
experimental results, we make the following ob-
servations: 1) Model performance first improves
and then deteriorates as C increases, peaking pre-
cisely at the heuristic value of C = 132 (Avg
61.02%). This trend indicates that an excessively
small C results in coarse clustering that conflates
distinct task types, whereas an overly large C leads
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Dataset Data Size IFEval (Strict) IFEval (Loose) AlpacaEval

Alpaca 52k 58.60 60.63 22.36
Alpaca_ours 35k 71.90 (+13.30) 73.94 (+13.31) 26.61 (+4.25)

Dolly 15k 48.06 50.46 18.76
Dolly_ours 12k 66.91 (+18.85) 67.84 (+17.38) 21.98 (+3.22)

Table 7: Instruction-following evaluation before and after optimization.

Figure 5: Perplexity distributions before and after data
refinement. The upper plot shows results for Alpaca,
and the lower for Dolly. Each plot includes five pairs
of violins (blue: Raw, orange: Refined), with each pair
representing the PPLs of a dataset before and after re-
finement on one backbone model.

to fragmented clusters that undermine the model’s
cross-topic generalization capabilities. 2) Similarly,
performance varies non-monotonically with the re-
tention ratio K, reaching its zenith at K = 80%.
This indicates that a restrictive K value leads to
the inadvertent exclusion of valuable high-quality
samples, while a permissive K value introduces
noise by lowering the filtering threshold, thereby
compromising optimization precision.

E Statistical Analysis of Datasets Pre- and
Post-Optimization

To examine the intrinsic properties of data refined
by our frameword, we perform a statistical analy-
sis along three dimensions: perplexity (PPL), se-
quence length and semantic diversity, as shown in
Figure 5, Figure 6 and Table 9.

Perplexity Analysis. We compute perplexity
scores for datasets before and after rectification
using multiple base language models, including
Mistral-7B, Llama3.1-8B, and the Qwen2.5 series.

Figure 6: Statistics of text length in the data. The top-
left panel shows the average text length of low-quality
samples before and after refinement, while the top-right
panel presents their overall length distributions. The
bottom panels depict the length distributions of the in-
struction & input fields (bottom left) and the output field
(bottom right). Solid lines indicate the raw data, and
dashed lines indicate the refined versions.

As illustrated in Figure 5, the rectified data consis-
tently exhibits lower PPL values across all evalu-
ated architectures, accompanied by a more compact
and concentrated distribution. The simultaneous
reduction in both the mean and dispersion of PPL
indicates that our framework effectively mitigates
noisy or anomalous samples, thereby enhancing
the overall data quality.

Length Analysis. We further analyze the
changes in sequence length statistics before and
after refinement. As illustrated in Figure 6, the
average sequence length increases substantially
after refinement (e.g., from 395 to 2249 on the
Alpaca dataset). This transformation strongly
demonstrates that our framework effectively en-
hances textual richness, by enriching previously
information-sparse samples with essential contex-
tual background and finer-grained logical structure,
thereby ensuring a more comprehensive semantic

40682



Hyperparameter Understanding Math & Code Reasoning Avg.
C-Eval ARC HumanEval GPQA GSM8K TriviaQA Winogrande

Proportion of High-Quality Data

C = 50 52.53 85.51 42.08 28.94 66.26 67.03 62.27 57.80
C = 80 52.00 85.99 45.12 25.33 71.27 66.51 59.75 58.00
C = 110 51.26 85.96 47.56 23.74 77.03 66.82 63.06 59.35
C = 132 52.67 86.33 49.39 27.68 76.95 71.09 63.06 61.02
C = 140 51.78 86.11 46.95 20.13 70.74 66.51 63.06 57.90
C = 170 54.61 86.02 42.78 26.44 77.85 66.80 63.14 59.66
C = 200 53.42 85.97 41.46 22.14 75.66 67.09 62.83 58.37

Cluster Center Threshold

K = 20 51.93 86.73 43.90 26.01 76.72 67.26 61.40 59.14
K = 40 54.09 86.33 41.46 24.83 79.53 66.53 60.22 59.00
K = 60 52.08 86.36 40.85 24.66 79.98 66.44 62.43 58.97
K = 80 52.67 86.33 49.39 27.68 76.95 71.09 63.06 61.02
K = 90 52.82 85.15 45.12 25.25 73.09 67.42 61.80 58.66

Table 8: Sensitivity analysis of the two hyperparameters, cluster number (C) and data partition ratio (K)%

Dataset Data Size APCS (%) ∆ APCS Total Variance ∆ Variance

Alpaca 52k 58.53 – 2499.37 –
Alpaca (Optimized) 35k 56.78 -1.75 2671.23 +171.86

Dolly 15k 46.42 – 3245.61 –
Dolly (Optimized) 12k 45.57 -0.85 3343.09 +97.48

Table 9: Diversity statistics before and after optimization. Lower APCS indicates lower sample similarity, while
higher total variance reflects broader semantic coverage.

representation.
Diversity Analysis. We examine the diversity

of the refined data to ensure that the iterative pro-
cess does not lead to a loss of linguistic diversity.
On the Alpaca and Dolly datasets, we compute
two diversity metrics before and after optimization:
APCS (Average Pairwise Cosine Similarity (Etha-
yarajh, 2019) and Total Variance (Trace of Co-
variance) (Mu et al., 2017). Lower APCS indi-
cates a more dispersed sample distribution, while
higher Total Variance reflects broader coverage of
the semantic space. The results are summarized
in Table 9. After optimization, APCS decreases
by 1.75% and 0.85% on Alpaca and Dolly, respec-
tively, while Total Variance increases by 171.86 and
97.48. Overall, the optimized data exhibit lower
mutual similarity and broader semantic coverage,
indicating that the iterative refinement process does
not induce a collapse in linguistic diversity and
instead improves semantic diversity.

F Resource Consumption Analysis

To provide a comprehensive evaluation of the com-
putational efficiency of our framework, we conduct
a detailed analysis of the models employed, compu-

tational requirements, and actual wall-clock time
for each module. These statistics are collected
using the Alpaca dataset (52k samples) in an exper-
imental environment equipped with three NVIDIA
A100 GPUs. The results are summarized in Ta-
ble 10, from which we draw two primary conclu-
sions:

High offline processing efficiency. The total
processing time for the entire dataset is approxi-
mately two hours. This indicates that our frame-
work achieves high efficiency in offline data pro-
cessing, enabling the cleaning and optimization of
large-scale datasets with minimal time overhead,
thereby demonstrating strong engineering practi-
cality.

Manageable computational overhead. Most
modules incur short execution times and negligible
computational costs. The Feedback-driven Itera-
tive Refinement (FIR) module is the most time-
consuming component, as it involves a closed-loop
process of multi-round text generation and expert
evaluation. Nevertheless, given the substantial qual-
ity improvements it delivers, this additional com-
putational cost is both justified and well controlled.

We provide a more detailed cost-benefit analysis
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Method Component Model Hardware Requirements Time

IQD Module
Initial Quality Labeling Llama3.1-70B 2 x A100 GPUs <10mins

Cluster- & Difficulty-Aware Scoring Llama3.1-8B 1 x A100 GPU <20mins

FIR Module
Expert evaluation Llama3.1-8B & Llama3.1-70B 3 x A100 GPUs <20mins

Instruction & Input Refinement Llama3.1-70B 2 x A100 GPUs (Iter 3 times)
<60mins

Expert Review Llama3.1-8B & Llama3.1-70B 3 x A100 GPUs (Iter 3 times)

OA Module Output Refinement Llama3.1-70B 2 x A100 GPUs <25mins

Ours Complete Pipeline Llama3.1-8B & Llama3.1-70B 3 x A100 GPUs 135mins

Table 10: Resource consumption for each module within our framework.

Iteration Number Time Cost Accuracy Improvement Improvement per Minute

T = 1 ∼95 mins 5.48% 0.0577%
T = 2 ∼120 mins 5.56% 0.0463%
T = 3 ∼135 mins 6.69% 0.0496%
T = 4 ∼147 mins 4.35% 0.0296%
T = 5 ∼160 mins 3.60% 0.0225%

Table 11: Cost-benefit analysis under different iteration numbers on Alpaca.

on the Alpaca dataset. Using the average accuracy
improvement across seven downstream tasks (rel-
ative to the raw dataset) as the benefit metric, the
results are summarized in Table 11. The results
show that T = 1 yields the highest gain per unit
time. For T = 2 ∼ 3, the return per unit time
remains relatively high, while it drops substantially
when T ≥ 4. A similar trend is observed on the
Dolly dataset, where the optimal range is also con-
centrated at T ≤ 3, typically 2 ∼ 3 iterations.
We therefore recommend T = 2 ∼ 3 as a robust
empirical range for different datasets.
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