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Abstract

The effectiveness of instruction fine-tuning
for Large Language Models is fundamentally
constrained by the quality and efficiency of
training datasets. This work introduces Low-
Confidence Gold (LCG), a novel filtering
framework that employs centroid-based cluster-
ing and confidence-guided selection for iden-
tifying valuable instruction pairs. Through a
semi-supervised approach using a lightweight
classifier trained on representative samples,
LCG curates high-quality subsets while pre-
serving data diversity. Experimental evaluation
demonstrates that models fine-tuned on LCG-
filtered subsets of 6K samples achieve supe-
rior performance compared to existing methods,
with substantial improvements on MT-bench
and consistent gains across comprehensive eval-
uation metrics. The framework’s efficacy while
maintaining model performance establishes a
promising direction for efficient instruction tun-
ing.

1 Introduction

Large Language Models (LLMs) have been trained
to follow instructions by specific supervised re-
sponse data after pre-training stage. Many instruc-
tion finetuning (IFT) (Taori et al., 2023) datasets
emerge to realize various downstream tasks, for
example: mathematic calculation, sentence anal-
ysis, haiku writing and etc, aiming to strengthen
the ability of LLMs in instruction following. To
save vast human costs for data annotation, most
of studies introduce other teacher LLMs (e.g.
text-davinci-@03 (Brown et al., 2020)) to align
the best instructions with corresponding responses.

However, IFT datasets (e.g. Alpaca_52k (Taori
et al., 2023), magpie (Xu et al., 2024)) suffer from
misleading content and poor quality, resulting in
the bottleneck of post-training performance, even
though teacher models replenish the missing parts
of context and instruction pairs. This highlights the
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Figure 1: We target to select complex and quality sam-
ples confidence ranking for benefiting LLM training.

need for effective data filtering methods that iden-
tify high-quality instruction subsets while reducing
fine-tuning time and computational costs.

Alpagasus (Chen et al., 2024) proposed a
model-based approach that introduces proprietary
LLMs to score data quality in multiple facets, re-
placing human annotation by taking advantage of
the automated pipeline. However, this leads to
datasets that are likely biased by the preference for
redundant and limited responses (Panickssery et al.,
2024), which potentially deteriorates the diversity
of the original data. Ge et al., 2024 emphasizes
the necessity of diversity and therefore proposed
clustering and ranking to select subsets of data.
Further, Superfiltering (Li et al., 2024) gains more
insights in small open-source LLLM that scores the
instruction following ability of Alpaca_52k. Al-
though the instruction score provides an efficient
and simple criterion for data selection, it does not
consistently correlate with both the quality and di-
versity of data. Consequently, improvements in
performance may not always be guaranteed.

To address these challenges, we propose a novel
data filtering framework, Low-Confidence Gold
(LCG) for efficient instruction tuning that signif-
icantly reduces computational costs while main-



taining model performance. Our approach, shown
in 1, innovatively seeks to identify high-value in-
struction data through classification tasks. Specifi-
cally, we develop a lightweight classification model
trained on centroid subsets that effectively catego-
rizes instruction-response pairs, and leverage low-
confidence predictions to curate challenging exam-
ples most beneficial for instruction tuning. Another
perspective is that, since the common instruction
tuning data are lack of annotations and labels, we
adopt the manner of semi-supervised learning, to
construct pseudo-labels as our training groundtruth,
as well as getting inspired quality data from afford-
able yet effective models.

Through extensive experiments on the
Alpaca_52K dataset, we demonstrate that our
filtered subsets achieve comparable or better
performance when fine-tuning various open-source
language models, while requiring only a fraction
of the original data. Our main contributions are
threefold:

1. A novel and efficient data filtering paradigm
for instruction tuning that combines nearest
neighbor classification with confidence-based
selection.

2. We train a small classifier model that enables
selection for the whole set of instruction fine-
tuning data.

3. Experiments and evaluations are conducted
that demonstrate the outstanding effectiveness
of our filtered datasets working on multiple
open-source LLMs. We reach states-of-the-
arts performance in MT-Bench and Hugging-
Face OpenLLLM Leaderboard benchmarks.

2 Preliminaries

2.1 K-means Clustering

Given the Alpaca_52k dataset D = {(z;,y:)}Y,
where N = 52,000, we first cluster instructions
into K semantic groups using K-means. Let
é(x;) € R? denote the embedding vector of in-
struction ;. The clustering objective minimizes:

K
min > Y flé@) —ml® D
{Ck}kzl k=1xz;€C}
where p, = ﬁ > uiec, P(xi) is the centroid
of cluster C. This partitions D into K disjoint
subsets {C1, ..., Ck } based on instruction similar-

1ty.

2.2 Problem Setting

Our filtering framework, LCG aims to select a sub-
set Drijered € D that satisfies:

K
Diiltered = U {(xjvyj) € Ck ‘ ‘F(xj’yj) < Tk}

k=1

2
where F : D — [0, 1] is a discriminative con-
fidence scorer and 7, is an adaptive threshold for
cluster C}. The scorer F evaluates how "hard" a
sample is to be trivially categorized, with higher
values indicating the simplicity of data which is
easily determined and differentiated. The training
efficiency therefore increases since only a small

subset of instructions are curated.

3 Methodology

3.1 Motivation

Instruction filtering demands a dual-focus mech-
anism that intrinsically balances data quality
and diversity. Traditional supervised methods
face inherent scalability limitations as manual an-
notation becomes prohibitively expensive for large-
scale instruction datasets (Liu et al., 2022; Longpre
et al., 2023; Liu et al., 2023). Meanwhile, it is
difficult to identify suitable and challenging data
for LLMs training without introducing proprietary
LLMs or labors. Our semi-supervised framework
addresses these limitations through pseudo-label
refinement and early-stopped confidence detection,
creating dynamic selection boundaries aligned with
language model learning dynamics.
Cluster-centric pseudo-labeling addresses
data distribution challenges in instruction tun-
ing. Traditional sampling methods often struggle
to balance between common and rare instruction
patterns, leading to either over-representation of
frequent cases or loss of valuable rare examples.
We create semantic clustering anchors that natu-
rally preserve the diversity of instruction patterns.
By sampling 3% of data points nearest to cluster
centroids, we ensure each semantic category con-
tributes meaningful examples while maintaining
the inherent data distribution characteristics.
Early-stopped classifier training induces un-
certainty to identify high-quality samples. Lim-
iting the classifier to 3 epochs creates deliberate
underfitting - the model develops basic pattern
recognition without over-specializing to pseudo-
labels. When applied to non-centroid samples, this
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Figure 2: The overall pipeline of Low-Confidence Gold. We split our pipeline into two main steps: 1) Clustering to
get pseudo-labels and centroid data to collect the initial diversity of data. 2) We feed annotated data into a tiny yet
effective classifier to rank the confidences for the rest of the distant data to implement subset selection.

partially-trained classifier’s low-confidence predic-
tions signal instructions containing non-trivial se-
mantic constructs. These samples challenge the
classifier’s emerging decision boundaries precisely
because they contain valuable complexity that lan-
guage models should master, not avoid.

3.2 Centroid Coreset Selection for
Pseudo-labels

In the initial step of our approach, we select a core-
set from the whole corpus to identify pseudo-labels
by the K-means algorithm, which effectively de-
termine each semantic clusters. Given a dataset
of instruction pairs D = {(x;,yi)}\,, we first
encode each instruction x; into a dense vector rep-
resentation using MiniLM (Wang et al., 2022):

h; = AvgPool(MiniLM(x;)) € R3%*  (3)

This geometric progression ensures proportional
coverage of both frequent and rare instruction pat-
terns. Cluster centroids {c; }2?:1 are computed via:

1 ~
C; = |C|Zh

x;€C;

4

where C; denotes the set of samples assigned to
cluster 5. Centroid-proximal samples are selected
as high-confidence candidates:

Deore = {Xz’”flz - Cj(i)||2 < 7} 4)

where -y is the 90th percentile distance within each
cluster.

3.3 Low-Confidence Gold: Calibrating with
Low-confidence samples to select data

After determining pseudo-labels based on clusters,
those annotations can be served for classification
training. Specifically, we train a multi-class classi-
fier on the core samples D qre. The model architec-
ture consists of:

fg (X) = SoftmaX(Wg . GELU(W1 h; + b1) + bg)

(6)

where W, € R384x768 W, ¢ R768 are learn-

able parameters, and GELU denotes the Gaussian

Error Linear Unit activation. The model optimizes
cross-entropy loss:

k

B X 2l =d)

(xi,y:) 7=1
-log pg(y = j|x:)

L(O) =
(6) .

Training terminates at epoch 7" = 3 since we aim
to keep the model in an early-stopped stage so that
they would not overfit to the centroid subset data.
After training, we rank the confidence distribution
calculated from softmax function and select the top
K most uncertain data in each cluster.

4 Experiments

In this section, we utilize LCG to filter
Alpaca_52k dataset into 6k and evaluate the sub-
set by fine-tuning in 2 open-source LLMs: 1)
Mistral-7b-v@.3 (Jiang et al., 2023) and 2)



Model ‘ MT-bench ‘ Huggingface Open LLM Leaderboard Scores (%)
| Score | Hellaswag MMLU GSM8k ARC Avg
First Group - Base Model
Mistral-7b-v0.3 | 3639 | 60.94 5896  36.62 48.81 51.33
First Group - Methods
Alpaca-52k 4.018 61.18 57.73 31.61  53.07 50.90
SuperFiltering-10% 3.963 60.98 59.34 3571  49.83 5147
Random-6k 4.314 60.83 58.75 35.03 53.07 51.92
Perplexity-6k 4.352 61.64 58.48 37.00 51.88 52.25
Kmeans-6k 4.283 60.86 58.45 35.10 52.05 51.62
LIMA-6k 4.440 60.58 59.34 37.31  51.11 52.09
LCG-MultinomialNB-6k (Ours) 5.086 62.00 59.51 40.51 5290 53.73
LCG-DistilBERT-6k (Ours) 4.894 61.99 59.51 40.33 5222 5351
LCG-DistilBERT-1k (Ours) 4.869 61.94 59.24 3829 51.62 52.77
Second Group - Base Model
LLaMa3-8b \ 3.418 60.17 62.13 5042  50.26 49.98
Second Group - Methods
Alpaca-52k 3.718 60.57 61.36 46.10 5241 55.74
SuperFiltering-10% 3.968 60.38 61.95 50.34 51.54 55.36
Random-6k 3.912 60.83 58.75 35.03 53.07 51.92
Perplexity-6k 4.120 61.14 61.09 50.87 53.50 56.65
Kmeans-6k 3.731 60.86 58.45 3510 53.07 51.87
LIMA-6k 4.450 60.58 62.13 50.34  51.11 55.82
LCG-DistilBERT-6k (Ours) 4.963 61.43 62.67 54.28 54.78 58.29
LCG-DistilBERT-1k (Ours) 4.776 60.95 62.26 5292 5282 5723

Table 1: Performance comparison on standard benchmarks. Results in bold indicate best performance within each
group, while underlined values represent second-best performance within each group. The table is divided into two
groups, each with its base model and various fine-tuning methods.

LLaMa3-8b (Dubey et al., 2024). Additionally,
we adopt two different classifiers as our semi-
supervised training model to examine difficult sam-
ples. Both results demonstrate the effectiveness of
our method, as shown in Tab. 1.

Settings. Two classifiers are Multinomial Naive
Bayes (Pedregosa et al., 2011) and DistilBERT
(Sanh et al., 2019) respectively. We set the training
learning rate as le-5 and also 3 epochs to train as
mentioned before. After training is finished, we
select curated datasets by confidences < 0.7 to fine-
tune open-source LLMs by LoRA (Hu et al., 2022)
with a learning rate of 2e-5 and 3 epochs.

Our proposed Low-confidence Gold (LCG)
method consistently outperforms existing instruc-
tion data filtering approaches across multiple base
models and evaluation benchmarks. When applied
to Mistral-7b, LCG with MultinomialNB achieves
the highest MT-bench score of 5.086, surpassing
the previous best (LIMA-6k (Zhao et al., 2024)) by
14.5%. Similarly, LCG with DistilBERT demon-

strates superior performance on LLaMA3-8b, im-
proving the MT-bench score by 11.5% over LIMA-
6k. Notably, our method maintains strong perfor-
mance even with only 1k examples, highlighting its
effectiveness in identifying high-quality instruction
data. The consistent improvements across diverse
metrics (Hellaswag (Zellers et al., 2019), MMLU
(Hendrycks et al., 2021), GSM8k (Cobbe et al.,
2021), and ARC (Clark et al., 2018)) further vali-
date the robustness of our approach.

5 Conclusion

In this paper, we proposed Low-Confidence Gold
(LCG), a novel data filtering framework that com-
bines cluster-centric pseudo-labeling with early-
stopped classifier training for efficient instruction
tuning. Through extensive experiments, we demon-
strated the strong performance across multiple
benchmarks and base models, validating the effec-
tiveness of our semi-supervised learning paradigm
in maintaining both data quality and diversity for



instruction tuning.

6 Limitation

Our work introduces a semi-supervised training
paradigm to curate a subset of data for instruc-
tion tuning based on confidence score. However,
there still exist several challenges: 1) Even though
classifiers are tiny and spend low computational
resources to train, it still takes time and effort to
initially select data with annotated pseudo-labels.
2) It is likely to be hindered by the original biases
and tasks of the dataset, which might still cause
inefficiency after selection.

References

Tom Brown, Benjamin Mann, Nick Ryder, and Subbiah
et al. 2020. Language models are few-shot learn-
ers. In Advances in Neural Information Processing
Systems, volume 33, pages 1877-1901.

Lichang Chen, Shiyang Li, Jun Yan, Hai Wang, Kalpa
Gunaratna, Vikas Yadav, Zheng Tang, Vijay Srini-
vasan, Tianyi Zhou, Heng Huang, and Hongxia Jin.
2024. Alpagasus: Training a better alpaca with fewer
data. In The Twelfth International Conference on
Learning Representations.

Peter Clark, Isaac Cowhey, Oren Etzioni, Tushar Khot,
Ashish Sabharwal, Carissa Schoenick, and Oyvind
Tafjord. 2018. Think you have solved question
answering? try arc, the ai2 reasoning challenge.
Preprint, arXiv:1803.05457.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian,
Jacob Hilton, Reiichiro Nakano, Christopher Hesse,
and John Schulman. 2021. Training verifiers to solve
math word problems. Preprint, arXiv:2110.14168.

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela
Fan, et al. 2024. The llama 3 herd of models. arXiv
preprint arXiv:2407.21783.

Yixuan Ge, Yang Liu, Chi Hu, Weijie Meng, Shengx-
uan Tao, Xiaopu Zhao, Haoran Ma, Liang Zhang,
Boxing Chen, Hongfei Yang, Bei Li, Tong Xiao,
and Jingbo Zhu. 2024. Clustering and ranking:
Diversity-preserved instruction selection through
expert-aligned quality estimation. In Proceedings
of the 2024 Conference on Empirical Methods in
Natural Language Processing, pages 464—478. As-
sociation for Computational Linguistics.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou,
Mantas Mazeika, Dawn Song, and Jacob Steinhardt.
2021. Measuring massive multitask language under-
standing. In International Conference on Learning

Representations.

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan
Allen-Zhu, Yuanzhi Li, Shean Wang, and Weizhu
Chen. 2022. Lora: Low-rank adaptation of large
language models. In International Conference on
Learning Representations.

Albert Q. Jiang, Alexandre Sablayrolles, Arthur
Mensch, Charlie Bamford, Devendra Singh Chap-
lot, Diego De Las Casas, Florian Bressand, Gi-
anna Lengyel, Guillaume Lample, Lucile Saulnier,
Leo Raymond Lavaud, Marie-Anne Lachaux, Pierre
Stock, Teven Le Scao, Thomas Lavril, Tao Wang,
Thibaut Lacroix, and Wissam EI Sayed. 2023. Mis-
tral 7b. arXiv preprint arXiv:2310.06825.

Ming Li, Yong Zhang, Shwai He, Zhitao Li, Hongyu
Zhao, Jianzong Wang, Ning Cheng, and Tianyi
Zhou. 2024. Superfiltering: Weak-to-strong data
filtering for fast instruction-tuning. In Proceedings
of the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long
Papers), pages 14255-14273, Bangkok, Thailand.
Association for Computational Linguistics.

Jiachang Liu, Dinghan Shen, Yizhe Zhang, Bill Dolan,
Lawrence Carin, and Weizhu Chen. 2022. What
makes good in-context examples for GPT-3?7 In
Proceedings of Deep Learning Inside Out (DeeL.IO
2022): The 3rd Workshop on Knowledge Extraction
and Integration for Deep Learning Architectures,
pages 100-114.

Wenxuan Liu, Weiwen Zeng, Kaiyan He, Yijun Jiang,
and Jun He. 2023. What makes good data for
alignment? a comprehensive study of automatic
data selection in instruction tuning. arXiv preprint
arXiv:2312.15685.

Shayne Longpre, Le Hou, Tu Vu, Albert Webson,
Hyung Won Chung, Yi Tay, Denny Zhou, Quoc V
Le, Barret Zoph, Jason Wei, et al. 2023. The flan col-
lection: Designing data and methods for effective in-
struction tuning. arXiv preprint arXiv:2301.13688.

Athul Panickssery, Samuel R. Bowman, and Shangmin
Feng. 2024. Llm evaluators recognize and favor their
own generations. arXiv preprint arXiv:2404.13076.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel,
B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer,
R. Weiss, V. Dubourg, J. Vanderplas, A. Passos,
D. Cournapeau, M. Brucher, M. Perrot, and E. Duch-
esnay. 2011. Scikit-learn: Machine learning in
Python. Journal of Machine Learning Research,
12:2825-2830.

Victor Sanh, Lysandre Debut, Julien Chaumond, and
Thomas Wolf. 2019. Distilbert, a distilled version
of bert: smaller, faster, cheaper and lighter. arXiv
preprint arXiv:1910.01108.

Rohan Taori, Ishaan Gulrajani, Tianyi Zhang, Yann
Dubois, Xuechen Li, Carlos Guestrin, Percy Liang,
and Tatsunori B. Hashimoto. 2023. Stanford alpaca:
An instruction-following llama model. https://
github.com/tatsu-1lab/stanford_alpaca.


https://openreview.net/forum?id=FdVXgSJhvz
https://openreview.net/forum?id=FdVXgSJhvz
https://openreview.net/forum?id=FdVXgSJhvz
https://arxiv.org/abs/1803.05457
https://arxiv.org/abs/1803.05457
https://arxiv.org/abs/1803.05457
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://arxiv.org/abs/2110.14168
https://openreview.net/forum?id=d7KBjmI3GmQ
https://openreview.net/forum?id=d7KBjmI3GmQ
https://openreview.net/forum?id=d7KBjmI3GmQ
https://aclanthology.org/2024.acl-long.769
https://aclanthology.org/2024.acl-long.769
https://aclanthology.org/2024.acl-long.769
https://arxiv.org/abs/2404.13076
https://arxiv.org/abs/2404.13076
https://arxiv.org/abs/2404.13076
https://github.com/tatsu-lab/stanford_alpaca
https://github.com/tatsu-lab/stanford_alpaca
https://github.com/tatsu-lab/stanford_alpaca

Wenhui Wang, Li Dong, Hao Cheng, Furu Wei,
and Ming Zhou. 2022. Minilmv2: Multi-task
pre-training for multi-task all-purpose text repre-
sentations. In Findings of the Association for
Computational Linguistics: ACL 2022, pages 2907—
2918.

Zhiqging Xu, Fanjia Jiang, Lu Niu, Yiming Deng, Radha
Poovendran, Yejin Choi, and Bill Yuchen Lin. 2024.
Magpie: Alignment data synthesis from scratch
by prompting aligned LLMs with nothing. arXiv
preprint arXiv:2406.08464.

Rowan Zellers, Ari Holtzman, Yonatan Bisk, Ali
Farhadi, and Yejin Choi. 2019. HellaSwag: Can a
machine really finish your sentence? In Proceedings
of the 57th Annual Meeting of the Association for
Computational Linguistics, pages 4791-4800, Flo-
rence, Italy. Association for Computational Linguis-
tics.

Hao Zhao, Maksym Andriushchenko, Francesco Croce,
and Nicolas Flammarion. 2024. Long is more for
alignment: A simple but tough-to-beat baseline for in-
struction fine-tuning. In International Conference on
Machine Learning, Proceedings of Machine Learn-
ing Research. PMLR.

A Extended Analysis of Semi-Supervised
Model Configurations

Al

The confidence distribution patterns of our Multi-
nomialNB baseline, as visualized in Fig. 3, re-
veal fundamentally different characteristics com-
pared to deep learning architectures. The histogram
demonstrates remarkable uniformity across confi-
dence intervals (0.0-1.0 with 0.1 increments), show-
ing no significant concentration in specific confi-
dence ranges. This equilibrium phenomenon stems
from the model’s inherent probabilistic nature and
linear decision boundaries, which produce well-
calibrated confidence estimates despite its simplic-

ity.

MultinomialNB Implementation

A.2 DistilBERT comparative experiment on
learning rate

Our DistilBERT implementation employed a sys-
tematic exploration of learning rate hyperparame-
ters le-4, le-5, 1e-6 within the following experi-
mental framework:

1. Architecture: DistilBERT-base-uncased (66M
parameters) with custom classification head.

2. Optimization: Adam optimizer.

3. Training regime: 3-epoch constraint to pre-
vent overfitting in low-data scenarios.

4. Data alignment: Identical train/test splits
(stratified sampling) as MultinomialNB for
direct comparability.

The empirical results (shown in Fig. 4) demon-
strate non-monotonic performance relationships
with learning rate scaling. Peak accuracy (62%)
emerged at le-5, while extreme values at both ends
(le-4: 36%, le-6: 28%) showed substantial per-
formance degradation. This U-shaped accuracy
curve suggests the existence of optimal learning
rate basins in semi-supervised BERT fine-tuning.

The model exhibited distinct confidence distri-
bution characteristics at the 1e-6 learning rate, with
predictions predominantly clustered in the low-
confidence range (0-0.2). However, as revealed
in Figure 2, comparative analysis across learning
rates demonstrated minimal performance variation,
showing only marginal improvements that corre-
lated with accuracy increments.
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Figure 3: The data distribution of MultinomialNB across different confidence intervals.
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Figure 4: The data distribution of DistilBERT across different confidence intervals under various learning rates.
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