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ABSTRACT

Selecting high-quality training data can substantially reduce the computational
cost of instruction-tuning language models, as carefully curated datasets often
yield models that outperform those trained on much larger, noisier corpora. Most
existing automated data selection methods for instruction tuning, however, operate
in a single step and remain static throughout training. Inspired by ideas from
active learning, we study iterative data selection for instruction tuning, where the
training subset is updated over multiple iterations. To mitigate the computational
overhead typically associated with large language models, we further show that
a significantly smaller model can be used to guide data selection at negligible
cost while remaining competitive on downstream tasks. Through a case study on
LLaMA 3 8B (Grattafiori et al., 2024) , we demonstrate that our adaptive selection
algorithm consistently matches or outperforms random selection across a diverse
suite of downstream benchmarks, while using fewer training examples.

1 INTRODUCTION

The standard pipeline for enhancing reasoning in LLMs involves an initial phase of instruction fine-
tuning followed by reinforcement learning. Instruction fine-tuning is critical for instilling interpretable
and readable reasoning chains and ensuring that the model adheres to a consistent rollout templates.
This step can greatly benefit from a minimal set of high-quality data (Zhou et al., 2023). Instruction
fine-tuning of large language models (LLMs) typically involves selecting hundreds of thousands of
examples from much larger pools containing millions of samples. Recently, (Ivison et al., 2025)
have shown that almost all the data selection methods underperform random selection when applied
at scale and across diverse instruction data pools.

To address these gaps, data selection algorithm for instruction fine-tuning must meet several critical
requirements:

* Effectiveness at Scale: Selection methods must consistently outperform random baselines
on large and heterogeneous data pools.

* Diversity-Aware Selection: The selected subset should maintain the task and instruction
diversity to avoid overfitting to narrow instruction types or styles.

In this work, we aim to create an Active-Learning based data selection method which works at
scale. We construct an adaptive algorithm which takes into account the uncertainty (via gradient
embedding) of the model and also encourages diversity for data selection. We carry out data selection
at scale which is typical for large instruction-tuned models. We carry out experiments across 6 diverse
downstream tasks. Our evaluation shows that our algorithm performs competitively to random while
selecting diverse data instances. In addition to that, we show that a separate, less computationally
intensive proxy model in place of the much larger and more accurate target model can be used for
data selection.

2 RELATED WORK

Data Selection for Instruction Tuning Instruction tuning has been shown to improve the perfor-
mance of LLMs on various downstream tasks (Wei et al., 2022; Chung et al., 2022; Wang et al.,
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2022; Longpre et al., 2023). However, collecting high-quality instruction data is expensive and
time-consuming. To address this challenge, several studies have explored data selection methods for
instruction tuning.

(Zhou et al., 2023) shows that fine-tuning on only 1000 high-quality manual instructions is enough for
good instruction following capabilities. But their approach requires human experts to filter examples
from extensive datasets, which is both time-consuming and expensive.

(Cao et al., 2024) looks at statistical properties of text like length, perplexity, naturalness, etc of
(prompt, output) pair to select data. (Chen et al., 2024; Peng et al., 2023) use proprietary language
models to select high quality data which is expensive. (Li et al., 2024) train a model on initial data
and then use the trained model to filter out high quality data. The static nature of training do not take
into account the evolving learning dynamics of the model and may led to suboptimal data selection.
(Xia et al., 2024) calculate influence score of each data point using low-rank gradients. However,
influence functions implicitly assume that the influence of data adds linearly which does not hold
true. (Hiibotter et al., 2025; Xu & Kazantsev, 2019)

Deep Active Learning Active learning methods have focused on iteratively annotating informative
instances from an unlabeled pool for efficient training. Active learning methods typically use measures
of uncertainty (Settles, 2011; Gal et al., 2017) , diversity (Sener & Savarese, 2018; Geifman &
El-Yaniv, 2017; Zheng et al., 2023), or some hybrid of both (Hsu & Lin, 2015; Huang et al., 2010;
Ash et al., 2020) in order to determine a set of useful samples to annotate. (Bhatt et al., 2024;
Arabelly et al., 2025) frame label-efficienct SFT as one shot active learning problem. However, the
data pool considered in their experiments is 90K is much lesser than is typical of general instruction
tuning datasets.

3 PROBLEM STATEMENT

Previous work in data selection typically performs selection prior to fine-tuning, without adapting to
the model’s evolving state. Inspired by active learning—where data is labeled in rounds based on the
model’s current performance—we pose the following high-level research question:

RQ1: Can we adaptively select high-quality data from a large pool by leveraging the model’s current
capabilities during training?

RQ2: Given the diversity of instruction-tuning datasets, can we ensure that the selected data are
sufficiently diverse?

4 METHODOLOGY

We formulate our algorithm based on (Ash et al., 2020).

Require: Data pool D, initial pretrained base model 6y, batch size B, desired dataset size M
Ensure: Selected dataset .S
1: Initialize S < ()
2: for eachround ¢t =1 to % do
3:  Randomly select dataset U from D
St = ¢
for each example  in U \ S do
Compute gradient embedding g, = aéﬁ,E , where V refers to the value vector of transformer
block of the last layer of the last token
7:  end for
8:  Cluster the gradient embeddings using k-means into k clusters(1k)
9:  for each cluster do

AN AN

10: y = pick the centroid of the cluster
11: St — St U {y}
12: end for

13: S+ SUS;
14:  Finetune the model 6; on S;
15: U+U \ St
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16: end for
17: return S

We present our algorithm in ( 4). It consists of three main steps:

Initialization step We randomly select U instances from our data pool D. We utilize random
selection because it is a strong baseline.

Uncertainty estimation We employ the gradient as a proxy for uncertainty, computing the gradient
of the loss with respect to the value vectors in the final layer. As each data instance comprises a
sequence of tokens, we consider the average of the gradients of all the tokens in the sequence.

Clustering To ensure diversity among the selected samples, we first perform clustering of the
gradient embeddings and subsequently select, from each cluster, the data instance closest to the
centroid of the cluster.

Proxy model for Gradient Embedding For current large language models, computing gradient
vectors is computationally intensive due to high dimensionality. To address this challenge, we
leverage the observed transferability of data utility from smaller models to larger ones. We propose
to calculate smaller proxy model for gradient representation. Such transferability has been exploited
in previous works like active learning (Wang et al., 2023), hyperparameter learning (Bordelon et al.,
2023)

5 EXPERIMENTAL SETUP

5.1 DATA PooL

We test our method using TULU 2 unfiltered (Ivison et al., 2023) which comprises of millions of
samples ( 6M)with diverse data sources.

5.2 TRAINING

We run our training for 10 iterations. We fix our data budget to be 10K. In each iteration, we fine-tune
our proxy as well as target model for two epochs using a batch size of 1,128 gradient accumulation
steps. We use OPT-125M (Zhang et al., 2022) as our reference model and pre-trained Llama-3 (8B)
(Grattafiori et al., 2024) as our target model. We use a learning rate of 2e-5, applying a linear warmup
over the first 3% of training steps, followed by a linear cooldown for the remainder of the training.

5.3 EVALUATION
We evaluate on MMLU (Hendrycks et al., 2021), GSM8k (Cobbe et al., 2021), BBH (Suzgun
et al., 2022), TydiQA (Clark et al., 2020), HumanEval Codex (Chen et al., 2021) pass@1 and Squad

(Rajpurkar et al., 2016). Our baseline method is random selection, where we select the first batch
size(1K) number of examples for fine-tuning the target model.

6 RESULTS

We select 1K examples in each iteration, train our target model and store the checkpoint after every
iteration. We evaluate the model at each checkpoint for each dataset separately. We report the results
in Fig ( 1).

6.1 DIVERSITY

To understand how well our method encourages diversity, we perform two types of analysis.
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Figure 1: Evaluation of model performance on each task at the end of every training iteration

PCA We perform pca on the entire data pool ( 6M instances) and project data selected by our
method as well as random baseline after each iteration. We show one of the PCA plots after iteration 0
2. Based on the PCA projection, we can see that both methods demonstrate reasonable data coverage
and diversity. However, our method appears to be marginally more exploratory, potentially offering
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better representation of edge cases or rare patterns.

PC2

Average neural similarity score Following (Zhu et al., 2025), we generate embeddings and
compute similarity scores using cosine similarity. We use (Lee et al., 2025) to generate embeddings.
We calculate pairwise cosine similarity between embeddings of selected data instances and analyze
the resulting similarity distribution. A lower average similarity suggests greater dataset diversity. In
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Fig ( 3), we can see that our method selects diverse examples.




Under review as a paper at DATA-FM workshop @ ICLR 2026

Pairwise Embedding Similarities: Active vs Random In Iteration: 0

_ [ Random Baseline
- 3 Our method
0.08 —

0.06 —

Frequency

et
o
&

| I

0.02 ~

0.00 =, ¥ ? T T
0.0 0.2 0.4 0.6 0.8 10

Embedding Cosine Similarity

Figure 3: Histogram of pairwise embedding cosine similarity scores between selected points for
iteration 0

7 DISCUSSION

To characterize how well the proxy model can be used to select data for the target model, we want to
evaluate the "functional alignment” between proxy and target models. To operationalize this, we look
at the distribution of pairwise distances among data instance embeddings.

At each fine-tuning iteration, we compute embeddings for a shared set of instances using both the
proxy and target models, before and after fine-tuning. This process yields four embedding sets: (i)
From the proxy model before fine-tuning, (ii) From the proxy model after fine-tuning, (iii) From the
target model before fine-tuning, and (iv) From the target model after fine-tuning. For each set, we
compute all unique pairwise distances (e.g., Euclidean or cosine), resulting in four corresponding
distance distributions. We then compare these distributions using Earth Mover’s Distance (EMD).
These comparisons yield scalar values that reflect the similarity in relational structure between the
models across iterations. In Fig (4) and ( 5), we plot the histogram for iteration 0 and the last iteration.
As we can the EMD reduces after fine-tuning in iteration 0 and it further reduces in the last iteration.'

8 CONCLUSION

In this work, we explored the effectiveness of an active learning-based data selection approach when
selecting from pools containing nearly 6 million data points. We found that selecting just 10,000
examples can perform competitively compared to a random baseline. Additionally, we observed that
smaller models can be effective for data selection as well. There are several promising directions for
future work.
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