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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. (Hübotter 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 θ0, batch size B, desired dataset size M
Ensure: Selected dataset S

1: Initialize S ← ∅
2: for each round t = 1 to M

B do
3: Randomly select dataset U from D
4: St = ϕ
5: for each example x in U \ S do
6: Compute gradient embedding gx = ∂lCE

∂V , 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

10: y = pick the centroid of the cluster
11: St ← St ∪ {y}
12: end for
13: S ← S ∪ St

14: Finetune the model θt on St

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 TÜLU 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
better representation of edge cases or rare patterns.

Figure 2: PCA

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
Fig ( 3), we can see that our method selects diverse examples.

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

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

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.1

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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Jonas Hübotter, Sascha Bongni, Ido Hakimi, and Andreas Krause. Efficiently learning at test-time:
Active fine-tuning of llms, 2025. URL https://arxiv.org/abs/2410.08020.

Hamish Ivison, Yizhong Wang, Valentina Pyatkin, Nathan Lambert, Matthew Peters, Pradeep Dasigi,
Joel Jang, David Wadden, Noah A. Smith, Iz Beltagy, and Hannaneh Hajishirzi. Camels in a
changing climate: Enhancing lm adaptation with tulu 2, 2023. URL https://arxiv.org/
abs/2311.10702.

Hamish Ivison, Muru Zhang, Faeze Brahman, Pang Wei Koh, and Pradeep Dasigi. Large-scale data
selection for instruction tuning, 2025. URL https://arxiv.org/abs/2503.01807.

Chankyu Lee, Rajarshi Roy, Mengyao Xu, Jonathan Raiman, Mohammad Shoeybi, Bryan Catanzaro,
and Wei Ping. Nv-embed: Improved techniques for training llms as generalist embedding models,
2025. URL https://arxiv.org/abs/2405.17428.

Ming Li, Yong Zhang, Zhitao Li, Jiuhai Chen, Lichang Chen, Ning Cheng, Jianzong Wang, Tianyi
Zhou, and Jing Xiao. From quantity to quality: Boosting LLM performance with self-guided
data selection for instruction tuning. In Kevin Duh, Helena Gomez, and Steven Bethard (eds.),
Proceedings of the 2024 Conference of the North American Chapter of the Association for Compu-
tational Linguistics: Human Language Technologies (Volume 1: Long Papers), pp. 7602–7635,
Mexico City, Mexico, June 2024. Association for Computational Linguistics. doi: 10.18653/v1/
2024.naacl-long.421. URL https://aclanthology.org/2024.naacl-long.421/.

Shayne Longpre, Le Hou, Tu Vu, Albert Webson, Hyung Won Chung, Yi Tay, Denny Zhou, Quoc V.
Le, Barret Zoph, Jason Wei, and Adam Roberts. The flan collection: Designing data and methods
for effective instruction tuning, 2023. URL https://arxiv.org/abs/2301.13688.

Baolin Peng, Chunyuan Li, Pengcheng He, Michel Galley, and Jianfeng Gao. Instruction tuning with
gpt-4, 2023. URL https://arxiv.org/abs/2304.03277.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang. SQuAD: 100,000+ questions
for machine comprehension of text. In Jian Su, Kevin Duh, and Xavier Carreras (eds.), Proceedings
of the 2016 Conference on Empirical Methods in Natural Language Processing, pp. 2383–2392,
Austin, Texas, November 2016. Association for Computational Linguistics. doi: 10.18653/v1/
D16-1264. URL https://aclanthology.org/D16-1264/.

9

https://arxiv.org/abs/2407.21783
https://arxiv.org/abs/2009.03300
https://arxiv.org/abs/2009.03300
https://ojs.aaai.org/index.php/AAAI/article/view/9597
https://ojs.aaai.org/index.php/AAAI/article/view/9597
https://proceedings.neurips.cc/paper_files/paper/2010/file/5487315b1286f907165907aa8fc96619-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2010/file/5487315b1286f907165907aa8fc96619-Paper.pdf
https://arxiv.org/abs/2410.08020
https://arxiv.org/abs/2311.10702
https://arxiv.org/abs/2311.10702
https://arxiv.org/abs/2503.01807
https://arxiv.org/abs/2405.17428
https://aclanthology.org/2024.naacl-long.421/
https://arxiv.org/abs/2301.13688
https://arxiv.org/abs/2304.03277
https://aclanthology.org/D16-1264/


486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

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

Ozan Sener and Silvio Savarese. Active learning for convolutional neural networks: A core-set
approach. In International Conference on Learning Representations, 2018. URL https://
openreview.net/forum?id=H1aIuk-RW.

Burr Settles. From theories to queries: Active learning in practice. In Isabelle Guyon, Gavin
Cawley, Gideon Dror, Vincent Lemaire, and Alexander Statnikov (eds.), Active Learning and
Experimental Design workshop In conjunction with AISTATS 2010, volume 16 of Proceedings
of Machine Learning Research, pp. 1–18, Sardinia, Italy, 16 May 2011. PMLR. URL https:
//proceedings.mlr.press/v16/settles11a.html.

Mirac Suzgun, Nathan Scales, Nathanael Schärli, Sebastian Gehrmann, Yi Tay, Hyung Won Chung,
Aakanksha Chowdhery, Quoc V. Le, Ed H. Chi, Denny Zhou, and Jason Wei. Challenging big-
bench tasks and whether chain-of-thought can solve them, 2022. URL https://arxiv.org/
abs/2210.09261.

Jiachen T. Wang, Si Chen, and Ruoxi Jia. One-round active learning through data utility learning
and proxy models. Transactions on Machine Learning Research, 2023. ISSN 2835-8856. URL
https://openreview.net/forum?id=8HQCOMRa7g.

Yizhong Wang, Swaroop Mishra, Pegah Alipoormolabashi, Yeganeh Kordi, Amirreza Mirzaei,
Atharva Naik, Arjun Ashok, Arut Selvan Dhanasekaran, Anjana Arunkumar, David Stap, Eshaan
Pathak, Giannis Karamanolakis, Haizhi Lai, Ishan Purohit, Ishani Mondal, Jacob Anderson,
Kirby Kuznia, Krima Doshi, Kuntal Kumar Pal, Maitreya Patel, Mehrad Moradshahi, Mihir
Parmar, Mirali Purohit, Neeraj Varshney, Phani Rohitha Kaza, Pulkit Verma, Ravsehaj Singh Puri,
Rushang Karia, Savan Doshi, Shailaja Keyur Sampat, Siddhartha Mishra, Sujan Reddy A, Sumanta
Patro, Tanay Dixit, and Xudong Shen. Super-NaturalInstructions: Generalization via declarative
instructions on 1600+ NLP tasks. In Yoav Goldberg, Zornitsa Kozareva, and Yue Zhang (eds.),
Proceedings of the 2022 Conference on Empirical Methods in Natural Language Processing, pp.
5085–5109, Abu Dhabi, United Arab Emirates, December 2022. Association for Computational
Linguistics. doi: 10.18653/v1/2022.emnlp-main.340. URL https://aclanthology.org/
2022.emnlp-main.340/.

Jason Wei, Maarten Bosma, Vincent Y. Zhao, Kelvin Guu, Adams Wei Yu, Brian Lester, Nan
Du, Andrew M. Dai, and Quoc V. Le. Finetuned language models are zero-shot learners. In
The Tenth International Conference on Learning Representations, ICLR 2022, Virtual Event,
April 25-29, 2022. OpenReview.net, 2022. URL https://openreview.net/forum?id=
gEZrGCozdqR.

Mengzhou Xia, Sadhika Malladi, Suchin Gururangan, Sanjeev Arora, and Danqi Chen. Less:
Selecting influential data for targeted instruction tuning, 2024. URL https://arxiv.org/
abs/2402.04333.

Minjie Xu and Gary Kazantsev. Understanding goal-oriented active learning via influence functions,
2019. URL https://arxiv.org/abs/1905.13183.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen, Shuohui Chen, Christopher
Dewan, Mona T. Diab, Xian Li, Xi Victoria Lin, Todor Mihaylov, Myle Ott, Sam Shleifer, Kurt
Shuster, Daniel Simig, Punit Singh Koura, Anjali Sridhar, Tianlu Wang, and Luke Zettlemoyer.
Opt: Open pre-trained transformer language models. ArXiv, abs/2205.01068, 2022. URL https:
//api.semanticscholar.org/CorpusID:248496292.

Haizhong Zheng, Rui Liu, Fan Lai, and Atul Prakash. Coverage-centric coreset selection for high
pruning rates, 2023. URL https://arxiv.org/abs/2210.15809.

Chunting Zhou, Pengfei Liu, Puxin Xu, Srini Iyer, Jiao Sun, Yuning Mao, Xuezhe Ma, Avia Efrat,
Ping Yu, LILI YU, Susan Zhang, Gargi Ghosh, Mike Lewis, Luke Zettlemoyer, and Omer Levy.
LIMA: Less is more for alignment. In Thirty-seventh Conference on Neural Information Processing
Systems, 2023. URL https://openreview.net/forum?id=KBMOKmX2he.

Alan Zhu, Parth Asawa, Jared Quincy Davis, Lingjiao Chen, Boris Hanin, Ion Stoica, Joseph E.
Gonzalez, and Matei Zaharia. Bare: Leveraging base language models for few-shot synthetic data
generation, 2025. URL https://arxiv.org/abs/2502.01697.

10

https://openreview.net/forum?id=H1aIuk-RW
https://openreview.net/forum?id=H1aIuk-RW
https://proceedings.mlr.press/v16/settles11a.html
https://proceedings.mlr.press/v16/settles11a.html
https://arxiv.org/abs/2210.09261
https://arxiv.org/abs/2210.09261
https://openreview.net/forum?id=8HQCOMRa7g
https://aclanthology.org/2022.emnlp-main.340/
https://aclanthology.org/2022.emnlp-main.340/
https://openreview.net/forum?id=gEZrGCozdqR
https://openreview.net/forum?id=gEZrGCozdqR
https://arxiv.org/abs/2402.04333
https://arxiv.org/abs/2402.04333
https://arxiv.org/abs/1905.13183
https://api.semanticscholar.org/CorpusID:248496292
https://api.semanticscholar.org/CorpusID:248496292
https://arxiv.org/abs/2210.15809
https://openreview.net/forum?id=KBMOKmX2he
https://arxiv.org/abs/2502.01697


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

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

A APPENDIX

11


	Introduction
	Related Work
	Problem Statement
	Methodology
	Experimental Setup
	Data Pool
	Training
	Evaluation

	Results
	Diversity

	Discussion
	Conclusion
	Appendix

