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Introduction
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Motivation: A relatively small high-quality dataset has been shown to 
be sufficient to align LLMs well[1-3]. How to systematically curate an 
effective dataset that ensures competitive performance with the 
least amount of data?

The authors explore various methods to quantitatively assess data 
examples from three key dimensions: complexity, quality, and 
diversity. They present DEITA (Data-Efficient Instruction Tuning for 
Alignment), a series of models fine-tuned from LLaMA and Mistral 
models using data samples automatically selected with the proposed 
approach.
Empirically, DEITA performs better or on par with the SOTA open-
source alignment models with only 6K training data samples.
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Overview
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Drawing inspiration from WizardLM[1], the authors measure data from 3 dimensions: complexity, quality, and diversity. 
For Evol Complexity and Evol Quality, they first collect samples with varying complexities or qualities through 
adopting an evolution-based approach, then ask ChatGPT (refering to gpt-3.5-turbo-0613) to rank and score the 
variants of the same data sample for a small seed dataset, and train the complexity and quality scorers.
In the last step, they use the cosine distance as the diversity metric to select the “good” data samples.

1. Xu, Can, et al. "Wizardlm: Empowering large language models to follow complex instructions." arXiv preprint arXiv:2304.12244 (2023).



Setup
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Given a large instruction tuning data pool, � = {�1, �2, ⋯, ��}, where �� represents an individual data sample in the 
form of an instruction-response pair. We aim to select a subset ��

(�) of size � from �, using a selection strategy 
denoted by �. And we denote the alignment performance after instruction-tuning as Q, the optimal data selection 
strategy �∗ satisfies:

• ����� is constructed by the training datasets of the state-
of-the-art aligned LLMs. This represents the setting where 
a data pool that is relatively complex, diverse, and of high-
quality is available.

• ����� is overall lower-quality and redundant.

The authors fine-tune LLaMA-1 13B on the sampled dataset 
with size of 6K, and perform controlled studies on a single 
metric to evaluate data at a time. MT-Bench is utilized to 
evaluate alignment performance.



From The Complexity Perspective – Evol Complexity
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1. Use 2K examples randomly sampled from the Alpaca as the seed dataset.
2. Use the In-Depth Evolving Prompt from WizardLM to enhance the complexity through techniques 

such as adding constraints, deepening, concretizing and increasing reasoning steps.
3. Use the scores to train a LLaMA-1 7B model as the complexity scorer.
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From The Complexity Perspective – Evol Complexity

EVOL COMPLEXITY achieves superior performance on both datasets, 
indicating strong robustness across different dataset pools.



From The Quality Perspective – Evol Quality
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Same as the Evol Complexity.
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From The Quality Perspective – Evol Quality

The proposed EVOL QUALITY approach consistently exhibits superior alignment performance.



From The Diversity Perspective – An Embedding-based Approach
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Repr Filter: Filter data by calculating the embedding distance (cosine distance) 
between sample �� and samples in the selected dataset � to enhance dataset diversity. 

1. Sort the data pool by complexity and quality scores.

2. Use the LLaMA-1 13B model to encode sentences and compute cosine distance �.

3. Set the threshold � = 0.9. If � < �, add the sample to set �.

4. Filter samples one by one until � reaches the budget �.



Deita– Data Efficient Instruction Tuning For Alignment
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Results
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For DPO training, the authors randomly 
sample 10K comparison data pairs used in 
Zephyr that is originally obtained from 
the UltraFeedback dataset.



Results
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