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BACKGROUND & MOTIVATION

 Large language models (LLMs)

Transformer LLMs Tree



BACKGROUND & MOTIVATION

 Application of LLMs

Dataset generators

• Data augmentation (e.g., annotation,

augment samples)

• Generate datasets from scratch

𝒟𝒟: LLM-generated dataset

𝑇𝑇: generation task

𝒟𝒟𝑠𝑠𝑠𝑠𝑠𝑠: supplementary materials to facilitate data 

augmentation

 LLM as dataset generators



BACKGROUND & MOTIVATION

 Quality (Diversity) of synthetic datasets

• Data diversity [1]: the richness and variety of data.

[1] Beyond scale: the diversity coefficient as a data quality metric demonstrates llms are pre-trained on formally diverse data.
[2] Large language model as attributed training data generator: A tale of diversity and bias (Neurips 2023)

• Recent studies [2] suggest a lack of diversity within the dataset may lead to performance degradation in 

some scenarios.
Diversity evaluation:

Given an LLM-generated dataset , represents a collection of diversity-sensitive components:

Model collapse

 Synthetic datasets and its evaluation

With the rise of synthetic data and its impact on next-

gen models, its evaluation is often neglected.



 Previous Works (ML&NLP)

BACKGROUND & MOTIVATION

• N-gram-based method

• Reference-based method

Core Idea: Introduce a reference distribution

to evaluate diversity.

Distance

RefEval

Reference set

Evaluated set
Drawback: Over-reliance on reference 

distribution

N-gram: a sequence of n adjacent symbols in particular order.

Drawback: Focus on the form difference



 Previous Works (ML&NLP)

BACKGROUND & MOTIVATION

• Transformation-based method

Embedder

sample
representations

Pairwise
similarityCluster

or eigenvalues 
computation+

Text
Representation

Diversity
Summarization

Core Idea: leverage well-designed models to generate

representations and then summarize diversity through clustering

or eigenvalue computation.

Drawback: high computational costs in diversity summarization.

Transformation-based

method also includes the

entropy-based method, e.g.,

Vendi Score [1].

[1] The Vendi Score: A Diversity Evaluation Metric for Machine Learning, TMLR 2023.



Diversity evaluation is a holistic analysis

task, considering each sample.

 Challenges

BACKGROUND & MOTIVATION

 Technical Insight

A principled diversity evaluation method

should satisfy some intuitive axioms.

Our method treats the diversity evaluation as a sample classification task, considering

mutual relationships among samples.

Holistic Analysis Axiomatic Requirements

Lower Computational Costs
With growing synthetic datasets, a lower-cost diversity evaluation method is needed.



 Overview

METHOD: DCScore

Our method: DCScore

• Core idea: regard the holistic diversity evaluation as the classification task at the

sample level.



 Details of DCScore

METHOD: DCScore

Evaluate

① Text Representation ② Pairwise Similarity

Classification:

③ Diversity Summarization

Evaluate



 Properties of DCScore

METHOD: DCScore

• Effective number

Diversity should be defined as the effective number of samples in a dataset, ranging from 1 to n.

• Monotonicity

The diversity of a dataset decreases as the similarity between its samples increases.

• Identical samples

Identical samples never increases diversity:

• Symmetry

Diversity remains constant regardless of the order of the samples:



 Complexity Analysis

METHOD: DCScore

Table: Complexity analysis of DCScore and VendiScore

• DCScore has lower computational complexity with non-linear kernels.

• When using the inner product kernel with n ≫ d, VendiScore's calculation simplifies but yields only

marginal time savings.



 Experimental Settings

EXPERIMENTS & DICUSSIONS

Evaluation Metrics: Spearman’s ρ

Baselines: Distinct-n, K-means Inertia, VendiScore.

Datasets
• Self-generated datasets

• Existing generated datasets

Experiments
• Correlation evaluation

• Computational costs

How to verify the effectiveness of DCScore?

The correlation between these diversity scores and the

corresponding diversity pseudo-truth for each dataset.



 Correlation with generation temperature 𝝉𝝉𝒈𝒈

EXPERIMENTS & DICUSSIONS

Table: Correlation (Spearman’s ρ) with 𝛕𝛕𝐠𝐠 Observation:

• DCScore outperforms all baseline

methods in most cases.

• DCScore exhibits a strong correlation

with the diversity pseudo-truth.

 Correlation with human judgment / LLM evaluation
Table: Correlation (Spearman’s ρ) with human judgment Table: Correlation (Spearman’s ρ) with GPT-4 evaluation

Observation:

• DCScore presents strong correlations with human judgement / LLM evaluation.



EXPERIMENTS & DICUSSIONS

 Computational cost

Observation:

DCScore offers significantly lower

time complexity than VendiScore

while sacrificing little in diversity

evaluation performance.
Figure: Computation times on small datasets

Table: Computation times on a large dataset (Yelp)Observation:

For nonlinear kernels, DCScore

shows substantial computation time

advantages, while slightly

underperforming VendiScore with

linear kernels (Inner product).



CONCLUSION

 We investigate the diversity evaluation of synthetic datasets, a topic systematically
under-explored in existing research.

 We present DCScore, a diversity evaluation method from a classification perspective.

 We provide theoretical guarantees demonstrating that DCScore meets the axiom
requirements (Leinster & Cobbold, 2012) for a principled diversity evaluation method.

 DCScore exhibits a better correlation with diversity pseudo-truths. DCScore exhibits
significantly lower computational cost compared to transformation-based counterparts.



Thanks !

zhuych27@mail2.sysu.edu.cn

https://github.com/bluewhalelab/dcscore
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