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1 Introduction

Diversity has been gaining increasing attention in
NLP in recent years (Figure 1). It has become
an advocated property of datasets and systems in
various NLP tasks and end-user applications, and
many measures are used to quantify it. Neverthe-
less, there have been very few attempts to take a
step back and understand the conceptualization of
diversity in NLP and the motivations behind its en-
dorsement. When such attempts were made, they
were limited to particular areas (Tevet and Berant,
2021; Yang et al., 2025; Zhang et al., 2025) and di-
versity aspects (Lion-Bouton et al., 2022; Ploeger
et al., 2024). Overall, NLP belongs to the “fields
[. . . ] where diversity is prominent in discussion,
but remains undefined or analytically neglected”
(Stirling, 2007, p. 707). The objective of this sur-
vey is to pave the way toward addressing these
shortcomings by taking inspiration from studies
outside of NLP where diversity has been systemat-
ically analyzed (Sarkar, 2010; Stirling, 1994). Our
contributions are twofold: an NLP-specific frame-
work for conceptualizing diversity quantification
and recommendations for further conceptualiza-
tion of diversity in the field.

This abstract summarizes our paper under re-
view, also published as a pre-print (Estève et al.,
2026).

2 Diversity in NLP: Four perspectives

We downloaded all papers from the ACL Anthol-
ogy (2019-01-01 to 2024-07-26) that include “di-
verse” or “diversity” in their title. Our prelim-
inary review of the 269 papers revealed several
recurring issues in how diversity is conceptualized
and measured. These observations motivated a
more systematic investigation of the 188 papers in
which diversity is formally quantified. Our anal-
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Figure 1: ACL Anthology papers from 1990 to 2024
with “diversity” or “diverse” in their title or abstract.

ysis builds upon Stirling’s (2007) unified cross-
disciplinary framework for characterizing diver-
sity, which views diversity as a property of a sys-
tem whose elements can be apportioned into cate-
gories and which distinguishes three dimensions
of diversity: variety, balance, and disparity. Our
NLP-specific framework for conceptualizing diver-
sity quantification is organized around four per-
spectives: why, what, where, and how. Seven re-
searchers participated in the annotation of these
papers. To ensure annotation quality, adjudication
was conducted for challenging cases.

2.1 Why diversity is important in NLP

A large majority of papers in our corpus endorse
diversity but do not justify this stand. Following
Sarkar (2010), we uncover the normative assump-
tions behind the search for diversity. We find ethi-
cal normative assumptions, which focus on equal-
ity and inclusiveness (Joshi et al., 2020; Khanuja
et al., 2023; Liu et al., 2024), protection of users,
(Song et al., 2024; Yang et al., 2024), educational
quality (Hadifar et al., 2023). and methodological
rigor (Chen et al., 2023; Pradhan et al., 2022).

We also find practical normative assumptions
e.g. meeting user expectations (Park et al., 2023),
user engagement, (Akasaki and Kaji, 2019; Kim
et al., 2023), improving performance in parsing
(Liu and Zeldes, 2023), question answering (Yadav



et al., 2024), semantic role labeling (Tripodi et al.,
2021), solving math problems (Shen et al., 2022),
natural language generation (Zhang et al., 2021;
Thompson and Post, 2020; Palumbo et al., 2020).

2.2 What objects are measured for diversity

The papers in our corpus address a wide range of
“diversities” across NLP areas. In-text categories
are associated with linguistic properties that are
implicitly assumed to be inherent to a text. They
are addressed and quantified in 119 papers in our
dataset (e.g. Guo et al. (2024); Gao et al. (2019);
Tevet and Berant (2021); Han et al. (2022)). Meta-
linguistic categories relate to the classifications
of texts within datasets. We found them in 51
papers. Multilingual datasets are often evaluated
based on the languages they contain (e.g. Pouran
Ben Veyseh et al. (2022); Sarti et al. (2022)). A
third type of categories, addressed in 24 papers, are
associated with the processes applied to the data.
Thus, processing categories, such as annotations,
annotators and training models, are external to the
text itself (e.g. Weerasooriya et al. (2023); Parrish
et al. (2024); Creanga and Dinu (2024); Greco et al.
(2022); Kobayashi et al. (2022)).

2.3 Where diversity is measured

The where perspective addresses the NLP subfield
that the paper targets and the pipeline stage where
diversity is quantified. For the subfields, we used
the main NLP areas defined in ARR.1 The most
frequent ARR areas are Machine Learning for NLP
(31 papers), Generation (27), and Resources and
Evaluation (27), followed by Dialogue & Interac-
tive Systems (19) and NLP Applications (16). For
the pipeline stages, Figure 2 shows the different
stages of a standard machine learning pipeline in
which we found diversity quantification. Output
data is by far the most frequent stage (86 papers),
followed by Data collection (37), while Annotation
and Evaluation are rarely concerned with diver-
sity quantification. The imbalance between ARR
areas is not independent from the imbalance of
the pipeline stage that diversity is quantified in.
Some prototypical scenarii emerge, one notable is
Generation being associated with quantification of
diversity in the Output stage.

1https://aclrollingreview.org/cfp. The ARR area the paper
was submitted to was unavailable, but we used the one in the
title if present and our best guess if not.
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Figure 2: High-level stages in standard machine learn-
ing pipelines (rectangles for processes, ellipses for
states), with numbers of papers quantifying diversity.
Papers with two-stage quantification indicated with *.

2.4 How diversity is measured

Looking at all 188 papers quantifying diversity,
we found more than 100 different names of di-
versity measures. Most are used in a handful of
papers, making straightforward comparisons hard.
Applying Stirling’s (1994) framework, around 40
measures can be mapped onto the three dimensions
of variety, balance, and disparity: richness (77 pa-
pers) and average pairwise distances (52 papers)
are by far the most frequently used, while pure
balance measures are rare (3 papers).

A further 35 measures cannot be cast into Stir-
ling’s framework. These include type-token ratios,
which are not monotonic to the number of cat-
egories (43 papers); relative overlaps (9 papers);
relative distributions, which quantify relative rather
than absolute diversity (8 papers); and human judg-
ment, which does not rely on the element/category
dichotomy (12 papers). Some of these measures
are likely to measure something other than diver-
sity (at least in its cross-disciplinary understand-
ing).

3 Discussion and recommendations

The state of NLP with respect to diversity quan-
tification, in light of our survey, is characterized
by a proliferation of measures and a lack of con-
ceptual consensus – what Hurlbert (1971) called
a nonconcept in the context of ecology. Yet some
patterns emerge: our analysis reveals two prototyp-
ical scenarios. The first concerns corpus creation
papers, which, motivated by ethical normative as-
sumptions, quantify the meta-linguistic diversity
of collected data using richness measures. The sec-
ond concerns generation papers, which, motivated
by user expectations, measure the in-text diversity
of system outputs using Type-token ratio (TTR) or
pairwise distance measures. Bringing order to this
diversity of practices calls for a shared framework.

https://aclrollingreview.org/cfp


A few efforts, like Tevet and Berant (2021); Lion-
Bouton et al. (2022); Yang et al. (2025); Zhang
et al. (2025); Guo et al. (2025) and ours, take first
steps towards comparability of different measures.

As a concrete step forward, we suggest that new
papers addressing diversity quantification position
themselves on the why, what, where and how per-
spectives, as defined in this survey, and consider
answering the following questions: (i) Is diversity
increase endorsed in your paper and if so, what are
the motivating normative assumptions behind this
stand? (ii) What are the categories and elements on
which diversity is measured? (iii) At which stage
of the processing pipeline do you quantify diver-
sity? (iv) What diversity measure did you select?
What is its relation to other existing measures, and
to variety, balance and disparity? (v) If balance
is concerned, how to characterize the distribution
of the elements into categories? (vi) If disparity
is concerned, what is the underlying distance mea-
sure and the distance aggregation method? (vii)
What are your reasons for choosing this particular
measure and why is it a diversity measure (and not
a performance measure for instance)?
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