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Abstract

Despite growing interest in measuring linguis-
tic diversity on the one hand and the increasing
availability of cross-linguistically comparable
parsed corpora on the other, tools for system-
atically measuring the diversity of specific lin-
guistic phenomena on such data remain limited.
To address this gap, we present DELTA, an
open-source framework that integrates depen-
dency tree querying with diversity computa-
tion, enabling systematic measurement across
multiple linguistic levels (e.g., lexis, morphol-
ogy, syntax) and multiple diversity dimensions
(variety, balance, disparity). The pipeline pro-
cesses CoNLL-U formatted corpora through
configurable workflows, treating the format as
a general-purpose tabular structure independent
of specific annotation conventions. We validate
DELTA on Parallel Universal Dependencies
multilingual dataset, demonstrating its capacity
for corpus profiling and cross-corpus diversity
comparison.

1 Introduction

Natural Language Processing (NLP) has seen in-
creasing interest in the concept of diversity in re-
cent years. The year-wise share of papers in ACL
Anthology containing “diversity” or “diverse” in
their title or abstract has risen from less than 1% in
the 2000s to over 10% in 2024 (Esteve et al., 2025).
Archetypical examples include research on gener-
ative models with concerns for diverse output, or
dataset creation efforts prioritizing diverse content.

This growing interest reflects the variety of moti-
vations, metrics, and target phenomena associated
with diversity. Esteve et al. (2025) identify two
axes describing the motivations behind diversity:
goal versus means, and practical versus ethical.
For instance, ethical motivations include improved
deontology (Song et al., 2024) and inclusiveness
(Joshi et al., 2020), while practical motivations
include meeting user expectations (Kumar et al.,
2019) and improving model performance (Liu and
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Zeldes, 2023). The survey identifies 150 different
equations for measuring diversity, and the target
phenomena span multiple linguistic levels: lexis
(Kosmajac and Keselj, 2019), morphology (Samir
and Silfverberg, 2023), syntax (Guo et al., 2024),
and semantics (Jolly et al., 2021).

In recent years, there has been growing interest
in measuring diversity specifically on dependency-
parsed corpora. The widespread adoption of Uni-
versal Dependencies (de Marneffe et al., 2021) —
now covering hundreds of languages with consis-
tent annotation (Zeman et al., 2025) — has made
parsed data readily available for cross-linguistic
analysis. Parsed corpora enable investigation of di-
versity across multiple linguistic levels—from lexis
and morphology to syntactic and semantic patterns
—opening possibilities for studying linguistic univer-
sals (Gerdes et al., 2021), typological differences
(Levshina, 2019), and the impact of diversity on
NLP systems (Savary et al., 2024).

However, while tools exist for querying parsed
corpora and for computing diversity metrics, these
capabilities have typically remained separate. Re-
searchers must manually combine pattern extrac-
tion with statistical analysis, export intermediate
results, and write custom code to bridge the two
stages. This fragmented workflow hinders repro-
ducibility, limits cross-study comparability, and
presents barriers for researchers without program-
ming expertise. What remains absent is an inte-
grated framework enabling multi-level and multi-
dimensional diversity measurement directly from
dependency-parsed corpora, supporting compara-
tive analysis across languages and datasets.

To bridge this gap, we present DELTA, a uni-
fied pipeline for measuring linguistic diversity in
dependency-parsed corpora. DELTA integrates
tree extraction and diversity computation, enabling
multi-level and multi-dimensional diversity analy-
sis across languages. In doing so, our main contri-
butions are:
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1. An integrated pipeline from annotated in-
put to diversity scores, combining dependency
graph querying with diversity metric computa-
tion on CoNLL-U formatted data, eliminating
the need for manual data transformation be-
tween tools.

2. A flexible framework that enables multi-level
and multi-dimensional measurement across
linguistic levels (lexis, morphology, syntax)
and diversity dimensions (variety, balance, dis-
parity), with support for customizable queries
and metrics, and adaptable to alternative anno-
tation schemes beyond Universal Dependen-
cies.

. Scalable infrastructure with SLURM-based
parallelization for large-scale analyses, along
with pre-defined configurations for common
diversity measurement tasks and plotting sup-
port.

We present the pipeline in the remainder of this
paper and demonstrate it by measuring lexical, mor-
phological and syntactic diversity across Parallel
Universal Dependencies (PUD) treebanks (Zeman
etal., 2017).

2 Related work

Numerous tools support structured exploration
of dependency-parsed corpora, including online
services such as Grew-match (Guillaume, 2021),
PML-TQ (Stépanek and Pajas, 2010), and INESS
(Rosén et al., 2012), lightweight libraries such as
pyconll! and conllu® for programmatic access,
and STARK (Krsnik and Dobrovoljc, 2025) for
quantitative subtree extraction. Separately, various
libraries implement diversity indices from ecology
and information theory, including the diverse R
package (Guevara et al., 2016), scikit-bio (Ride-
out et al., 2025), and DiversUtils>. However, these
querying and computation capabilities remain dis-
connected, requiring manual export and custom
code to bridge the two stages.

Tools such as DistalLs (Goot et al., 2025), Lang-
Dive (Samardzic et al., 2024), and TypDiv (Ploeger
et al., 2024) quantify diversity at the level of lan-
guage samples—using typological databases and,
in some cases, text-derived features — but focus

"https://pyconll.github.io/
2https://pypi.org/project/conllu/
3https://github.com/estevelouis/WG4
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on comparing languages or multilingual datasets
rather than profiling specific phenomena within
corpora. For profiling parsed corpora specifically,
tools such as ComparaTree (Tercon and Dobro-
voljc, 2025), Profiling-UD (Brunato et al., 2020),
and Typometrics (Gerdes et al., 2021) support
cross-linguistic comparison, but are limited to fixed
feature sets and predefined comparison scenarios.

DELTA bridges these approaches within a sin-
gle unified framework, enabling flexible, multi-
level, and multi-dimensional diversity measure-
ment of specific linguistic phenomena directly over
dependency-parsed corpora.

3 System Architecture

DELTA takes any number of annotated corpora in
CoNLL-U format as input and produces diversity
measurements for each corpus as output. Built
on two preexisting open-source tools — STARK*
for pattern extraction and DiversUtils for diversity
computation — the system provides a unified frame-
work for flexible diversity analysis. Figure 1 illus-
trates the pipeline: users provide two configuration
files specifying (1) which linguistic patterns to ex-
tract and (2) which diversity metrics to compute,
and the system then extracts matching instances
from each corpus and calculates their diversity.

In essence, DELTA’s diversity measurement re-
lies on the distinction between categories (types
of linguistic patterns) and elements (individual
occurrences of those patterns). For instance, if
“noun phrase” is defined as a category of interest,
then each individual noun phrase in the corpus
constitutes an element of that category. This el-
ement/category dichotomy comes from ecology,
where it is often termed the type/item dichotomy
(Ramaciotti Morales et al., 2021; Solé et al., 2010):
categories (types) often correspond to species, in
which case elements (items) correspond to individ-
ual organisms.

The following subsections describe pattern ex-
traction (§3.1), diversity computation (§3.2), output
(§3.3), availability (§3.4) and scalability (§3.5).

3.1 Category extraction (STARK)

DELTA represents categories as dependency sub-
trees extracted from CoNLL-U formatted corpora.
This tree-based representation means DELTA can
compute diversity of any linguistic phenomenon
expressible in tree-like form — from single-node

4https://github.com/clarinsi/STARK
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Figure 1: High-level representation of the main mechanisms in DELTA. Objects with dashed contour may not be

generated depending on configuration.

subtrees (e.g., word forms, lemmas, POS tags) cap-
turing lexical or morphological diversity, to multi-
node subtrees (e.g., phrases, clauses, sentences)
capturing (morpho)syntactic diversity.

STARK for pattern extraction. Category ex-
traction is performed using STARK, an open-
source toolkit for extracting dependency subtrees
from parsed corpora. STARK extracts subtrees
matching user-defined configurations, which can
range from all attested subtrees to specific struc-
tural types. Each extracted subtree is counted and
output with frequency information, providing the
information for diversity computation.

Flexible pattern specification. The subtrees
to be extracted can be defined flexibly along mul-
tiple dimensions. Users control tree representa-
tion by specifying which information appear on
nodes (word forms, lemmas, part-of-speech tags,
or combinations thereof), whether dependency la-
bels are included, and whether linear word order
is considered. Users also control tree filtering by
specifying size constraints (e.g., only trees with a
specific number of nodes), head constraints (e.g.,
only noun-headed structures), allowed or ignored
dependency relations, or exact structural patterns
via custom queries (e.g., only adjective-noun struc-
tures). These flexible and combinable parameters
give users precise control over extraction granular-
ity — from fully lexicalized constructions to abstract
structural templates — making category extraction
adaptable to diverse research goals. An overview
of STARK’s functionality is given by Krsnik and
Dobrovoljc (2025), with detailed documentation
also available online.’

Predefined configurations. To facilitate com-
mon use cases, DELTA also provides some pre-

Shttps://github.com/clarinsi/STARK/blob/
master/settings.md
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defined extraction configurations targeting spe-
cific linguistic phenomena. For single-node
extraction, configurations include forms.ini
(all word forms), lemmas.ini (all lemmas),
parts-of-speech.ini (all POS tags), and
morphology.ini (all POS and feature com-
binations). For multi-node structures, two
general configurations extract all subtrees as
proxies for all syntactic structures attested
in a corpus (see Dobrovoljc (2025) for de-
tails): syntactic-structures.ini for ex-
tracting all dependency-labeled subtrees and
morphosyntactic-structures.ini for extract-
ing all dependency-labeled subtrees with POS tags
as nodes.

As examples of using DELTA to measure diver-
sity of very specific phenomena, we also include
two specialized configurations targeting commonly
analyzed syntactic structures: svo.ini for extract-
ing delexicalized subject-verb-object patterns fea-
turing nsubj and obj relations (Levshina, 2019) and
mwe . ini for extracting lexicalized multi-word ex-
pressions featuring fixed, flat, and compound con-
structions (Savary et al., 2023). These configu-
rations facilitate standard diversity measurements
without requiring detailed parameter specification,
but users can also define custom configurations, if
needed.

Format flexibility. Crucially, STARK operates
on the 10-column tabular structure without assump-
tions about its content, i.e., the type of values ex-
pected in the columns. While we use standard
CoNLL-U column semantics throughout this paper,
any categorical labels can populate the tag columns
(UPOS, XPOS, FEATS), any directed relations can
populate the dependency columns (HEAD, DE-
PREL), including semantic dependencies, and any
unit can serve as a token (FORM, LEMMA), in-


https://github.com/clarinsi/STARK/blob/master/settings.md
https://github.com/clarinsi/STARK/blob/master/settings.md

cluding multi-word sequences, e.g. for sequence-
based diversity measurement.

3.2 Diversity computation (DiversUltils)

Diversity computation in DELTA is performed us-
ing DiversUtils, a C/Python library that implements
diversity metrics from ecological and information-
theoretic frameworks. DiversUtils takes the cat-
egory frequencies extracted by STARK as input.
Users specify which diversity metrics to compute
via the DiversUtils configuration file. The library
currently implements 32 diversity metrics, which
can be understood along three complementary di-
mensions: variety (the number of categories), bal-
ance (the evenness of their distribution), and dispar-
ity (the degree of difference between categories).
This framework, adapted from ecology (Rama-
ciotti Morales et al., 2021; Lion-Bouton et al.,
2022), provides a conceptual structure for under-
standing what different metrics capture.

Variety measures how many distinct categories
are present in the corpus. Simple variety metrics
include richness which is just the number of cate-
gories, and “species count” which is richness mi-
nus one, such that in the minimum case where only
one category is present, the diversity scores zero
(Patil and Taillie, 1982). Higher variety indicates
a greater number of distinct linguistic patterns in
the data. Note that variety is sensitive to corpus
size: larger corpora can account for a wider set of
phenomena, especially rare ones (see the correla-
tion between variety and treebank sentence count
in Figures 3 and 4).

Balance measures the evenness of the frequency
distribution — whether categories are equally rep-
resented or dominated by a few high-frequency
categories. Balance is captured by metrics such
as Shannon evenness (Ramaciotti Morales et al.,
2021) for pure balance or entropies from the set
of generalised entropies (Rényi, 1961; Patil and
Taillie, 1982) for variety-balance hybrids. Higher
balance indicates more uniform usage across cate-
gories.

Disparity measures the degree of structural dif-
ference between categories, capturing the dissim-
ilarity between them. Unlike variety and balance,
disparity requires a distance function. DELTA uses
Zhang-Shasha tree edit distance by default (Zhang
and Shasha, 1989),% which captures linguistically
meaningful tree differences by considering both

We use the Python zss package.
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nodes and edges. For single-word trees, Word2Vec
cosine distance can be specified as a semantic alter-
native (using --w2v_path).

Multi-dimensional metrics. Many diversity
metrics encompass multiple dimensions simulta-
neously (Chao et al., 2014; Stirling, 2007). For ex-
ample, Shannon-Wiener entropy in its original defi-
nition (Wiener, 1939; Shannon, 1948; Shannon and
Weaver, 1949) is a hybrid of variety and balance,
increasing when either more categories are present
or when frequencies are more evenly distributed.
Generalizations of entropy with varying parameters
exhibit different weightings of variety and balance
(Rényi, 1961; Patil and Taillie, 1982; Hill, 1973).
The concept of entropy has been further general-
ized in ecology by incorporating distances between
categories (Chao et al., 2014; Leinster and Cob-
bold, 2012; Scheiner, 2012), thus accounting for
disparity in addition to variety and balance.

Methodological considerations. In the exam-
ples in this paper we make the choice of using
easily interpretable metrics (richness for pure vari-
ety, and Shannon evenness for pure balance). For
authors wishing to build a single unified ranking
among datasets, a variety-balance hybrid is desir-
able. Based on the long history of diversity in ecol-
ogy and biology, it is notably relevant to use Hill
(1973) numbers rather than entropies, as Hill as-
sesses that “The diversity numbers V,, have there-
fore a natural intuitive interpretation, albeit rather
a vague one. The corresponding generalized en-
tropies H,, being logarithmic, are harder to visu-
alize.”. Hill numbers are interpreted as the “effec-
tive number of species” if all species were equally
probable, to give the same entropy. To add dispar-
ity, consider generalised Hill numbers such as that
of Chao et al. (2014) as a start. Generalised Hill
numbers are interpreted as the “effective number
of equally common, equally distinct species or lin-
eages”. Conversely, the approach by Stirling (2007)
to adding disparity has been criticized (Leydesdorff
et al., 2019). Beyond the choice of the measure,
when using datasets of non-commensurate sizes,
consider averaging diversity scores over numerous
samples of same sizes, so as to prevent biases due
to dataset size.

3.3 Output and visualisation

DELTA produces two main artifacts from each anal-
ysis. First, STARK-produced category frequency
lists are (optionally) stored in tab-separated for-



mat (TSV), listing all extracted linguistic patterns
with their frequencies (see example in Table 1).
These files can be inspected manually to understand
which categories were found, or reused indepen-
dently in external analyses. Second, DiversUtils-
produced diversity scores are stored in a SQLite
database, providing a structured format optimized
for querying and cross-corpus comparison. Each
database record includes the corpus identifier, lin-
guistic level analyzed, diversity metric applied, and
the computed score.

The repository also includes preconfigured anal-
ysis scripts that operate directly on these databases,
for example to plot variety against balance for a
given collection of corpora (e.g., Figure 2), op-
tionally also indicating the corpus size (e.g., Fig-
ures 3 and 4), enabling straightforward identifi-
cation of diversity patterns across treebanks, lan-
guages, or linguistic levels. Users can also write
custom queries against the SQLite databases to gen-
erate application-specific analyses or export results
in alternative formats.

3.4 Availability and execution

DELTA is freely available as open-source software
under the joint BSD-2 and CeCILL-B license.” The
repository includes complete documentation, instal-
lation instructions, predefined configurations for
common use cases, and example analysis scripts.

The system can be installed as a command-
line program for Python, via instructions in the
README.md. DELTA is executed via a command-
line interface that takes three inputs: (1) a STARK
configuration file specifying linguistic patterns to
extract, (2) a DiversUltils configuration file specify-
ing diversity metrics to compute, and (3) a list of
input corpora in CoNLL-U format. A single com-
mand processes all specified corpora and produces
the outputs described in Section 3.3.

The accompanying demonstration video,? illus-
trates the DELTA workflow by showing how the
system computes and visualizes syntactic diversity
over the full UD dataset. It reproduces the results
shown in the Appendix (Figure 4), demonstrating
the end-to-end pipeline from configuration to visu-
alization.

"Hosted  at https://gitlab.lisn.upsaclay.fr/
esteve/delta/. CeCILL-B is the French equivalent of
BSD-2, formed by French national scientific institutions.

8https://gitlab.lisn.upsaclay.fr/esteve/delta/
-/blob/main/video/DELTA-system-demo-video.mp4
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3.5 Scalability

For large-scale analyses, DELTA supports SLURM-
based parallelization through array job submission,
enabling efficient processing of multiple configu-
rations across many treebanks simultaneously. In
practice, the scale at which DELTA can work de-
pends on the computational expense of both the
tree querying and the diversity computation.

For tree querying, some queries may return as
little as a constant number of elements per sentence
O (1) or as high as an exponential number of ele-
ments per sentence O (x°) where s is sentence size.
Likewise, for diversity computation, variety and
balance measures often take at most linear time
O (n), but disparity takes quadratic time O (n?),
where n is the number of extracted categories.’
Disparity computation is also sensitive to tree com-
plexity: computing distance matrices for large cat-
egory sets or complex trees can be intensive, so
for the Zhang-Shasha tree edit distance, a config-
urable timeout (default 0.25s) limits computation
time, producing exact or approximate results.

Empirically, inexpensive queries with linear di-
versity metrics can process billion-token datasets,
with substantial time on reading/writing and pars-
ing. In contrast, queries using disparity functions
with tree edit distance become computationally in-
tensive: even 1,000 categories can require multiple
hours for matrix computation.

To provide a concrete benchmark: process-
ing the entire UD v2.16 release for both lexi-
cal diversity (Lemmas.ini) and syntactic diversity
(syntactic-structures.ini) with linear met-
rics (linear.ini), to produce results shown in
Figures 3 and 4, took 45 minutes total.

4 Evaluation

We validate DELTA’s core capabilities through four
experiments on Parallel Universal Dependencies
(PUD), a collection of parallel treebanks consist-
ing of 1,000 aligned dependency-parsed sentences
across 24 languages (Zeman et al., 2017). By con-
trolling for content and corpus size, PUD provides
an ideal testbed for systematic cross-linguistic com-
parison.

°See the linear.ini and quadratic.ini configuration
files for respectively at-most-linear, and at-most-quadratic
diversity computations.
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Figure 2: Richness (number of distinct categories) versus balance (uniformity of their distribution) for 24 PUD
treebanks across lexical (a), morphological (b), syntactic (c), and word-order (d) levels.

4.1 Experimental setup

We applied DELTA to measure diversity across
four linguistic levels using the predefined config-
urations described in §3.1: (1) lexical diversity
of lemmas; (2) morphological diversity of POS
and feature combinations; (3) syntactic diversity of
labeled subtrees; and (4) word order diversity of
subject-verb-object placement.

For each linguistic level, we computed two com-
plementary diversity dimensions. For variety, we
use richness, which is simply the number of distinct
categories n. For balance, we use Shannon even-
ness (Smith and Wilson, 1996; Ramaciotti Morales
et al., 2021), which normalizes entropy by maxi-
mum entropy for n categories (Equation 1). This
metric ranges from 0 (maximally uneven distribu-
tion) to 1 (perfectly even distribution).

- i pilogy (p:)
/ _ H (p) =1
0 = o) = oy

4.2 Results

Figure 2 presents diversity scores across four lin-
guistic levels for PUD treebanks.
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Lexical diversity (Figure 2a) shows most lan-
guages clustering with similar numbers of distinct
lemmas (4,000-5,000) that are evenly distributed
(evenness 0.7-0.8). Korean stands out as a clear
outlier with substantially lower richness and even-
ness, even in comparison to typologically similar
Japanese. This pattern warrants further investiga-
tion, but is likely influenced by coarser tokenisa-
tion granularity in Korean UD, which retains more
morphological material within tokens (Chun et al.,
2018).

Morphological diversity (Figure 2b) exhibits
the largest variation in richness (100-1,000 distinct
morphological property combinations), reflecting
expected typological differences in morphological
complexity, with fusional languages (e.g., Czech,
Polish) and agglutinative languages (e.g., Turk-
ish, Finnish) exhibiting the highest values, though
cross-treebank differences in how morphological
information is encoded (e.g., feature inventory size
and segmentation practices) may also contribute to
the observed variation.

Syntactic diversity (Figure 2c), measured here
as variety and balance of dependency subtree con-
figurations, shows relatively tight clustering, with



most languages exhibiting comparable number and
distribution of such configurations. Finnish and
Thai emerge as the two most notable outliers, a
pattern that may reflect morphology-syntax trade-
offs but requires further investigation to disentan-
gle typological properties from annotation-specific
practices.

Subject-verb-object (SVO) order diversity
(Figure 2d) reveals clear word order typology, with
richness distinguishing fixed-order languages (few
configurations)'? from free-order languages like
Czech (all six possible permutations). Evenness
captures preference strength: languages with simi-
lar richness show very different distributions, from
strong word order preferences (low evenness) to
even distributions across all available patterns.

These results demonstrate DELTA’s capacity for
systematic linguistic diversity profiling within and
across corpora. While many of the findings above
align with established typological patterns, they
also highlight the tool’s ability to identify poten-
tial outliers or unexpected distributions, making it
applicable not only to cross-linguistic comparison
but to systematic comparisons across datasets more
generally (e.g. between genres within a single lan-
guage). DELTA thus enables researchers to identify
and compare diversity patterns at multiple linguis-
tic levels and from different diversity perspectives
within a unified analytical framework.

5 Conclusion

We presented DELTA, a unified and configurable
framework for computing linguistic diversity of
various linguistic features in dependency-parsed
corpora. By bridging expressive dependency-tree
querying with a broad suite of diversity metrics, vi-
sualizations and pre-configured templates, DELTA
provides the first integrated environment for sys-
tematic, reproducible measurement of diversity
for any phenomenon expressible as a dependency
(sub)tree — from individual words to complex syn-
tactic patterns. While demonstrated here on stan-
dard UD treebanks, the framework’s reliance on
the CoNLL-U tabular structure rather than specific
annotation content makes it also adaptable to al-
ternative annotation schemes and, consequently, a
broader range of linguistic phenomena.

1%Dye to the definition of the balance metric used here, even-
ness can only be computed when at least two categories are
attested. Languages with only one SVO order (e.g., English)
therefore do not appear in Figure 2d.
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Future work will focus on targeted linguistic re-
search questions across specific languages, genres,
and linguistic phenomena, as well as on validating
the behaviour and interpretability of the adopted
diversity metrics across varying corpus sizes and
linguistic conditions. To support this, we will fur-
ther improve computational efficiency, scalability
to new formats and phenomena, and the overall user
experience — and we welcome community feedback
to guide these ongoing developments.
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A Appendix

Tree Freq.
NOUN <nsubj VERB >obj NOUN 142
VERB >nsubj NOUN >obj NOUN 13
NOUN <nsubj NOUN <obj VERB
NOUN <obj VERB >nsubj NOUN
VERB >obj NOUN >nsubj NOUN
NOUN <obj NOUN <nsubj VERB

— N W \O

Table 1: Example output TSV listing categories (subject-
verb-object trees) for SVO diversity computation in
Czech PUD treebank (Figure 2d). Trees are represented
using a simplified query-like syntax inspired by the
dep_search tool (Luotolahti et al., 2017).
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Figure 3: Lexical diversity across UD v2.16 treebanks. Each circle represents a treebank positioned by richness
(x-axis) and Shannon evenness (y-axis), with size indicating sentence count. Cross marks (x) show the average
diversity across plotted treebanks. For readability, the plot includes only treebanks with at least 100 sentences.
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Figure 4: Syntactic diversity across UD v2.16 treebanks. Each circle represents a treebank positioned by richness
(x-axis) and Shannon evenness (y-axis), with size indicating sentence count. Cross marks (x) show the average
diversity across plotted treebanks. For readability, the plot includes only treebanks with at least 100 sentences.
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