Simple Additions, Substantial Gains:
Expanding Scripts, Languages, and Lineage Coverage in URIEL+

Mason Shipton* York Hay Ng* Aditya Khan* Phuong Hanh Hoang®
Xiang Lu* A. Seza Dogru6z* En-Shiun Annie Lee*"
*Ontario Tech University YUniversity of Toronto
*University of Michigan *LT3, IDLab, Universiteit Gent
masonshipton25@gmail.com, as.dogruoz@ugent.be,
annie.lee@ontariotechu.ca

Abstract
The URIEL+ linguistic knowledge base supports multilingual research by encoding languages through geographic, genetic,
and typological vectors. However, data sparsity (e.g. missing feature types, incomplete language entries, and limited
genealogical coverage) remains prevalent. This limits the usefulness of URIEL+ in cross-lingual transfer, particularly for
supporting low-resource languages. To address this sparsity, we extend URIEL+ by introducing script vectors to represent
writing system properties for 7,488 languages, integrating Glottolog to add 18, 710 additional languages, and expanding
lineage imputation for 26,449 languages by propagating typological and script features across genealogies. These
improvements reduce feature sparsity by 14% for script vectors, increase language coverage by up to 19,015 languages
(1,007%), and boost imputation quality metrics by up to 35%. Our benchmark on cross-lingual transfer tasks (oriented
around low-resource languages) shows occasionally divergent performance compared to URIEL+, with performance gains

up to 6% in certain setups.
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1. Introduction

Linguistic knowledge bases enable us to understand
the relationships between languages, in particular
conducing the rise of cross-lingual transfer learning
(Bjerva et al., 2020). One such knowledge base is
URIEL (Littell et al., 2017), which represents lan-
guages with three vector types: geographic (i.e.
based on 299 coordinate points), genetic (i.e. family
membership), and typological (i.e. syntactic, phono-
logical, and inventory features). Through the lang2vec
tool, URIEL provides pre-computed language dis-
tances. Downstream applications of these distances
include cross-lingual transfer (Lin et al., 2019), depen-
dency parsing (Ustlin et al., 2020), and performance
prediction (Khiu et al., 2024, Anugraha et al., 2025).

URIEL+ (Khan et al., 2025) partially addresses
data sparsity and transparency issues in URIEL (Lit-
tell et al., 2017) as identified by Toossi et al. (2024),
by expanding data coverage to over 8,000 languages.
Furthermore, URIEL+ prevents distance computation
between language pairs that lack shared features.
Although this is restrictive, URIEL+ allows users to
circumvent this by advanced imputation methods to
fill in missing values (e.g. by way of the Softimpute
algorithm, due to Mazumder et al. (2010)). Lineage
imputation, a method of partial imputation, optionally
populates features for dialects of six languages (Span-
ish, French, English, German, Malay, and Arabic),
given that phylogenetic relationships of languages
are strong predictors of language similarity (Dunn
etal., 2011).

Nonetheless, three key limitations persist in

URIEL+: (1) the absence of writing system represen-
tations, (2) incomplete language coverage (i.e. many
languages catalogued in Glottolog (Hammarstrém
and Forkel, 2022), a widely used catalogue of the
world’s languages and language families, remain ab-
sent), and (3) the narrow scope of lineage imputation.
Each limitation reflects a form of data sparsity (i.e.
missing feature types, missing languages, and limited
phylogenetic propagation). Our study addresses all
limitations by extending URIEL+ through (1) script
vectors, (2) Glottolog integration, and (3) expanded
lineage imputation (see Figure 1 which summarises
our three additions that collectively reduce sparsity
and expand feature coverage in URIEL+).

Table 1 shows language pairs that are expected to
exhibit similarity in script but divergence in linguistic ty-
pology. Each pair shares a common script (e.g. Cyril-
lic for Russian and Kazakh, Latin for English, Turkish,
Spanish, and Finnish). Korean and Japanese do not
currently share the same script. However, both lan-
guages historically incorporated Chinese characters,
which should result in low script distances. Before
and after imputation, URIEL+ produces the antici-
pated pattern of low script distances coupled with
higher typological distances, confirming that shared
script does not necessarily imply typological similarity
and that script as a feature provides unique insights
into languages that typological currently does not.

Contribution 1: Script Vectors While URIEL+ cap-
tures a wide range of linguistic dimensions, it omits in-
formation about writing systems. Script properties are
necessary for encoding structural and functional infor-
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Figure 1: Overview of our additions to mitigating data sparsity in URIEL+. (1) Density map of 7,488 languages
with integrated script vectors. (2) Density map of the 18, 710 Glottolog child languages added to URIEL+. (3)
lllustration of expanded lineage imputation, where missing values in child languages are filled from ancestors.

Language Pair Glottocodes

Pre-Imputation Post-Imputation

Script Typology Script Typology
Russian - Kazakh  russ1263 - kaza1248 0.4788 0.6310 0.5000 0.6650
Korean - Japanese kore1280 - nucl1643 0.2380 0.4706 0.2380 0.4827
English - Turkish stan1293 - nucl1301 0.1864 0.6001 0.1864 0.6031
Spanish - Finnish stan1288 - finn1318  0.0000 0.4949 0.0000 0.5054

Table 1: Languages similar in script (i.e. script distance closer to 0) but divergent in typology (i.e. featural
distance closer to 1), shown before and after union aggregation of databases, and Softimpute imputation.

mation relevant to natural language processing (NLP)
tasks. Differences in script types (e.g. alphabetic or
abjadic') result in challenges in tokenisation and mor-
phological processing. Moreover, shared scripts often
reflect historical or cultural contact between geneti-
cally distant languages (e.g. Arabic script for Persian
and Urdu). An encoding of these relationships is
missing in URIEL+, but it is important for cross-lingual
transfer (Zhuang et al., 2025). Therefore, we intro-
duce script vectors to encode structural and social
properties of writing systems for 7,488 languages.
Through analyses in feature coverage and sparsity,
we highlight how vectors expand URIEL+’s cover-
age in a novel direction, particularly benefitting low-
resource languages where script vectors are among
the few reliably documented vector types.

A writing system that represents individual sounds as
symbols.

Contribution 2: Glottolog Integration A second
form of sparsity arises from limited language cover-
age in URIEL+. While URIEL+ includes over 8,000
languages, Glottolog (Hammarstrom and Forkel,
2022) catalogues 18, 710 additional languages with
well-documented genealogical information. By incor-
porating these missing languages, URIEL+ contains
a complete encoding of language families in Glottolog.
Beyond increasing coverage, this integration enables
a phylogeny-based method for imputing missing val-
ues, discussed below.

Contribution 3: Expanded Lineage Imputation
Lineage imputation in URIEL+ fills missing values
in child languages by copying feature values from
their immediate parent. As it stands, it supports
only 6 medium- to high-resource parent languages.
This reflects the empirical observation that related
languages tend to share typological features (Dunn
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et al., 2005; Jager and Wahle, 2021). We extend
this approach to systematically propagate typological
and script features from parent languages to all child
languages across the knowledge base, forming an
expanded lineage imputation method that benefits
26,449 languages in total following Glottolog integra-
tion. Furthermore, we demonstrate that this method
yields consistent performance gains in imputation
quality.

Finally, we benchmark the impact of these contribu-
tions in choosing languages for cross-lingual transfer
across a variety of tasks, a common use case of
linguistic knowledge bases. The performance gains
from ablations of our contributions highlight their prac-
ticality for cross-lingual transfer, while particularly sup-
porting low-resource languages.

2. Literature Review

Current research shows strong support for our three
contributions to URIEL+. The existing literature in
NLP demonstrates the importance of script data for
modelling language relationships, while linguistic stud-
ies show that genetically related languages tend to
share typological structures. Together, these findings
support our proposed additions, which aim to reduce
data sparsity and improve coverage in URIEL+.

2.1. Script Data Usage in Literature

The script of a language is a first-order determinant
of language similarity, and it is crucial in many NLP
tasks.

For morphological inflection, Murikinati et al. (2020)
show that transfer between related languages de-
grades when scripts differ. Transliterating the source
into the target script (or both into a common script)
improves accuracy, sometimes outweighing typologi-
cal relatedness. For transfer learning, Amrhein and
Sennrich (2020) and Tufa et al. (2024) report that
romanising the script of a child language improves
transfer performance when parent and child use differ-
ent scripts. For multilingual pre-training, LANGSAMP
(Liu et al., 2025) adds learnable script embeddings
to the transformer output during masked language
modelling (MLM), yielding better zero-shot transfer
and more reliable source-language selection. Xhelili
et al. (2024) further show that transliteration-based
post-training alignment improves cross-lingual align-
ment. Without such alignment, token representations
from different scripts are nearly linearly separable.
Finally, Zhuang et al. (2025) find that script differ-
ences systematically hinder transfer in low-resource
languages.

Prior approaches rely on ad hoc, language-specific
pre-processing (e.g. romanisation per Amrhein and
Sennrich (2020)) which are unevenly available and bi-
ased toward high-resourced languages. These issues

with bias can be addressed by adding script vectors
to URIEL+, which reduces reliance on pre-processing
and improves modelling of linguistic similarity, espe-
cially for low-resource languages.

2.2. Glottolog as a Language Resource

Despite URIEL+'’s extensive coverage of over 8,000
languages, many languages remain missing. For
example, Bajjika (Toossi et al., 2024) is missing in
URIEL and URIEL+, while Western Armenian and
Sakizaya are missing in URIEL 2 (Novotny et al.,
2021). The missing languages highlight the need for
a more comprehensive resource to ensure inclusive
representation in linguistic knowledge bases.

Glottolog provides a solution to this sparsity by of-
fering a comprehensive, authoritative catalogue of
the world’s languages, dialects, and language fami-
lies (Hammarstrom and Forkel, 2022), encompassing
approximately 18,000 more languages than URIEL+.
It uses a standardised system of language codes
(Glottocodes) and assigns language codes to each
language family and language, including dialects.
URIEL+ uses these codes to integrate data from
linguistic sources such as BDPROTO (ancient lan-
guages; (Marsico et al., 2018)), Grambank (Skirgard
et al., 2023), and eWAVE (English dialects; (Kort-
mann et al., 2020)). Moreover, Glottolog provides
evidence-based genealogical classifications, facilitat-
ing integration across linguistic datasets. Recognised
as the authoritative source on the world’s languages,
Glottolog has been used in high-impact NLP and
computational linguistics research (Liang et al., 2023;
Bommasani et al., 2022), demonstrating its value for
addressing gaps in URIEL+ and supporting more in-
clusive multilingual studies.

2.3. Phylogenetic Feature Propagation

Phylogenetic relationships of languages are strong
predictors of structural similarity. Dunn et al. (2005)
demonstrate that typological features carry a phyloge-
netic signal in Oceanic and Papuan languages. Dunn
et al. (2011) consider evolutionary rates of typological
and lexical features, showing that slower-changing
features track lineage more closely. Jager and Wahle
(2021) proposed methods to estimate typological fea-
ture distributions while controlling for shared ancestry,
and Huibler (2022) examined structural features, iden-
tifying which exhibit strong phylogenetic signal.
These existing studies motivate us to extend
URIEL+’s lineage imputation to infer missing typo-
logical and script features for all languages based
on their parent languages. This approach reduces
sparsity and enhances coverage across URIEL+.

2While Sakizaya has been added to URIEL+ via the
Grambank linguistic source (Skirgard et al., 2023), Western
Armenian remains absent from URIEL+
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ScriptSource Feature  Possible Values

Binarised URIEL+ Feature(s)

Type Alphabet; Abjad; Abugida; Featural;
Logo-syllabary; Syllabary

Case Yes; No

Ligatures Required; Optional; None

SC_ALPHABET, SC_ABJAD, SC_ABUGIDA,
SC_FEATURAL, SC_LOGO_SYLLABARY,
SC_SYLLABARY

SC_CASE
SC_LIGATURES, SC_REQUIRED_LIGATURES

Table 2: Three examples of how binarisation of ScriptSource features was performed using one-hot encoding.

3. Method

This section describes how we extend URIEL+ to re-
duce data sparsity and broaden feature coverage via
three steps: (1) introducing script vectors, (2) inte-
grating languages from Glottolog, and (3) expanding
lineage imputation.

3.1. Adding Script Vectors

We introduce script vectors as a new vector type
in URIEL+ to represent structural and social proper-
ties of writing systems. Features were sourced from
ScriptSource (Holloway, 2013), a database of scripts,
their typologies, and language usage. ScriptSource
data is publicly viewable but it is not directly acces-
sible. However, with assistance from the one of the
ScriptSource administrators, we obtained dataframes
describing: (a) writing system properties for all scripts,
(b) languages in ScriptSource with their ISO 639-3
codes, and (c) scripts available for each language.
The writing system properties from dataframe (a)
were binarised as shown in Table 2. For example,
the ScriptSource feature Type, which includes values
such as Alphabet, Abjad, Abugida®; was expanded
such that each value became its own binary feature
(e.g. SC_ALPHABET, SC_ABJAD, SC_ABUGIDA), with a
value of 1 (if present) or O (if absent). This binarisa-
tion process is the same as it was done in URIEL
(Littell et al., 2017) and URIEL+ (Khan et al., 2025)
for typological vectors. For languages that can be
written in multiple scripts (e.g. Kazakh uses Cyrillic,
Arabic, and Latin scripts), the union of feature values
was applied. This was implemented as a logical OR
operation, where a feature was marked as present
(1) if it existed in any of the language’s associated
scripts. As an example, Kazakh is marked as hav-
ing both the SC_ABJAD feature (from Arabic) and the
SC_ALPHABET feature (from Cyrillic and Latin).
These script vectors were integrated alongside
URIEL+’s genetic, geographic, and typological vec-
tors. Language-to-language distances based on
script features were computed using normalised an-

3A writing system where consonants carry inherent vow-
els.

gular distance:

1 A-B
Dyng(A, B) ﬂarccos(”A””B”)
where lower values indicate higher similarity (e.g.
French and Spanish using the Latin script). This
addition fills a representational gap, providing a high-
coverage source of data for low-resource languages
in particular.

3.2. Full Integration of Glottolog

We integrate all 18,710 remaining Glottolog lan-
guages into URIEL+, expanding genealogical and
geographic coverage. More specifically, we retrieved
a list of all languages from Gilottolog in their Glot-
tocodes. Languages from Gilottolog that were already
in URIEL+ (over 8, 000 of them) were excluded. Glot-
tolog was turned into a linguistic source in URIEL+
(Khan et al., 2025), similar to the World Atlas of
Language Structures (WALS; (Dryer and Haspel-
math, 2013)), Syntactic Structures of the World’s Lan-
guages (SSWL; (Koopman, 2009)), and Grambank
(Skirgard et al., 2023), where it can be integrated by
choice to add the new languages. Unlike the other
linguistic sources, Glottolog does not include new ty-
pological or script features, and it does not include
typological data. Although these languages have no
typological and script data, nearly all of them pos-
sess genetic classifications, allowing them to benefit
directly from the lineage-based imputation to reduce
sparsity.

Geographic coordinates and family affiliations for
the Glottolog languages were obtained using the
lingtypology package (Moroz, 2017), as URIEL+
did for their new languages. Although Gilottolog con-
tributes no new vector types, its inclusion provides
the genealogical backbone required for large-scale
feature propagation of URIEL+.

3.3. Lineage Imputation Methodology

To further reduce sparsity, we extend URIEL+’s lin-
eage imputation to all languages, applying it to both ty-
pological and script vectors. This approach assumes
that parent languages and their children share highly
similar structural and orthographic properties, a pat-
tern empirically supported in URIEL+ (89.8% agree-
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ment in feature values between parent and children
for typological data, 97.0% for script data). These
high agreement rates motivate a systematic propaga-
tion of known feature values to fill gaps across lan-
guages. However, this propagation does not resolve
all missing values. Instead, it serves as a structured
preprocessing step that can complement subsequent
imputation methods such as Softimpute (Mazumder
et al., 2010), where otherwise the imputation of empty
language vectors yields an uninformative result.

Algorithm 1 outlines the expanded lineage imputa-
tion algorithm. Parent-child mappings were derived
from Glottolog (Hammarstrém and Forkel, 2022), con-
taining 13,372 parent languages which support im-
putation for 26,449 child languages after Glottolog
integration. Relationships were modelled as a for-
est of language trees. Imputation was performed via
breadth-first search (BFS). Feature values from par-
ent nodes were propagated to immediate children
(continuing until all descendants were filled). This
ensures hierarchical, consistent propagation, improv-
ing URIEL+ coverage and reducing sparsity at every
phylogenetic level. The lineage imputation algorithm
can be enabled or disabled if required, as described
in the documentation.

Algorithm 1 Expanded Lineage Imputation via
Breadth-First Search (BFS)
1: Construct a mapping of Glottocodes from parent
to child languages.
2: Define root languages as all parent languages
who have no parent.

3: for all root language r do
4: Initialise queue g « [r] and visited set s «
{r}.

5: while g not empty do

6: Dequeue language p.

7: for all child language c of p do

8: if c ¢ s then

9: Let f,, f. be binary feature vectors
for p,c.

10: For all i, set f.[il « fylilif f.[il =
NaN and f,[i] # NaN.

11: Enqueue c to ¢ and add c to s.

12: end if

13: end for

14: end while

15: end for

4. Analysis of Knowledge Base
Statistics

This section examines how our additions affect the
structure and completeness of URIEL+. We focus on
(1) feature coverage (to measure the breadth of lin-
guistic data across feature types and resource levels),
(2) sparsity (to assess the proportion and distribution
of missing values before and after expanded lineage

imputation), and (3) correlations between script dis-
tances and other language distances (to evaluate the
distinctiveness of script-based information). This anal-
ysis summarises how we make URIEL+ less sparse,
thereby augmenting the availability of data for down-
stream applications.

4.1. Low-Resource Languages Have Higher
Feature Coverage

We measured feature coverage in URIEL+ before and
after expanded lineage imputation, counting the num-
ber of languages with at least one feature with data for
syntactic, phonological, inventory, morphological, and
script features. All five linguistic sources in URIEL+
and Glottolog languages were integrated. Languages
were categorised as high-, medium-, or low-resource
(HRL, MRL, LRL) following Joshi et al. (2020).

Figure 2 shows that script vectors substantially im-
prove baseline coverage, providing data for 7,488 lan-
guages before expanded lineage imputation (which
is nearly double that of syntactic vectors (3,730 lan-
guages)). This difference is driven by gains in LRLs
coverage. Syntactic vectors cover 7 HRLs, 44 MRLs,
and 3,679 LRLs. Meanwhile, script vectors cover 6
HRLs (| 17%), 43 MRLs (| 2%), and 7,439 LRLs
(T 102%). Although script vectors include marginally
fewer HRLs and MRLs, they reach nearly twice as
many LRLs, highlighting their capacity to alleviate
sparsity where documentation is most limited.

Expanded lineage imputation amplifies these gains
for LRLs across all vector types. Morphological vec-
tors show the smallest absolute increase, adding
6,805 languages (T 270%) due to sparse documen-
tation. Syntactic vectors gain 9,512 (T 259%) lan-
guages. Phonological, inventory, and script vectors
exhibit the largest gains, adding 19,030 (T 766%),
19,015 (7 1,007%), and 12,701 (T 171%) languages,
respectively, consistent with their genealogical stabil-
ity. All three vector types now cover over 20, 000 lan-
guages, demonstrating that inheritance-based propa-
gation substantially enhances URIEL+’s representa-
tion of low-resource languages.

4.2. Lineage Imputation Lowers Sparsity

A significant limiting factor to the reliability of URIEL+
language vectors is their sparsity (i.e. the proportion
of missing values). Breaking down typological
vectors (into syntax, morphological, phonological and
inventory vectors), Figure 3 demonstrates the sparsity
in language vectors by type, before expanded lineage
imputation.  While our findings confirm that the
high sparsity in typological vectors is consistent in
URIEL+ across types (78% — 92%), script vectors
notably possess a sparsity of only 14%. Coupled
with their strong feature coverage, their low sparsity
highlights the comprehensive nature of the data
provided by script vectors. Furthermore, comparing
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Figure 2: Number of languages with available syntactic (syn), phonological (pho), inventory (inv), morphological
(mor), and script (scr) data in URIEL+ before and after expanded lineage imputation. All linguistic sources in
URIEL+, as well as Glottolog languages, are integrated. Shown for high-resource (HRL), medium-resource

(MRL), and low-resource (LRL) languages (Joshi et al., 2020) from left to right.
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Figure 3: Sparsity of language vectors by type (syn-
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putation.
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Figure 4: Percentage decrease in sparsity in lan-
guage vectors by type (syntax, phonological, inven-
tory, morphological, script) and by resource level, af-
ter expanded lineage imputation.

the overall sparsity in typological and script vectors
across the resource levels of languages, we find
that data sparsity is skewed, as sparsity in LRLs
(84%) is substantially higher than in MRLs (56%)
and HRLs (51%). The relatively high sparsity even
among HRLs is mainly due to the large number
of features included in URIEL+. URIEL+ has 800
features, many of whose values are derived from only
one of the fourteen underlying data sources. Conse-
quently, numerous features are sparsely populated
across languages. For example, several features
(e.9- S_REGULARIZED_REFLEXIVES_PARADIGM,
S_DEMONSTRATIVES_FOR_DEFINITE_ARTICLES,
and S_LIKE_AS A_QUOTATIVE_PARTICLE) orig-
inate from the eWAVE (Kortmann et al., 2020)
database and have recorded values for only around
70 languages out of the thousands represented in
the knowledge base.

Our expanded lineage imputation strategy provides
a reliable method for filling missing entries with linguis-
tically grounded values in languages. Figure 4 shows
the subsequent reduction in sparsity. This manifests
in a reduction in sparsity (see Figure 4), particularly
with sparsity in script vectors decreasing by 14%, i.e.
to a sparsity of only 12%. However, comparing re-
ductions in sparsity by vector type and resource level,
expanded lineage imputation yields greater sparsity
reductions where vectors are less sparse. In particu-
lar, sparsity reductions are minimal in syntax vectors
and for LRLs, where sparsity was highest originally.
This highlights how its efficacy is tied to the original
sparsity of vectors since expanded lineage imputation
relies on knowing feature values in parent languages.
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4.3. Scripts Provide Unique Information

To justify the inclusion of script data, script distances
should provide a different signal than typological, ge-
netic, and geographic distances. In particular, they
should not be substantially correlated with any of the
other distance measures within URIEL+. Otherwise,
script data would be redundant for the purpose of
distance calculations—a primary use case of URIEL+.

To consider how similar script distances are to other
distances in URIEL+, we study the correlation of a
matrix containing all script distances with all other
distance matrices in URIEL+. A distance matrix is
a symmetric matrix, such that the ijth entry of the
matrix is the distance between languages i and j in
URIEL+. One can compute the Spearman correla-
tion between the script matrix and any of the other
distance matrices (Spearman, 1904). To test the sig-
nificance of the coefficient, a two-sided Mantel test 4
is conducted.

Mantel tests assume the lack of any kind of struc-
tured dependence (e.g. phylogenetic relationships
between languages) between the two matrices (Guil-
lot and Rousset, 2013). This is clearly not the case
for language distances. Languages within the same
language family are expected to have smaller dis-
tances than those with languages outside their family
(see Dunn et al. (2011)). To mitigate the violation of
this assumption, we perform block permutation (999
many), where each permutation block (Winkler et al.,
2015) is the top-level language family for a language,
as reported in Glottolog. This alters the permutation
procedure to allow us to account for phylogenetic de-
pendencies between language distances. In total,
there are 592 language family blocks (361 of which
are singletons) and approximately 95% of languages
fall into non-trivial language families (which mitigates
discreteness caused by singletons). These tests are
run on union-aggregated language vectors. For im-
putation, we run the correlation analysis with and
without expanded lineage imputation, before using
Softimpute. We do not integrate any additional lan-
guages from Glottolog (i.e. beyond the 8, 171 already
in URIEL+) because they do not have script data. The
significance threshold we set is @ = 0.05/7 = 0.007.
We apply a Bonferroni correction to account for con-
ducting multiple hypothesis tests (Dunn, 1961).

Table 3 demonstrates that the magnitude of the
correlation between script distances and all other dis-
tances in URIEL+ is at most 0.119, which is very
minimal. This is irrespective of whether expanded lin-
eage imputation was used or not. However, as seen
in Table 3, statistical significance is more common
without expanded lineage imputation. This suggests

4That is, a permutation test that builds a distribution of
correlation statistics based on computing the Spearman cor-
relation coefficient on permuted distance matrices (Mantel,
1967).

Distance p (No Lineage) p (Lineage)
gen 0.119 0.114
inv 0.059 0.057
mor -0.026 —-0.035
pho —-0.041 —-0.046
syn 0.060 0.051
typ 0.041 0.023
geo -0.095 -0.095

Table 3: Spearman correlation (p) between language
and script distance measures. “Lineage” denotes us-
ing expanded lineage imputation prior to Softimpute.
Significant results are bolded.

that lineage imputation essentially acts as a phyloge-
netic regulariser that gives Softimpute fewer degrees
of freedom to infer patterns that might induce weak
correlation with script distances.

Even if some correlations are significant, all correla-
tions are minimal. Taking geographic (post expanded
lineage imputation) as an example, p ~ —0.095 is
marginal. This means that the coefficient of variation,
R?> ~ 0.009, meaning that geography distances ex-
plain less than 1% of the statistical variation in script
distances. This supports our claim that script dis-
tances provide information that is largely orthogonal
to existing distance information within URIEL+, and
hence, provide unique information.

5. Evaluating our Additions

We validated our URIEL+ additions through two com-
plementary evaluations: (a) testing imputation quality
using the Softimpute and lineage imputation algo-
rithms and (b) applying language distances in cross-
lingual transfer tasks using LANGRANK.

5.1. Imputation Quality Test

Experimental Setup To assess the contribution of
script vectors and expanded lineage imputation to
reducing sparsity, we conducted two imputation qual-
ity tests following the methodology used in URIEL+
(Khan et al., 2025) and Li et al. (2024). The proce-
dure removes 20% of known (i.e. non-missing) data,
imputes these values, and compares predictions to
the ground truth using F1 for binary features and
root mean square error (i.e. RMSE) for continuous
features. For our first test, we evaluated the Softim-
pute algorithm. Softimpute previously achieved the
strongest performance of the three URIEL+ imputa-
tion algorithms and was chosen for downstream and
distance-alignment experiments (Khan et al., 2025).
For this test, languages were pre-filled via our ex-
panded lineage imputation procedure, however, filled
values are not held out during imputation evaluation.
This choice is to solely identify the quality of Softim-
pute. With that said, we also report the results when
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Union-Agg

Average-Agg

Stage Vector
Accuracy Precision Recall F1 RMSE MAE
typ 0.8821 0.8767 0.7092 0.7841 0.2909 0.1914
syn 0.8410 0.8496 0.6650 0.7461 0.3357 0.2467
— Lineage pho 0.9140 0.9454 0.8472 0.8936 0.2570 0.1678
inv 0.9432 0.9267 0.8245 0.8726 0.2015 0.1040
mor 0.8451 0.8295 0.5998 0.6962 0.3374 0.2473
scr 0.9939 0.9949 0.9826 0.9887 0.0769 0.0248
typ 0.8880 (1 0.67%) 0.8821 (1 0.62%) 0.7238 (1 2.06%) 0.7951 (T 1.40%) 0.2845 (] 2.20%) 0.1876 (| 1.99%)
syn 0.8511 (T 1.20%) 0.8660 (T 1.93%) 0.6781 (T 1.97%) 0.7606 (T 1.94%) 0.3262 (] 2.83%) 0.2399 (| 2.76%)
+ Lineage pho 0.9048 (| 1.01%) 0.9180 (| 2.90%) 0.8540 (7 0.80%) 0.8848 (| 0.98%) 0.2626 (1 2.18%) 0.1691 (1 0.77%)
inv 0.9436 (1 0.04%) 0.9242 (| 0.27%) 0.8294 (1 0.59%) 0.8742 (1 0.18%) 0.2034 (1 0.94%) 0.1074 (1 3.27%)
mor 0.8545 (T 1.11%)  0.8319 (1 0.29%) 0.6312 (1 5.24%) 0.7178 (1 3.10%) 0.3260 (] 3.38%) 0.2366 (| 4.33%)
scr 0.9946 (1 0.07%) 0.9957 (1 0.08%) 0.9842 (1 0.16%) 0.9899 (1 0.12%) 0.0740 (| 3.77%) 0.0242 (| 2.42%)

Table 4: Performance of Softimpute on typological and script vectors before (—) and after (+) expanded lineage
imputation. Metrics are reported for union-aggregated and average-aggregated evaluation schemes. Values
that are imputed through lineage imputation are excluded from being held out during imputation evaluation.
Bolded values indicate the best score for each metric.

Vector Union-Agg Average-Agg
Accuracy Precision Recall F1 RMSE MAE

typ 0.9886 0.9823 0.9757 0.9790 0.1068 0.0114
syn 0.9925 0.9902 0.9892 0.9897 0.0863 0.0075
pho 0.9879 0.9863 0.9846 0.9854 0.1099 0.0121
inv 0.9870 0.9768 0.9634 0.9701 0.1139 0.0130
mor 0.9937 0.9856 0.9948 0.9902 0.0793 0.0063
scr 0.9987 0.9976 0.9974 0.9975 0.0366 0.0013

Table 5: Performance of lineage imputation on typological and script vectors. Metrics are reported for union-
aggregated and average-aggregated evaluation schemes. Bolded values indicate the best score for each

metric.

we allow lineage-imputed values to be held out during
imputation evaluation (i.e. treated as known), and the
results of this can be found in Table 7 in Appendix A.

For our second test, we evaluated solely the lin-
eage imputation, skipping Softimpute. Imputation
was performed on aggregated representations (union
aggregation, meaning feature values were merged
using a logical OR operation; or average, meaning
feature values were averaged).

Results Table 4 shows that Softimpute achieves
near-perfect performance on script vectors, with ac-
curacy and F1 above 0.98 across all configurations.
These results substantially exceed those for all types
of typological vectors, indicating that script features
are both more complete and predictable within ge-
nealogical lineages.

There are two factors that explain this result. First,
script data are inherently less sparse (i.e. before im-
putation, script vectors cover 7,488 languages (nearly
twice the most complete typological distance type,
which is syntactic), and after imputation, coverage
exceeds 20,000 languages). Secondly, writing sys-
tem properties (e.g. the complexity of characters)
are highly stable within language families (Miton and

Morin, 2021), providing strong structural cues for im-
putation models.

Applying expanded lineage imputation improves
most metrics across every vector type, with the
largest gains for typological features (in particular mor-
phological) under union aggregation. For instance,
recall increases by 2.06% overall (5.24% for morpho-
logical) and F1 increases by 1.40% (3.10% for mor-
phological), gains attributable to their initial sparsity.
These results confirm that expanded lineage impu-
tation improves imputation quality and is effective in
reducing sparsity.

The exceptions are phonological and inventory
features. Phonological features decline in accuracy
(I 1.01%), precision (| 2.90%), and F1 (| 0.98%)
following expanded lineage imputation, while inven-
tory features decline in precision (| 0.27%). Both
feature types also decline under average aggregation:
phonological features worsen by 2.18% in RMSE and
0.77% in MAE, and inventory features by 0.94% in
RMSE and 3.27% in MAE. This suggests that lineage
propagation may not be well-suited for these feature
types. Phonological features encode how sounds
are produced, including manner and place of artic-
ulation. Meanwhile, inventory features capture the
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Setup POS DEP XNLI Taxi1500 SIB200 POS2 DEP2 MT EL

Baseline 18.5 73.0 67.6 23.3 8.38 33.8 36.3 35.9 721

1 25.55 138% 71.6 |1.9% 68.0 10.6% 25.5119.7% 8.84155% 34.110.8% 38.716.6% 31.7 |11.7% 75.4 14.5%
2 19.0 12.8% 73.0 10.1% 70.0 136% 26.1 112%  7.58 19.5% 32.1 |5% 36.1 |05% 33.1176% 69.9 |3.1%
1+2 27.03 146% 72.3 |1% 67.2 10.5% 26.92 115.7% 8.4010.2% 33.2 |1.7% 36.510.6% 32.0 110.8% 66.9 |7.2%
3 17.0 18% 73.0 67.9104% 22.7 |24% 9.76 116.5% 32.513.7% 38.3155% 35.910.1% 67.8 |5.9%
1+3 21.3 114.8% 73.4105% 67.510.1% 25.3318.9% 9.0117.5% 34.010.7% 37.6136% 33.4 7% 69.7 |3.3%
2+3 18.1 129.1% 74.5121% 71.5157% 23.511.1% 9.87 117.8% 36.317.3% 39.117.9% 34.9 |28% 61.5 [14.7%
1+2+3 18.6105% 72.6 105% 70.914.9% 25.0175% 9.79116.8% 36.317.5% 38.014.9% 30.2 |158% 62.8 |12.9%

Table 6: NDCG@3 scores in LaNgRaNk tasks under our ablation study. Percentage changes are relative to the
baseline. Bolded values indicate p < 0.05 in comparison to the baseline. Baseline is Softimpute. 1 = Script; 2

= Glottolog integration; 3 = Lineage Impute.

phonetic sound inventories of languages. Neither set
of properties may transfer consistently across related
languages. Supporting this idea, Table 5 shows that
phonological and inventory features also show the
weakest performance of all vector types when evalu-
ating lineage imputation quality alone, achieving the
lowest scores across all metrics under both union and
average aggregation.

Table 5 shows that lineage imputation performs
strong across both typological and script vectors, with
script vectors outperforming typological ones on every
metric. This is likely because, as mentioned earlier,
writing systems are more consistently inherited within
language families, making parent-to-child propagation
a particularly reliable assumption for script data.

Despite trailing script vectors, typological perfor-
mance remains exceptionally high (F1 = 0.9790, Ac-
curacy = 0.9886). The higher RMSE under average
aggregation (0.1068 compared to 0.0366) suggests
more continuous prediction error for typological fea-
tures, which is expected since typological features
have greater cross-linguistic variability.

These results confirm that our additions not only
increase coverage but also improve the internal con-
sistency and predictability of URIEL+, demonstrating
the combined benefit of script vectors and expanded
lineage imputation.

5.2. Benchmarking Cross-Lingual Transfer

Evaluation Setup Given the common application
of language distances in transfer language selection
(Blaschke et al., 2025; Rice et al., 2025; Ng et al.,
2025, 2026), we evaluate the impact of our additions
on cross-lingual transfer using the LanaRank frame-
work (Lin et al., 2019). LanaRank, which ranks po-
tential transfer languages for multilingual NLP tasks
using gradient-boosted decision trees trained on lan-
guage distances. Following the framework of Ng
et al. (2026)°, we apply LancRank to select trans-

SWe employ the same LanaRank hyperparameters and
the same set of tasks.

fer languages across nine representative sub-tasks:
machine translation (MT), entity linking (EL), part-of-
speech tagging (POS 1 & 2), dependency parsing
(DEP 1 & 2), natural language inference (XNLI (Con-
neau et al., 2018)), and topic classification (Taxi1500
(Ma et al., 2025), SIB200 (Adelani et al., 2024)).
This framework measures transfer language selec-
tion quality (i.e. how well language distances rank
potential source languages for a given target lan-
guage) and measures transfer language selection
quality, specifically, how well language distances rank
potential source languages for a given target lan-
guage. The Normalized Discounted Cumulative Gain
(NDCG@3) metric evaluates whether our improved
distance calculations help identify the top-3 most
promising source languages for training, compared to
the empirically determined optimal source.

We conduct an ablation study to isolate the effect
of each contribution and to quantify its practical im-
pact on transfer predictions. Specifically, we train
LanaRank on URIEL+ distances following Softimpute,
under three configurations: (1) incorporating script
distances, (2) integrating languages from Gilottolog,
and (3) conducting expanded lineage imputation prior
to Softimpute. Transfer Performance is evaluated
using the Normalised Discounted Cumulative Gain
at rank 3 (NDCG@3), which measures alignment
between LanaRaNK’s predicted transfer language rank-
ings and the optimal language rankings.task transfer-
ability.

Results Table 6 demonstrates LanaRank perfor-
mance across ablations. Overall, performance gains
are task-specific, appearing incan be found in all
but two tasks studied (MT, EL). In particular, in-
corporating script distances significantly improves
LanaRaNk transfer predictions in part-of-speech tag-
ging and Taxi1500 topic classification. Simultane-
ously, expanded lineage imputation yields further im-
provements in SIB200 topic classification and DEP 2.
Given the high language coverage in these tasks (799
in Taxi1500, 197 in SIB200 (Ng et al., 2026)), most of
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which are low-resource, these improvements demon-
strate how our extensions to low-resource language
coverage support cross-lingual transfer.

Generally, while performance gains underscore
the utility of our contributions in choosing transfer
languages, improvements remain modest and fluctu-
ate between tasks and setups. Simply incorporating
script distance yields an average performance im-
provement of 6%, the highest among all other setups.
Moreover, many improvements do not reach statis-
tical significance, and our additions exhibit variable
performance impacts across tasks and setups. How-
ever, our downstream evaluation has limited scope for
assessing our additions. While we expand data cov-
erage in URIEL+ for mostly low-resource languages,
the downstream tasks primarily cover higher-resource
languages already attested in URIEL+ previously.
Thus, our downstream evaluation on transfer perfor-
mance does not directly benchmark the expanded
language coverage that we contribute. Therefore, we
turn to task-level patterns to better characterize where
our additions are effective.

The variation in performance gains across tasks
is informative and it highlights the conditions under
which our additions are most effective. For instance,
script vectors significantly improve transfer language
selection for POS tagging, where differences in writ-
ing system hamper transfer performance in morpho-
logical tasks (Murikinati et al., 2020), and where
languages sharing a script tend to share tokenisa-
tion behaviour (Xhelili et al., 2024; Zhuang et al.,
2025). Simultaneously, expanded lineage imputation
yields gains in tasks which include a larger propor-
tion of medium- and low-resource languages (S1B200,
POS2 and DEP2), consistent with the reduced data
sparsity of languages in those resource levels. Over-
all, our additions tend to improve transfer where they
provide information relevant to the task. This finding is
consistent with Ng et al. (2026), and underscores the
importance of multi-faceted approaches to improving
data coverage in URIEL+.

6. Conclusion

Our paper introduces a systematic approach to re-
ducing sparsity in the URIEL+ linguistic knowledge
base. By introducing script vectors for 7,488 lan-
guages, incorporating 18,710 languages from Glot-
tolog, and extending lineage imputation to 26,449
languages, we substantially improve data coverage,
particularly for low-resource languages. Script vec-
tors provide explicit representations of writing sys-
tems, supporting more reliable cross-lingual mod-
elling. The Glottolog additions expand the knowl-
edge base’s genealogical breadth, while expanded
lineage imputation propagates typological and script
features through these genealogies, filling gaps for
low-resource languages. These additions reduce

feature sparsity, increase language coverage, and
improve imputation quality metrics. Furthermore,
we benchmark the additions applicability in cross-
lingual transfer. By releasing our improvements, we
provide the NLP community with a more complete
and equitable foundation for multilingual research,
particularly benefiting under-represented languages.
We have provided a new release of URIEL+, with
our additions found here: https://github.com/
LeeLanguagelLab/URIELPlus.

7. Future Work

The lineage imputation scheme we explore is gen-
erally motivated by the agreement in feature values
between parent and child languages. However, it is
rather simple. We plan to explore more advanced im-
putation schemes that take advantage of the tree-like
structure of language phylogeny.

Furthermore, since URIEL+ is not synchronized
with Glottolog and ScriptSource, we intend to pe-
riodically update it using new releases from these
sources to maintain alignment with current language
and script metadata.

8. Limitations

Our work relies on existing data sources such as
ScriptSource and Glottolog. Therefore, it is subject to
any biases or inaccuracies present in them. We could
not perfectly replicate the baseline imputation qual-
ity results from URIEL+, despite running the same
code provided by (Khan et al., 2025) and achieving
the same feature coverage prior to imputation (see
syntactic, phonological, inventory, and morphological
feature coverage before expanded lineage imputation
in Figure 2). Consequently, the distances used in our
downstream experiments differed slightly, leading to
minor variations in downstream performance.

Furthermore, the features themselves have inher-
ent limitations. Script similarity does not always
equate to the deep linguistic similarity required for
complex downstream tasks. For example, script
vectors correctly capture that Persian and Arabic
share script features. However, Persian is an Indo-
European language while Arabic is Semitic. For a
task like machine translation, over-reliance on the
script signal could incorrectly suggest a stronger lin-
guistic relationship than exists, potentially adding a
misleading signal.

Similarly, our expanded lineage imputation oper-
ates on the heuristic that dialects share features
with their parent languages. While broadly effective,
this assumption can be flawed. A dialect may have
evolved a unique feature or, through language con-
tact, lost a feature that its parent retained. In such
cases, the imputation would be incorrect, adding a
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faulty data point that could negatively impact down-
stream tasks. Furthermore, any errors or biases in
the documented parent language features are sys-
tematically inherited by all descendants. This risks
potentially amplifying inaccuracies in our dataset, par-
ticularly for parent language where prestige varieties
are particularly favoured, as is common for many of
the low-resource families our method targets (Joshi
et al., 2020).

Finally, adding 18,710 languages from Glottolog to
URIEL+, each with genetic, geographic, typological
(syntactic, phonological, inventory, and morphologi-
cal), and script vectors, substantially increases the
time required to integrate all linguistic data sources in
URIEL+ (e.g. from a few minutes to often around an
hour).

9. Ethics Statement

This work builds upon publicly available linguistic
resources, including URIEL+, Glottolog, and Script-
Source. URIEL+ and Glottolog are both publicly view-
able and accessible, whereas ScriptSource is publicly
viewable but not openly accessible for bulk data ex-
traction or redistribution. Access to ScriptSource data
for this research was obtained with the explicit permis-
sion and assistance of the resource’s administrator, to
ensure compliant and responsible use. Furthermore,
we received the permission of the URIEL+ authors to
contribute and extend their work.

All data used in this work describe linguistic struc-
tures and writing systems, without involving person-
ally identifiable or user-generated content. Our pri-
mary objective is to address data sparsity in mul-
tilingual linguistic knowledge bases by systemati-
cally enriching low-resource features rather than col-
lecting new human data. While this enrichment
improves coverage, automatic feature propagation
through expanded lineage imputation may inadver-
tently reinforce existing typological biases from well-
documented languages. To mitigate this, we ensured
that the imputation procedure was transparent and re-
producible and we release all derived resources and
code under an open license to promote transparency
and community oversight.
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A. Additional Results for the Imputation
Quality Test

In addition to the imputation quality tests done in
Tables 4 and 5, another imputation quality test was
done in Table 7. This test has values filled with the ex-
panded lineage imputation procedure held out during
imputation evaluation. The imputation results from
this test are the results that users of URIEL+ would
see when they integrate all databases and impute
with both lineage imputation and Softimpute and are
the best imputation results of all quality tests done.

Table 7 shows that lineage imputation consistently
improves Softimpute performance across all vector
types and aggregations. The gains are most pro-
nounced for typological vectors, with recall increas-
ing from 0.7092 to 0.8477 (T 19.53%), F1 increasing
from 0.7841 to 0.8938 (T 13.99%), RMSE dropping
from 0.2964 to 0.2175 (| 26.68%), and MAE drop-
ping from 0.1961 to 0.1282 (| 34.69%), suggesting
that lineage imputation meaningfully fills in feature
gaps that Softimpute alone struggles with. We can
see even stronger individual improvements with re-
call and F1 for morphological vectors increasing from
0.5998 to 0.7223 (T 20.42%) and 0.6962 to 0.7999
(T 14.90%), respectively. We see RMSE and MAE
for phonological vectors decreasing from 0.2570 to
0.1833 (] 28.68%) and 0.1678 to 0.1087 (] 35.22%),
respectively. Script vectors show more modest but
consistent improvements across all metrics, which
is unsurprising given their already strong baseline
performance.

The better performance when lineage imputation
is considered alongside Softimpute is because lin-
eage imputation fills values that are highly predictable
from family structure—cases where a child language
inherits a feature directly from its parent. These are
structurally easy cases, and Softimpute tends to pre-
dict them well precisely because related languages
cluster together in feature space. Including them in
the evaluation therefore inflates scores relative to the
harder, non-lineage-covered positions, which explains
why the typological gains are so large. Typological
features have broader lineage coverage, meaning
more of these easy, family-consistent positions are
added back into the evaluation pool.
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