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Abstract

Existing linguistic knowledge bases such as001
URIEL+ provide valuable geographic, ge-002
netic and typological distances for cross-lingual003
transfer but suffer from two key limitations.004
One, their one-size-fits-all vector representa-005
tions are ill-suited to the diverse structures of006
linguistic data, and two, they lack a principled007
method for aggregating these signals into a sin-008
gle, comprehensive score. In this paper, we ad-009
dress these gaps by introducing a framework for010
type-matched language distances. We propose011
novel, structure-aware representations for each012
distance type: speaker-weighted distributions013
for geography, hyperbolic embeddings for ge-014
nealogy, and a latent variables model for typol-015
ogy. We unify these signals into a robust, task-016
agnostic composite distance. In selecting trans-017
fer languages, our representations and compos-018
ite distances consistently improve performance019
across a wide range of NLP tasks, providing a020
more principled and effective toolkit for multi-021
lingual research.022

1 Introduction023

Linguistic knowledge bases such as024

URIEL/URIEL+ (Littell et al., 2017; Khan025

et al., 2025) are foundational tools that quantify026

linguistic distance for over 7, 000 languages. These027

distances fall into three modalities, or feature028

categories: geographic (locations of languages),029

genetic (linguistic family trees), and typological030

(linguistic features unique to each language)1, as031

shown in Figure 1. These measures are widely032

used in cross-lingual transfer research to assess and033

leverage linguistic similarity between languages for034

tasks such as selecting optimal source languages035

for model training (Lin et al., 2019; Lauscher et al.,036

2020; Ruder et al., 2021; Khiu et al., 2024).037

As indicated by Toossi et al. (2024), URIEL038

represents languages in all three modalities as high-039

1The typological modality is also commonly referred to as
featural (e.g. in Khan et al., 2025).

dimensional Euclidean vectors, compared via angu- 040

lar distance. This uniform approach is convenient 041

but ill-suited for the diverse structures of linguistic 042

data. That is to say, it produces less meaningful dis- 043

tances and limits the effectiveness of cross-lingual 044

transfer where accurate representations of linguis- 045

tic distance is paramount. In our study, we address 046

this issue by proposing modality-specific distances 047

from new language representations. 048

Limitations in URIEL+ Representations 049

Geographic Both URIEL and URIEL+ repre- 050

sent each language by a single Glottolog coordi- 051

nate, with geographic vectors computed as great- 052

circle distances to 299 fixed reference points. This 053

single-point proxy misses multi-country and di- 054

aspora populations. It also reflects historical or 055

administrative geographical locations rather than 056

current speaker distributions which is a key deter- 057

minant for language contact (Nichols, 1992). For 058

example, English, French, and Spanish are pinned 059

near cities such as London, Paris, and Madrid, al- 060

though most speakers of these languages reside 061

elsewhere (Figure 1, Geographic). This can re- 062

sult in counter-intuitive discrepancies, causing lan- 063

guages with large, overlapping speaker communi- 064

ties to appear geographically distant and providing 065

misleading signals for transfer. 066

Genetic The current genetic representation flat- 067

tens the Glottolog tree into sparse, one-hot vectors 068

indicating language family membership (>3700 di- 069

mensions, 99.85% zeros), losing the crucial hierar- 070

chical structure of genetic relationships. This flat 071

representation counts shared ancestry at all lev- 072

els equally. For example, the close relationship 073

between German and English (West Germanic) 074

is given the same weight as the far more distant 075

relationship between German and Hindi (Indo- 076

European) (Figure 1, Genetic), obscuring fine- 077

grained distinctions essential for transfer. 078
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Figure 1: A demonstration of URIEL+ language representations versus our proposed representations, for each
modality. Distance scores are shown for URIEL+ (left number) and our proposed representation (right number).
Lower values indicate greater similarity.

Moreover, this representation is limited to ter-079

minal nodes (languages), failing to provide em-080

beddings for internal nodes (language families and081

sub-families), which are crucial for historical lin-082

guistics.083

Typological High-dimensional binary feature084

vectors are sparse, with correlated and sometimes085

redundant features, weakening the ability of angu-086

lar distances to capture meaningful structural simi-087

larity. For instance, features for “Subject-Object-088

Verb” and “Subject-Verb-Object” word order are089

highly correlated yet treated as independent signals,090

inflating distances between languages which differ091

on related features. Ng et al. (2025) showed that092

such redundancy and high dimensionality reduce093

the effectiveness of typological vectors in capturing094

meaningful structural similarity.095

Given the limitations in language representa-096

tions in URIEL and URIEL+ (especially for cross-097

lingual transfer), what makes a good language dis-098

tance for transfer? We claim that each modality099

should use a representation and distance suited to100

its structure. Therefore, we embed the original101

URIEL+ vectors into a form that captures the in-102

herent structure (e.g., the hierarchical genealogy)103

of each modality and compute distances on this 104

new representation. 105

Another fundamental limitation of URIEL+ is 106

that it cannot compute a cumulative distance using 107

all modalities. This forces researchers to choose 108

between signals (e.g., typology or genetics), even 109

though a unified metric is often preferred for practi- 110

cal applications such as transfer language selection 111

(Ahuja et al., 2022; Srinivasan et al., 2021). We ad- 112

dress this gap by developing a composite distance: 113

a weighted average of distances from individual 114

modalities, providing a single value that simplifies 115

applications in cross-lingual transfer. 116

Our paper rectifies the aforementioned issues 117

with the following contributions: 118

1. We formalize modality-matched language dis- 119

tances, introducing new representations and 120

distance metrics for each modality. 121

2. We propose a simple composite distance that 122

aggregates modality-specific distances. 123

Empirically, across the LANGRANK setting and 124

other transfer benchmarks, modality-matched dis- 125

tances consistently improve source language selec- 126

tion. 127
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2 Related Research128

URIEL in Cross-Lingual Transfer URIEL dis-129

tances serve as a strong predictor of transfer per-130

formance (Khiu et al., 2024; Philippy et al., 2023;131

Lauscher et al., 2020; Tran and Bisazza, 2019) be-132

tween languages, performing comparably to other133

linguistic measures (Eronen et al., 2023).134

Consequently, URIEL distances have been135

widely applied to enhance cross-lingual transfer,136

particularly in predicting the performance of multi-137

lingual models (Anugraha et al., 2025; Srinivasan138

et al., 2021; Xia et al., 2020; Patankar et al., 2022),139

selecting transfer languages (Lin et al., 2019; Ero-140

nen et al., 2023), and language model regulariza-141

tion (Adilazuarda et al., 2024), demonstrating its142

indispensable role in multilingual natural language143

processing (NLP).144

Distributional Representation of Geographic145

Data Moving from "language as a point" to "lan-146

guage as a distribution" is crucial for capturing147

signals from language contact (Dunn and Edwards-148

Brown, 2024; Nichols, 1992). Empirical audits149

show that single-point geography can mask bi-150

ases in data by under-representing where speak-151

ers actually reside (Faisal et al., 2022). A natu-152

ral method for comparing speaker distributions is153

the Wasserstein-1 distance (or Earth Mover’s dis-154

tance) (Villani, 2009), which measures the min-155

imum "work" needed to transform one distribu-156

tion into another. Optimal transport has proven157

effective in NLP for tasks such as measuring doc-158

ument similarity (Kusner et al., 2015), evaluating159

text generation (Clark et al., 2019), and aligning160

word embeddings (Zhang et al., 2017), making it a161

well-grounded choice for our geographic modality.162

Sparser Representations of Typological163

Data Typological feature sets are often high-164

dimensional, redundant, and noisy (Ng et al.,165

2025), with inconsistent feature choices yielding166

wide variation across studies (Ploeger et al., 2024;167

Poelman et al., 2024). Compact, structured repre-168

sentations can mitigate these issues, enhancing the169

utility of typological distances in downstream NLP170

tasks such as machine translation and evaluation171

set selection (Ng et al., 2025; Bjerva, 2024; Ramiz172

and Shahbaz, 2025; Ploeger et al., 2025; Hlavnova173

and Ruder, 2023).174

To achieve this, we turn to latent tree models175

(LTMs), which can uncover hidden structure from176

data without supervision. By grouping correlated177

features and capturing unobserved confounders, 178

LTMs produce task-agnostic, denoised embeddings 179

(Zwiernik, 2017; Williams et al., 2018) that have 180

proven effective for related tasks such as topic dis- 181

covery and sentence modeling (Mourad et al., 2013; 182

Chen et al., 2016; Williams et al., 2018). 183

Hyperbolic Representations of Genetic Data 184

Euclidean space (with flat curvature and polyno- 185

mial volume growth) poorly fits data where la- 186

tent structure is hierarchical or tree-like, and leads 187

to unnecessary distortion. URIEL+ vectors lie 188

such a flat space (see Appendix C). Instead, hyper- 189

bolic geometry offers a closer match as its expo- 190

nential volume growth aligns with the branching 191

of trees, enabling low-distortion, low-dimensional 192

embeddings. Nickel and Kiela (2017) showed that 193

Poincaré-ball embeddings capture WordNet hier- 194

archies with markedly less distortion and in fewer 195

dimensions than Euclidean baselines. Extending 196

this idea, Tifrea et al. (2018) adapted the commonly 197

used GloVe model to learn directly in hyperbolic 198

space, improving word similarity, analogy, and es- 199

pecially hypernymy detection. Beyond the Poincaré 200

model, the hyperboloid (Lorentz) model embeds 201

points in Minkowski space, simplifying certain op- 202

erations and often improving numerical stability 203

during training (Nickel and Kiela, 2018). 204

In multilingual NLP, incorporating linguistic ge- 205

nealogy assists cross-lingual transfer (e.g., by guid- 206

ing meta-learning with genetic structure or by ar- 207

ranging adapter modules to mirror the language 208

tree (Garcia et al., 2021; Faisal and Anastasopou- 209

los, 2022)). Prior hyperbolic work on languages 210

used cognate similarity to infer hierarchical rela- 211

tions (Nickel and Kiela, 2018). To the best of our 212

knowledge, our work is the first to directly embed 213

the comprehensive language hierarchy from Glot- 214

tolog (Hammarström et al., 2025) to hyperbolic 215

space, providing a novel application and a rigorous 216

empirical comparison of foundational geometric 217

embedding techniques on this linguistic resource. 218

Need for a Composite Distance Score A recur- 219

ring challenge in cross-lingual work is the need 220

to juggle multiple, often task-dependent, linguistic 221

distances without a single, reusable score. While 222

resources such as Khan et al. (2025) provide indi- 223

vidual distances, they do not offer a principled way 224

to aggregate them. Some methods fuse modalities 225

within a training objective (e.g., LINGUALCHEMY 226

regularises with typological, geographic, and ge- 227
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Modality Xm Zm fm dm

Geography Country L1 speaker
counts + centroids

Distribution over
locations (speaker shares)

Normalise counts to a
probability distribution

Earth Mover’s distance

Genetic Glottolog genealogy Hyperboloid Embeddings Learn embeddings Hyperbolic distance
Typology Binary features Posteriors over latent

“islands”
Fit islands; map to
posteriors

Angular distance

Table 1: Summary of modality representations and their distances. Distances are normalised and may be aggregated
into a composite distance.

netic vectors), but these do not yield a calibrated,228

standalone language-to-language distance metric229

(Adilazuarda et al., 2024). This motivates our goal230

of creating a single, normalized composite score231

usable across tasks and languages.232

Representation Requirements From Prior Work233

Synthesizing the evidence above, we adopt four234

requirements for cross-lingual distance:235

• Geography as distributions: Languages236

should be represented as dispersed speaker237

distributions, not as single points.238

• Genealogy as hierarchy: Distances should239

respect language ancestor–descendant struc-240

ture.241

• Typology as low-noise factors: Redun-242

dant/correlated features should be compressed243

into a compact representation.244

• Composability: Modality-specific distances245

should be normalised so they can be aggre-246

gated into a single composite score.247

3 Modality Representations and248

Cross-Modal Composition249

The central premise in this work is that each modal-250

ity benefits from a representation that matches its251

latent structure. To illustrate, we briefly review the252

modalities in URIEL+, and introduce our modality253

matched representations and distances along with254

describing we may combine them. A summary of255

the representations is presented in Table 1.256

3.1 Formalizing Modalities257

Let L denote the set of languages and let M denote
modalities in URIEL+:

M = {geography, genetic, typology}.

For each modality m ∈ M , let Xm be the raw258

data space (e.g. country/territory speaker counts259

for geography, the Glottolog genealogy counts 260

for genetic, derived latent vectors from typolog- 261

ical information). For a language ℓ ∈ L, we 262

write xℓ(m) ∈ Xm for its raw modality-specific 263

data. For example, xGerman(geo) corresponds to 264

the geography vector for the German language in 265

URIEL+. 266

For each m ∈ M we specify a representation 267

mapping fm : Xm → Zm, where Zm is an appro- 268

priate representation space. For instance, if m = 269

genetic, then Zm has to capture the hierarchical 270

structure of the family tree of a particular language. 271

After representing each modality vector for a lan- 272

guage ℓ in the new representation space, denoted 273

fm(xℓ(m)), we compute distances between these 274

using a normalised distance dm ∈ [0, 1] defined on 275

Zm. 276

3.2 Geography as Distributions 277

Representing a language with a single point ig- 278

nores effects from language contact, arising from 279

multi-country speaker populations shaped by glob- 280

alization and migration. Modeling languages by 281

the geographical distribution of speakers captures 282

dispersion and overlap across regions, providing 283

a population-aware geographic signal that better 284

reflects the geographic proximity of languages. 285

We source from Ethnologue (Eberhard et al., 286

2025) the number of L1 language speakers per 287

language per country to model each language as 288

a discrete probability distribution over locations, 289

with mass proportional to the share of speakers at 290

those locations. We use L1 speaker counts from 291

Ethnologue due to its broad language coverage 292

and standardized data collection. However, we ac- 293

knowledge that this presents reproducibility chal- 294

lenges (see the limitations section). In particular, 295

for language ℓ ∈ L, let the location (i.e. coun- 296

tries or territories) where ℓ is spoken be indexed by 297

i = 1, . . . ,m, with geographic centroids yi ∈ S2 298

(WGS84) and L1 speaker counts nℓ,i ≥ 0 (Kar- 299

ney, 2013). To calculate the distance between these 300
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speaker distributions, we normalize speaker counts301

nℓ,i in each location i, yielding the share of speak-302

ers of language ℓ at location i, wℓ,i. This produces303

the distribution Pℓ = {(yi, wℓ,i)}mi=1. Essentially,304

each language ℓ is represented by a list of locations305

(represented as coordinates) with weight wℓ,i corre-306

sponding to the proportion of L1 speakers residing307

there. We, therefore, define fgeo as the mapping308

xℓ(geography) 7→ Pℓ.309

A natural distance measure dgeo between speaker310

distributions is the Earth Mover distance. To define311

it, suppose that ℓ1 7→ Pℓ1 = {(yi, wℓ,i)}mi=1 and312

ℓ2 7→ Pℓ2 = {(zi, vℓ,i)}ni=1. We define the set of313

feasible transport plans314

Π(Pℓ1 ,Pℓ2) =
{
π ∈ Rm×n

≥0

∣∣∣ ∑
j πij=wi∑
i πij=vj

}
315

Allowing us to define language distance as

dgeo(ℓ1, ℓ2) =
1

Dmax
min
π∈Π

m∑
i=1

n∑
j=1

πijdg(yi, zj)

where dg is the shortest distance between the two316

geographic centroids that remain on the Earth’s317

surface, also known as the geodesic distance; and318

Dmax = maxx,y∈S2 dg(x, y), representing the319

geodesic distance between the two poles on Earth.320

This metric iterates through all possible methods321

of transforming one speaker distribution into an-322

other, choosing the one requiring the least work.323

After normalization, this yields a distance between324

speaker distributions. A proof that this normaliza-325

tion is valid is provided in Appendix B.326

3.3 Genealogy as Hierarchy327

To overcome the issues described in section 1,
we propose a principled, structure-preserving ap-
proach by learning dense embedding vectors for the
entire Glottolog genealogical tree, including fami-
lies, languages, and dialects, in a low-dimensional,
continuous space. The ideal geometric space for
this task is hyperbolic geometry, whose metric
properties are intrinsically suited for representing
hierarchical data with minimal distortion. The
space’s negative curvature and exponential vol-
ume growth provide a natural geometric analogue
to the branching, tree-like structure of linguis-
tic evolution, where the number of descendants
grows exponentially with depth from the proto-
language root. Formally, we represent the Glot-
tolog genealogy tree as a directed acyclic graph

G = (V,E), where V is the set of linguistic enti-
ties (nodes), and E contains the directed parent-
to-child edges. Our goal is to learn an embedding
function fgen : V → Hd that maps each node
v ∈ V to a point in the d-dimensional hyperbolic
space. We explored two isometric models of hy-
perbolic geometry: the Poincaré disk model and
the hyperboloid model, and denote the hyperbolic
distance between a and b as dHyp(a, b). The learn-
ing objective is designed to encourage the geo-
metric arrangement of embeddings inHd to faith-
fully reflect the complete genealogical topology
of G. To enforce this globally, we define our set
of positive training pairs, P , as the transitive clo-
sure of the parent-child edges in E, meaning that
a pair (u, v) ∈ P if and only if u is an ancestor
of v. Hence, following (Nickel and Kiela, 2017,
2018), for each positive pair (u, v) ∈ P , we adopt
a contrastive objective, sampling K negative nodes
{w1, . . . , wK} that are not descendants of u, and
define the objective per pair as

L(u,v) =
exp(−d(u, v))∑K

k=1 exp(−d(u,wi))
.

The total objective is L(u,v) summed over all posi- 328

tive pairs: L =
∑

(x,y)∈P L(x,y). Maximizing this 329

objective pulls each positive pair closer to each 330

other while simultaneously pushing negative pairs 331

farther apart, thus encouraging hierarchical fidelity. 332

The derived distance metric on Zm is given 333

by dgen = dHyp(a, b)/Dmax. Here Dmax is the 334

maximum pairwise hyperbolic distance. This en- 335

sures that the distance is bounded in [0, 1]. In pre- 336

liminary experiments, the hyperboloid model per- 337

formed stronger in ancestor retrieval tasks. Thus, 338

we adopt the hyperboloid embeddings and distance 339

metric for LANGRANK experiments and evaluation. 340

Further details are in Appendix C. 341

3.4 Typology as Low-Noise Factors 342

A natural choice to understand confounding vari- 343

ables and inherent structure in language typology 344

is latent tree models (LTM). We use this to cluster 345

typological features into groups (termed “islands”) 346

governed by latent variables that capture confound- 347

ing variables, co-occurence structure, while ad- 348

dressing redundancy. We obtain a dimensionality 349

reduction mapping f typ from this method. 350

Given a subset of binary typological features 351

wℓ = (wℓ,1, . . . , wℓ,m), we introduce a latent vari- 352

able Z with k = 2 states and conditional proba- 353

bilities θjk := P(wℓ,j = 1 | Z = k) learned by 354
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Table 2: List of the NLP tasks applied to LANGRANK. “Target” and “Source” refers to the number of source and
target languages where models are tested and trained on, respectively. Related works link to previous applications in
choosing transfer languages based on langauge distances.

Task Type Dataset Related Work Model Metric Target Source

Machine Trans. TED Lin et al. (2019) RNN+Attn BLEU 54 54

Dep. Parsing
UD v2.2 Lin et al. (2019) Biaffine Accuracy 30 30
UD v2.14 Blaschke et al. (2025) UDPipe 2 LAS 152 70

POS Tagging
UD v2.2 Lin et al. (2019) BiLSTM Accuracy 60 26
UD v2.14 Blaschke et al. (2025) UDPipe 2 UPOS 152 70

Entity Linking Wikipedia Lin et al. (2019) BiLSTM Accuracy 54 9

Topic Class.
Taxi1500 – mBERT Macro F1 799 33
SIB200 Blaschke et al. (2025) XLM-R Macro F1 197 160

NLI XNLI Philippy et al. (2023) mBERT Accuracy 15 15

Expectation–Maximization (Dempster et al., 1977),355

where priors are initialized uniformly and condi-356

tionals are initialized randomly. We perform early357

stopping via a modified Bayesian Information Cri-358

terion (BIC) 2 which penalizes log-likelihood and359

the number of parameters quadratically, encourag-360

ing more balanced clusters.361

To scale beyond a single latent variable, we im-362

plement a greedy algorithm to obtain multiple “is-363

lands”. Iteratively, we repeat the following process:364

(i) initialize an active set using the pair of fea-365

tures with highest Mutual Information (MI) (Peng366

et al., 2005) not yet assigned to any latent vari-367

able; (ii) add the feature yielding the highest MI368

with the features in the active set; (iii) attempt to369

split the active set into two using the modified BIC;370

(iv) if the split is preferred, refine by testing fea-371

ture switches across the two groups to further im-372

prove BIC. When a split is accepted, we obtain two373

groups G1, G2. We define the larger group as an374

island, associating it with a latent variable zi, and375

store its mi×2 parameter matrix (θjk) as a cluster.376

The remaining features return to the pool and the377

process repeats.378

Finally, a typological vector xℓ(typ) is mapped379

to the concatenated posterior vector380

p(wℓ) :=
(
P(zi = 0 | wℓ), P(zi = 1 | wℓ)

)n
i=1

⊤.381

where n is the number of islands. This representa-382

tion is naturally normalized per island. We com-383

pute angular distances on our representation, as384

is done by default in Khan et al. (2025), due to385

its sensitivity to the proportional relationships be-386

tween posterior probabilities across islands, rather387

2See Appendix D for implementation details.

than their absolute magnitudes; thus making it a 388

robust metric for comparing the structural profiles 389

of languages. 390

3.5 Composability: Aggregating Distances 391

Practitioners often desire a single distance score
between languages. Given nonnegative modality
weights w ∈ R|M |

≥0 with
∑

m∈M wm = 1, we de-
fine the normalised composite distance

D(ℓi, ℓj) :=
∑
m∈M

wmdm(fm(xℓi(m), xℓj (m)).

Although the weights can be learned specifically 392

for a given cross-lingual transfer task, the simplest 393

case is to simply let wm = 1/|M | for all m. In do- 394

ing so, D collapses to a simple average–this serves 395

as a strong default. It assumes the user does not 396

want to favour any particular modality when eval- 397

uating how distant language is. Furthermore, it is 398

simple and robust, requiring no task-specific tun- 399

ing. Nonetheless, we present alternative ways to 400

select weights in Appendix E. 401

4 Validation on Downstream Tasks 402

Although prior work on evaluating distance mea- 403

sures have mostly explored the impact of individ- 404

ual distances on transfer performance (Lauscher 405

et al., 2020; Philippy et al., 2023; Blaschke et al., 406

2025), we aim to faithfully illustrate the utility of 407

our language representations in enhancing cross- 408

lingual transfer by applying LANGRANK (Lin et al., 409

2019), a widely used framework for choosing trans- 410

fer (source) languages for cross-lingual NLP tasks 411

utilizing decision trees. 412
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Table 3: The impact of distance metrics on performance loss when picking the top transfer language from LangRank.
Values are regression coefficients ± standard error, measured in percentage points. Baseline rows represent the
intercept, indicating the performance loss when using URIEL+ representations for each modality. Lower is better.
Results where p < 0.05 are shown in bold. Color corresponds to the percentage change in performance loss.

Modality Representation DEP EL MT POS

Baseline: 11.4± 2.9 30.0± 6.2 12.5± 1.8 27.9± 4.4

Typ Laplacian 0.8± 1.0 −3.8± 2.8 0.7± 0.9 −2.1± 1.9

Islands 0.5± 1.0 −1.2± 2.8 −1.0± 0.9 −0.4± 1.9

Geo Speaker 0.6± 0.7 −7.4± 2.0 −1.0± 0.6 −0.3± 1.3

Gen Hyperbolic −0.9± 0.7 3.6± 2.0 −4.5± 0.6 −1.0± 1.3

Modality Representation Taxi1500 SIB200 XNLI UD2.8 POS UD2.8 DEP

Baseline: 38.1± 0.5 16.9± 1.1 6.2± 1.2 27.4± 1.5 35.6± 1.9

Typ Laplacian 0.4± 0.3 −0.2± 0.5 0.4± 0.6 1.8± 0.8 1.5± 0.9

Islands −0.9± 0.3 −1.4± 0.5 −2.4± 0.6 −0.6± 0.8 −1.8± 0.9

Geo Speaker −2.1± 0.2 −0.6± 0.3 0.1± 0.4 −1.6± 0.6 0.7± 0.6

Gen Hyperbolic 2.7± 0.2 1.0± 0.3 −0.1± 0.4 −2.6± 0.6 −3.9± 0.6

4.1 Experimental Setup413

Table 2 lists the tasks studied. Based on the find-414

ings in Blaschke et al. (2025), we augment the orig-415

inal framework with five new tasks: Taxi1500 (Ma416

et al., 2025), due to its sizeable language coverage;417

XNLI (Conneau et al., 2018), SIB200 (Adelani418

et al., 2024), along with dependency parsing and419

part-of-speech tagging tasks from Universal De-420

pendencies (Nivre et al., 2020), where the relation-421

ship between transfer performance and language422

distance was previously determined (Philippy et al.,423

2023; Blaschke et al., 2025). This expanded evalu-424

ation serves to support the generalizability of our425

findings across tasks and languages.426

We utilize “performance loss” to measure how427

well LANGRANK enhances cross-lingual perfor-428

mance in NLP tasks. Performance loss is defined as429

the relative loss in performance when transferring430

from the top-1 language chosen by LANGRANK,431

compared to the performance of the optimal source,432

for a given target language. 3 This setup demon-433

strates the real-world impact of language represen-434

tations on cross-lingual transfer more accurately.435

Using only language distances as features, we436

conduct an ablation study by training LANGRANK437

with distances from different representations 4. For438

the genetic modality, we ablate on the URIEL+439

and hyperbolic representations; for the typological440

modality, we additionally ablate on the represen-441

tation applying Laplacian Score feature selection442

3See Appendix F.2 for the formal definition.
4See Appendix F for the full setup, and hyperparameters.

(He et al., 2005) on URIEL+ typological vectors, 443

which was found to be a robust selection method 444

for LANGRANK in Ng et al. (2025). Within each 445

ablation and task, we conduct leave-one-language- 446

out cross-validation (i.e. testing performance loss 447

for each target language). 448

Collecting scores across folds and ablations, we 449

fit a linear mixed-effects model with performance 450

loss as the dependent variable, three categorical 451

variables indicating the representation used as fixed 452

effects, and a random intercept measuring baseline 453

URIEL+ performance. Model parameters are es- 454

timated via L-BFGS optimization. This approach 455

allows us to estimate the impact of each representa- 456

tion, while accounting for variability across folds. 457

4.2 Results 458

The impact of our new representations on cross- 459

lingual transfer performance is detailed in Table 3. 460

First, we observe that baseline performance losses 461

varied from 6.2 - 38.1 between tasks, confirming 462

that, even when applying URIEL+ distance mea- 463

sures, LANGRANK remains a viable and robust 464

choice for choosing transfer languages. 465

Next, there usually exists some combinations 466

of language representations that significantly im- 467

prove cross-lingual performance. Notably, our rep- 468

resentations can substantially reduce transfer er- 469

ror. For example, in the XNLI task, using our la- 470

tent islands representation for typology reduces the 471

baseline performance loss of 6.2 by 2.4 points (a 472

39% improvement). Similarly, for Machine Trans- 473

lation, our hyperbolic genetic embeddings reduce 474
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the baseline loss of 12.5 by 4.5 points (a 36% im-475

provement).476

These consistent reductions in performance loss477

highlight how our representations generally outper-478

form URIEL+, in particular for the low-resource479

languages in our evaluation (e.g. Taxi1500 contains480

764 low-resource languages5). Through aligning481

representations and distance metrics with the inher-482

ent structure of linguistic modalities, our frame-483

work unlocks more nuanced signals for cross-484

lingual transfer.485

These results however illustrate a cautionary tale:486

although our representations can significantly im-487

prove performance, there are instances where swap-488

ping out URIEL+ representations worsens perfor-489

mance. This task-dependent variability suggests a490

deeper interplay between the nature of a task and491

the linguistic information most salient to it. We hy-492

pothesize, for instance, that tasks highly sensitive493

to language contact and lexical borrowing, such as494

certain classification or entity linking tasks, benefit495

most from our speaker distribution model, which496

explicitly captures geographic overlap.497

Conversely, tasks focused on deep syntactic498

structure might have a more complex relationship499

with genealogy; while our hyperbolic embeddings500

faithfully model the Glottolog hierarchy, the trans-501

ferability of syntax may be influenced more by502

recent, horizontal contact phenomena or areal fea-503

tures not captured by vertical descent alone. The504

finding that the impacts of each new representa-505

tion are task-dependent aligns with Blaschke et al.506

(2025); therefore, in there exists no one-size-fits-all507

solution for cross-lingual transfer.508

Table 4: Performance loss when choosing top-1 transfer
languages using composite distances. Lower is better.
Compare with scores in the baseline row in Table 3.

Task DEP EL MT POS XNLI
Score 9.9 25.6 11.2 22.8 3.5

Task Taxi SIB POS 2 DEP 2
Score 46.7 14.4 21.3 36.7

Composite Distances. We additionally bench-509

mark the performance loss incurred when choosing510

transfer languages based on the composite distance511

measure from Section 3.5. Defining wm = 1
|M | ,512

5Applying the definition of “low-resource language” from
Joshi et al. (2020).

this distance measure averages over distances from 513

our new representations in each modality. 514

The utility of this composite distance is shown 515

in Table 4. Our results demonstrate that the com- 516

posite distance serves as a strong general-purpose 517

baseline. On most of the tasks evaluated, including 518

Entity Linking (25.6 vs. a baseline of 30.0) and 519

XNLI (3.5 vs. a baseline of 6.2), it reduces perfor- 520

mance loss compared to using URIEL+ distances 521

alone. However, its substantial under-performance 522

on tasks such as Taxi1500 classification (46.7 loss 523

vs. a baseline of 38.1) highlights that a simple, un- 524

weighted average can obscure the most important 525

modality for certain applications, reinforcing the 526

need for our flexible, task-aware toolkit. 527

This metric addresses a long-standing need in 528

the community for a single, reliable score for lan- 529

guage similarity. Additionally, our framework en- 530

ables future work in learning weights based on 531

relevance to specific tasks, yielding supplementary 532

performance gains while gaining insights into the 533

linguistic aspects most salient for different tasks. 534

5 Conclusion 535

We presented a new framework for computing lin- 536

guistic distance based on modality-matched repre- 537

sentations. Our novel, structure-aware methods for 538

geography (speaker distributions), genealogy (hy- 539

perbolic embeddings), and typology (latent feature 540

islands) were designed to better capture the unique 541

characteristics of each linguistic signal. 542

Our experiments confirm that the utility of these 543

representations is fundamentally task-dependent– 544

no single metric is optimal for all scenarios. This 545

finding reframes our contribution as a flexible 546

toolkit for cross-lingual research, empowering 547

practitioners to choose the most suitable distance 548

metric for their specific application. As a general 549

alternative, we proposed a composite distance that 550

averages these signals. While this score provides 551

a strong, general-purpose baseline that improves 552

over URIEL+ on a majority of the tasks we tested, 553

its under-performance on some tasks highlights 554

that a simple, unweighted average can obscure the 555

most important modality for certain applications, 556

reinforcing the need for our flexible, task-aware 557

toolkit. To encourage community participation, we 558

release all our code for more principled investiga- 559

tions into linguistic distance: https://anonymous. 560

4open.science/r/language-representations. 561
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Limitations562

Data Sources. Our work fundamentally relies on563

existing linguistics sources, and therefore inherits564

any inaccuracies or incomplete data, which may565

affect the quality of language representations un-566

equally. In particular:567

• Our speaker distribution model is founded on568

the basis that geographic proximity of speak-569

ers influence language contact, but this model570

is constrained by the granularity and scope of571

Ethnologue. It relies on national-level speaker572

counts, which may not accurately capture the573

precise distribution of speakers. Additionally,574

Ethnologue does not consider other factors in-575

fluencing speaker interactions, such as time,576

topography, and culture. Furthermore, as the577

data from Ethnologue is proprietary, this pre-578

vents us from publicly releasing our represen-579

tations.580

• Hyperbolic embeddings are designed to solely581

model the Glottolog tree. However, Glot-582

tolog represents only one specific model of583

language history that is subject to ongoing584

linguistic research and revision.585

• Our latent feature islands method offer another586

representation of URIEL+’s typolpogical data,587

but remains subject to the issue of sparsity.588

Specifically, 87% of values in URIEL+ are589

missing (Ng et al., 2025). This impacts the ac-590

curacy of our representations, with potentially591

more pronounced effects on low-resource lan-592

guages.593

Evaluation Scope. Our evaluation was con-594

ducted across a diverse but limited set of NLP tasks.595

Since the effects of language representations have596

been shown to be task-specific, the proposed rep-597

resentations are not guaranteed to be applicable598

to other tasks not studied here. Our results fur-599

ther demonstrate variability in performance even600

within the same tasks (such as between XNLI and601

SIB200), likely originating from other factors such602

as data domain, choice of model, language cover-603

age, etc. Moreover, we focus on the application of604

language distances on choosing transfer languages605

using LANGRANK only; the utility of our language606

representations on other frameworks and/or appli-607

cations remains unexplored.608

Distance Measures. While our work demon- 609

strates the strength of distances from new language 610

representations, these singular numerical distances, 611

even in a focused direction, cannot fully capture 612

the complexity in linguistic relationships. Fur- 613

thermore, the task-agnostic composite distance we 614

present should not be considered as universally ef- 615

fective. More complex, non-linear models, adapted 616

to specific tasks, could potentially yield further 617

gains, which we leave for future work. 618

To mitigate these issues and promote accessi- 619

bility, we release our full codebase. Furthermore, 620

while the speaker distributions cannot be released 621

due to data licensing, we publicly release our Hy- 622

perbolic genetic embeddings and Latent Island ty- 623

pological representations to encourage more prin- 624

cipled investigations into linguistic distance. 625

Ethics Statement 626

The intention of this study is to enhance the repre- 627

sentations of the world’s languages, with the ulti- 628

mate aim of improving cross-lingual performance, 629

while promoting equity and inclusivity, in language 630

technologies. 631

No personally identifiable or sensitive data was 632

used in this study. However, our work relies on es- 633

tablished linguistic knowledge bases and datasets, 634

and we acknowledge that our work is subject to 635

any biases or inaccuracies in these sources, which 636

may particularly under-represent low-resource lan- 637

guages or certain speaker communities. 638

We further recognize that our proposed meth- 639

ods may be computationally intensive, which can 640

create barriers for researchers with limited com- 641

putational resources. To promote accessibility and 642

reproducibility, we release our code and language 643

representation data where possible. 644
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A Language Coverage of Representations 958

We report the number of languages covered by our 959

language representations in Table 5. 960

Representation Number of languages
Speaker 6695
Hyperbolic 7836
Islands 4555

Table 5: Number of languages with data per representa-
tion.

Although URIEL+ nominally enables distance 961

computations for 8171 languages, coverage within 962

each modality varies, as the underlying data sources 963

contain information for only subsets of languages. 964

Our proposed representations are subject to sim- 965

ilar limitations, namely being constrained by the 966

language coverage of Ethnologue, Glottolog, and 967

URIEL+. The hyperbolic embeddings represent 968

families, languages, and dialects, totaling 26223 969

entities. Moreover, the combined breadth of these 970

resources remains considerable, underscoring their 971

utility in cross-lingual transfer particularly for less- 972

resourced languages. 973

B Geographic Distance Metric 974

Derivations 975

Here, we prove the normalization property of the
geographic distance we discuss in section 3.2.
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Denote the Wasserstein-1 distance by W1. We
know that for any two languages P,Q we have
W1(P,Q) ≤ Dmax because we can always design
a transport plan π such that

m∑
i=1

n∑
j=1

πijc(xi, yj) ≤ Dmax.

The details of this plan π are as follows. For every976

(i, j) pairing, we set πij = wi · vj . We first check977

that this is a valid transport plan.978

1. It is clear that for all i, j, wi, vj ≥ 0, πij ≥ 0.979

2. For any i, we see that
n∑

j=1

πij =
n∑

j=1

(wi·vj) =980

wi

n∑
j=1

vj = wi · 1 = wi.981

3. For any j, we see that
m∑
i=1

πij =

m∑
i=1

(vj ·982

wi) = vj

m∑
i=1

wi = vj · 1 = vj .983

Hence, this is a valid plan. Then, we know that984

for any two points on earth x, y, that dg(x, y) =985

c(x, y) ≤ Dmax. Therefore, plugging this inequal-986

ity into the above summation using the aforemen-987

tioned transport plan gives us that988

m∑
i=1

n∑
j=1

πijc(xi, yj)989

≤
m∑
i=1

n∑
j=1

πijDmax990

=
m∑
i=1

n∑
j=1

(wi · vj)Dmax991

=
m∑
i=1

n∑
j=1

(wi · vj)Dmax992

= Dmax

m∑
i=1

wi

n∑
j=1

vj993

= Dmax994

Now, from the definition of Wasserstein-1 dis-
tance, we know that

W1(P,Q) ≤
m∑
i=1

n∑
j=1

πijc(xi, yj) ≤ Dmax,

and this statement is proved. In addition, normal- 995

izing based on antipodal distance is also the tech- 996

nique implemented by URIEL+, which gives cre- 997

dence to this normalization technique. 998

C Genetic Embedding: Geometry & 999

Optimization Details 1000

This appendix collects the implementation details 1001

that were omitted from the main body but are nec- 1002

essary to reproduce the genetic embeddings in each 1003

geometry. 1004

C.1 Poincaré Ball Model 1005

We work in the open unit ball Bd = {x ∈ Rd : 1006

∥x∥2 < 1} endowed with the Riemannian metric 1007

gx =

(
2

1− ∥x∥22

)2

Id. 1008

Translations use Möbius addition 1009

u⊕v =
(1 + 2⟨u,v⟩+ ∥v∥22)u+ (1− ∥u∥22)v

1 + 2⟨u,v⟩+ ∥u∥22∥v∥22
, 1010

with the denominator clamped to ≥ ϵ. The opti- 1011

mization uses Riemannian stochastic gradient de- 1012

scent. Given a Euclidean gradient ge, it is first 1013

converted to a Riemannian gradient in the tangent 1014

space of x by scaling: 1015

gr =
(1− ∥x∥22)2

4
ge. 1016

The update is then performed by moving along the 1017

geodesic in the direction of −gr: 1018

xt+1 = xt ⊕
(
tanh

(
ηλxt∥gr∥2

2

)
−gr
∥gr∥2

)
, 1019

where η is the learning rate. After the update, if a 1020

point y lands outside the unit ball due to numeri- 1021

cal instability, it is projected back to the boundary 1022

by rescaling: y ← y 1−ϵ
∥y∥2 . For the geodesic dis- 1023

tance (defined in the main body), the argument 1024

of cosh−1(·) is clamped to ≥ 1 + ϵ for numerical 1025

stability. 1026

C.2 Hyperboloid Model 1027

We embed in 1028

Hd = {x ∈ Rd+1 : ⟨x,x⟩L = −1, x0 > 0} 1029

with Lorentzian inner product 1030

⟨x,y⟩L = −x0y0 +
d∑

i=1

xiyi. 1031
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For the hyperbolic distance (defined in the main1032

body), we clamp −⟨u,v⟩L to ≥ 1 + ϵ. Optimiza-1033

tion in the hyperboloid model is performed by ap-1034

plying the following update steps for a point x with1035

a corresponding Euclidean gradient ge:1036

1. Gradient Projection: The Euclidean gradient1037

ge is projected onto the tangent space at x to1038

obtain the Riemannian gradient gr. Let gLe1039

be the gradient with its time-like coordinate1040

negated. Then,1041

gr = gLe + ⟨x, gLe ⟩Lx.1042

2. Gradient Clipping: The norm of the Rieman-1043

nian gradient is clipped to a maximum value1044

of cg:1045

gr ← gr ·min

(
1,

cg
∥gr∥L

)
.1046

3. Exponential Map: The point is updated by1047

moving along the geodesic. The tangent vec-1048

tor for the update is u = −ηgr, where η is the1049

learning rate. This produces an intermediate1050

point, x̃:1051

x̃ = cosh(∥u∥L)xt + sinh(∥u∥L)
u

∥u∥L
.1052

4. Manifold Projection: As a final safeguard, the1053

intermediate point x̃ is projected back to the1054

hyperboloid to yield the final updated point1055

xt+1. This step also prevents numerical over-1056

flow by clipping the norm of the spatial com-1057

ponents of x̃ (denoted x̃1:) to a maximum of1058

cs:1059

xt+1 =
[√
∥x′

1:∥22 + 1,x′
1:

]
1060
1061

where x′
1: = x̃1: ·min

(
1,

cs
∥x̃1:∥2

)
.1062

The clipping thresholds cg and cs are hyperparam-1063

eters.1064

C.3 Reconstruction Metrics and Results1065

To evaluate how well the learned embeddings cap-1066

ture the original hierarchical structure, we per-1067

form a link prediction task focused on ancestor-1068

descendant relationships. For each node u in the1069

graph V , we rank all other nodes v ∈ V \{u} based1070

on their geometric distance d(u, v) in ascending or-1071

der. We treat the set of true ancestors of u, denoted1072

A(u), as the positive items to be retrieved. From1073

this ranking, we compute two retrieval metrics:1074

Mean Rank (MR) and Mean Average Precision1075

(MAP).1076

Mean Rank (MR) This metric measures 1077

the average rank of a true ancestor. For each 1078

descendant-ancestor pair (u, a) where a ∈ A(u), 1079

we compute the rank of a in the distance-sorted 1080

list of nodes relative to u. A lower MR in- 1081

dicates better performance, as it means true 1082

ancestors are, on average, found closer to their 1083

descendants in the embedding space. The 1084

rank is formally defined as: rank(a, u) = 1 + 1085

|{v ∈ V \ (A(u) ∪ {u}) : d(u, v) < d(u, a)}| . 1086

The final MR is the average of these ranks over all 1087

true descendant-ancestor pairs in the graph. 1088

Mean Average Precision (MAP) MAP provides 1089

a more comprehensive measure of ranking quality 1090

by rewarding models that place many true ances- 1091

tors early in the ranked list. For each node u, we 1092

first compute its Average Precision (AP), which is 1093

the average of precision values at each rank k that 1094

contains a true ancestor: 1095

AP(u) =
∑|V |−1

k=1 P (k)× I(vk ∈ A(u))
|A(u)|

, 1096

where vk is the node at rank k, P (k) is the precision 1097

at rank k (i.e., the fraction of true ancestors in the 1098

top k results), and I(·) is the indicator function. The 1099

final MAP score is the mean of these AP scores 1100

over all nodes in the graph. A higher MAP score 1101

indicates better performance. 1102

Results The performance of our genetic embed- 1103

ding algorithm across different geometries and di- 1104

mensions is summarized in Table 6. The results 1105

clearly show that hyperbolic geometries (Hyper- 1106

boloid and Poincaré) significantly outperform Eu- 1107

clidean geometry, especially at lower dimensions. 1108

The Hyperboloid model consistently achieves the 1109

best scores, demonstrating its effectiveness in cap- 1110

turing the hierarchical relationships of the data. 1111

Hence, we select the Hyperboloid model. 1112

D Implementation Details for Latent Tree 1113

Models. 1114

We employ a modified Bayesian Information Cri- 1115

terion (BIC) defined as 2k2log(n) − 2l, where k 1116

denotes the number of parameters, l is the log- 1117

likelihood, and n is the number of samples. This 1118

modified criterion, which penalizes the number 1119

of parameters quadratically, more strongly discour- 1120

ages models with a large number of free parameters 1121

compared to the traditional linear penalty. In our 1122

greedy clustering context, this helps prevent the 1123
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Table 6: Reconstruction performance on the ancestor re-
trieval task. We report Mean Rank (MR) and Mean Av-
erage Precision (MAP) for each geometry across varying
embedding dimensions (Dim).

Geometry Dim MR MAP

Hyperboloid

2 6.3329 0.6743
5 2.5227 0.8723
10 1.3674 0.9513
50 1.2518 0.9581

Poincaré

2 6.9936 0.5969
5 2.1246 0.8601
10 2.0591 0.8633
50 2.1478 0.8463

Euclidean

2 274.0730 0.1910
5 147.7106 0.3043
10 56.3716 0.4286
50 3.3975 0.7180

algorithm from forming many small, fragmented1124

clusters, instead favoring more balanced and struc-1125

turally coherent feature islands. This modified cri-1126

terion tends to produce more balanced clusters than1127

the conventional BIC formulation. When comput-1128

ing the BIC values for two clusters, there is a higher1129

penalty for having imbalanced cluster sizes.1130

To learn a latent variable for a subset of features,1131

we run the Expectation–Maximization algorithm1132

with five restarts with random initializations to1133

mitigate the risk of convergence to local optima.1134

The resulting model yields 325 feature clusters,1135

each associated with a latent variable. Cluster sizes1136

range from 1 to 11. To assess whether the algorithm1137

effectively groups correlated features, we compute1138

the absolute Pearson correlation among features1139

within each cluster as a measure of intra-cluster1140

association strength. For clusters of size three or1141

larger, the average absolute correlation is 0.623,1142

indicating that features grouped together tend to1143

be strongly correlated. Clusters of size one or two1144

are excluded from this analysis, as their small size1145

suggests that those features are not substantially1146

correlated with others.1147

E Task-Specific Weights For Composite1148

Distances1149

Although one can learn the weights in a number of1150

different ways, we present one simple method using1151

the performance losses from our LANGRANK eval-1152

uation framework. If l ∈ [0, 1] is a performance1153

loss (e.g. accuracy, F1, or RMSE if it is known to 1154

be in the unit interval), then 1−l gives a measure of 1155

the quality of performance on a given task. In this 1156

case, one can use each of the modality distances 1157

dm as covariates to predict l, say via a linear re- 1158

gression. Upon obtaining the coefficient estimates, 1159

one can take the coefficients into [0, 1]. Common 1160

options include transforming each coefficient esti- 1161

mate by the logistic function (or ReLU) and then 1162

normalizing. 1163

F Downstream Task Setup Details 1164

Our objective is to design an evaluation (tasks, 1165

evaluation metric) which is closely aligned with 1166

actual applications of language distances in cross- 1167

lingual transfer. In particular, the usage of language 1168

distances on choosing source languages has been 1169

widely studied (see Section 2). We therefore focus 1170

on applying new language representations to LAN- 1171

GRANK (Lin et al., 2019), a commonly used frame- 1172

work for choosing source languages for a given 1173

NLP task. 1174

We mostly replicate Lin et al. (2019) and Khan 1175

et al. (2025)’s pipeline for evaluating distances us- 1176

ing LANGRANK. This process involves first col- 1177

lecting, for a given NLP task (e.g. Taxi1500 topic 1178

classification) and model (e.g. mBERT), a dataset 1179

of performance scores for each target and source 1180

language pair. Next, during evaluation, we perform 1181

leave-one-language-out cross-validation by hold- 1182

ing out scores for each target language, training 1183

a LightGBM ranker on the remaining data (addi- 1184

tionally holding out 10% of data as a validation 1185

set), and evaluating the ranker on how well it picks 1186

source languages for the held-out target language. 1187

F.1 Experimental Datasets 1188

With LANGRANK, we evaluate the utility of dis- 1189

tances by applying them to a diverse set of nine 1190

sub-tasks. For the first four (DEP, EL, MT, POS) 1191

we re-use the performance datasets provided by Lin 1192

et al. (2019). We additionally derived performance 1193

datasets for each new task studied: 1194

• Taxi1500: Due to the infeasibility of train- 1195

ing models for each language covered by 1196

Taxi1500, we train 33 mBERT (Devlin et al., 1197

2019) models according to the languages 1198

in Taxi1500 which are defined as high- or 1199

medium-resource in URIEL+, evaluating each 1200

model’s performance on the 799 languages 1201
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whose data is publicly available and contains1202

>900 examples.1203

• SIB200 & XNLI: We train one model for each1204

language, (in SIB200, rejecting 37 languages1205

where the model did not converge), and finally1206

evaluating each model on the test splits of all1207

other languages.1208

• UD v2.14: We replicate the setup from1209

Blaschke et al. (2025), and simply evaluate1210

the test split of each language on each of the1211

70 UDPipe2 (Straka, 2018) models, averaging1212

scores over treebanks within the same lan-1213

guage.1214

For each task, we use the same train-validation-1215

test splits as published.1216

F.2 Evaluating Distances1217

After collecting datasets, we run LANGRANK and1218

ablate on, for each modality, training with distances1219

computed from the URIEL+ representation versus1220

our new representation. We measure its perfor-1221

mance with the performance loss metric l, which1222

are averaged across folds, to better showcase the1223

real-world implications of our LANGRANK experi-1224

ments. Here, we define performance loss li for the1225

fold associated with holding out target language i1226

as:1227

li =
(maxj sij)− sij

maxj sij
1228

where j is the top-1 language chosen by LAN-1229

GRANK, and score sij refers to the model perfor-1230

mance on the given NLP task when transferring to1231

language i from language j. Simply put, given a1232

particular model and a particular NLP task, per-1233

formance loss l measures the relative difference1234

in model performance between transferring using1235

LANGRANK’s chosen language and the optimal1236

language.1237

In particular, we choose to consider only the1238

top-1 chosen language due to the observation that1239

practitioners often choose only the top-1 language1240

(as opposed to, e.g. trying all top-3 languages)1241

to perform cross-lingual transfer. This decision1242

therefore aligns with our underlying objective of1243

designing a realistic evaluation setup.1244

F.3 Computational Setup1245

Hyperparameters. We adopt the following hy-1246

perparameters for the LightGBM ranker:1247

• Early stopping rounds: 25 1248

• Learning rate: 0.1 1249

• Min data in leaf: 10 1250

• Lambda L2: 0.2 1251

These hyperparameters were obtained upon per- 1252

forming a grid search, and measuring the task- 1253

averaged LANGRANK performance when using 1254

baseline URIEL+ distances. 1255

For training transfer models in tasks Taxi1500 1256

and SIB200, since per-language data is relatively 1257

scarce (∼1k examples), we employ the following 1258

training arguments: 1259

• Num train epochs: 10 1260

• Learning rate: 1e-5 1261

• Batch size: 16 1262

• Eval steps: 20 1263

• Early stopping patience: 5 1264

• Weight decay: 0.01 1265

• Warmup ratio: 0.1 1266

For XNLI, we replicate the setup from Philippy 1267

et al. (2023), with the following training arguments: 1268

• Num train epochs: 3 1269

• Learning rate: 2e-5 1270

• Batch size: 32 1271

Computing Infrastrcture. Model training and 1272

evaluation for collecting LANGRANK experimental 1273

datasets were conducted on a single NVidia A100, 1274

requiring around 100 compute hours. 1275

All actual LANGRANK experiments were per- 1276

formed on an Apple M1 Pro over 8 hours. 1277

G Licenses for Artifacts Used 1278

The artifacts employed in this study, along with 1279

their respective licenses, are listed in Table 7. 1280

All artifacts and datasets were used for the pur- 1281

pose of studying language representations, and 1282

were handled in accordance with their respective 1283

licenses. 1284
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Artifact License

Packages
URIEL+ (Khan et al., 2025) CC BY-SA 4.0
LANGRANK (Lin et al., 2019) BSD 3-Clause

Datasets
Glottolog (v5.2) (Ma et al., 2025) CC BY 4.0
Ethnologue (Edition 28) (Eberhard et al., 2025) Proprietary (Licensed under SIL International)
Taxi1500 (v3) (Ma et al., 2025) Apache 2.0
XNLI (Conneau et al., 2018) CC BY-NC 4.0
SIB200 (Adelani et al., 2024) CC BY-SA 4.0
UD (v2.14) (Zeman et al., 2024) Various

Models
Multilingual BERT cased (Devlin et al., 2019) Apache 2.0
XLM-RoBERTa-base (Conneau et al., 2018) CC BY-NC 4.0
UDPipe v2.12 (Straka, 2018) MPL 2.0

Table 7: Artifacts used in this study, and their licenses.

H Use of Generative AI1285

Generative AI was employed only in a limited ca-1286

pacity: to assist in organizing and clarifying text,1287

and to suggest code auto-completions during the1288

implementation of experiments.1289
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