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Abstract001

We test whether phonetic surface form alone002
can predict grammatical typology across lan-003
guages. Using verse-aligned parallel Bible004
translations in 14 typologically diverse lan-005
guages, we convert each verse to an In-006
ternational Phonetic Alphabet (IPA) charac-007
ter sequence via Epitran and predict two008
language-level WALS features: basic word or-009
der (SOV/SVO/VSO) and gender system size010
(None/Two/Three/Many). Because labels are011
constant within a language, random verse splits012
leak language identity and substantially overes-013
timate generalization; we therefore adopt leave-014
one-language-out (LOLO) evaluation as the015
primary protocol. Across character n-gram016
TF–IDF baselines, phonological and phono-017
tactic features, BiLSTM and Transformer en-018
coders, and a gradient-reversal adversarial ob-019
jective to suppress language-ID cues, random020
splits yield near-perfect accuracy, consistent021
with memorization. Under LOLO, perfor-022
mance is modest and highly variable across023
held-out languages, and representation analyses024
show embeddings cluster by language identity025
(and correlated genealogical and areal effects)026
more strongly than by typology. We release a027
reproducible IPA pipeline and offer an evalua-028
tion caution: in a phonetics-only setting, IPA029
robustly encodes language identity, while trans-030
ferable signal for broad grammatical typology031
is weak and sensitive to label coverage.032

1 Introduction033

Human languages differ in how they sound and034

how they structure meaning. A long-standing ques-035

tion in linguistics is whether (and to what extent)036

phonological patterns are coupled to syntactic and037

morphological typology. In parallel, modern ma-038

chine learning systems trained on raw sequences039

often appear to acquire non-trivial linguistic reg-040

ularities, fueling claims of “emergent grammar”041

from distributional data. These two threads moti-042

vate a concrete empirical test: if we erase meaning043

and orthography and retain only phonetic form, 044

can we recover typological properties that are con- 045

ventionally treated as grammatical? 046

This paper studies whether phonetic representa- 047

tions alone carry predictive signal for two widely- 048

used typological features: (i) basic word order 049

(SOV, SVO, VSO) and (ii) gender system size 050

(None, Two, Three, Many). We use verse-aligned 051

parallel translations of the same source text across 052

multiple languages, convert each verse to an IPA 053

character sequence, and evaluate models under a 054

leave-one-language-out (LOLO) protocol to mea- 055

sure cross-linguistic generalization rather than 056

within-language memorization. 057

1.1 Motivation 058

The relationship between phonology and higher- 059

level grammar is debated across linguistic theories. 060

At the same time, sequence models can produce 061

deceptively strong “generalization” when train/test 062

splits allow leakage of language identity (e.g., the 063

model sees the same language in both train and 064

test, only with different sentences). This matters 065

for typology prediction: if a model can identify the 066

language from its phonetic inventory, it can trivially 067

map language identity to typological labels without 068

learning anything transferable across languages. A 069

rigorous evaluation should therefore force unseen- 070

language testing. 071

1.2 Research Questions 072

We formalize three research questions. 073

RQ1. Can IPA character sequences predict basic 074

word order under LOLO evaluation? 075

RQ2. Can IPA character sequences predict gender 076

system size under LOLO evaluation? 077

RQ3. Do learned representations cluster primarily 078

by language identity rather than by grammat- 079

ical labels (word order / gender)? 080
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1.3 Contributions081

1) We build a parallel, verse-aligned IPA dataset082

pipeline for cross-linguistic experiments (text →083

IPA), enabling phonetics-only modeling.084

2) We show that random within-language splits085

are misleading for typology prediction, and moti-086

vate LOLO as the appropriate protocol for cross-087

linguistic generalization.088

3) We provide a comparative study across feature-089

based baselines and neural encoders, including090

an adversarial language-identification objective de-091

signed to suppress language cues.092

4) We analyze errors and representation structure,093

finding that language identity dominates the sig-094

nal available in phonetics-only inputs, limiting reli-095

able transfer to grammatical typology.096

2 Related Work097

2.1 Typology Prediction from Text and098

Multilingual Representations099

Computational typology commonly predicts typo-100

logical properties (e.g., WALS features) from tex-101

tual distributions, using both hand-engineered sur-102

face statistics and learned representations Dryer103

and Haspelmath (2013); Dunn et al. (2011);104

Malaviya et al. (2017); Gutkin et al. (2020). Re-105

cent work shows that multilingual and multi-task106

language representations can encode typological107

regularities and support feature prediction under108

sparse supervision Malaviya et al. (2017); Bjerva109

and Augenstein (2018); Devlin et al. (2019); Con-110

neau et al. (2020). However, such results can be111

inflated when train/test splits leak language identity,112

allowing models to exploit language-specific cues113

rather than cross-linguistic generalization Malaviya114

et al. (2017); Conneau et al. (2020). This has115

motivated evaluation protocols that explicitly test116

transfer to unseen languages, such as leave-one-117

language-out, rather than random splits that mix118

data from the same language.119

2.2 Phonological Typology, Phonotactics, and120

Cross-Level Correlations121

Phonological typology and phonotactic modeling122

study cross-linguistic regularities in sound systems123

and constraints on segment sequences Hayes and124

Wilson (2008); Prince and Smolensky (2004). Dis-125

tributional patterns over phones can be learned and126

compared across languages and often reflect ge-127

nealogical or areal structure Hayes and Wilson128

(2008). At the same time, classic interface the-129

ories do not posit a direct mapping from segmental 130

phonology to core syntactic typology, instead em- 131

phasizing mediating levels such as prosody Selkirk 132

(1984); Nespor and Vogel (1986). Accordingly, 133

evidence that phonetic or phonotactic sequences 134

alone robustly determine broad syntactic properties 135

remains limited, and observed correlations must be 136

interpreted cautiously. 137

2.3 Domain Adaptation and Adversarial 138

Representation Learning 139

Adversarial representation learning is widely used 140

to suppress nuisance factors such as domain, 141

speaker, or language identity while preserving task- 142

relevant signal. A standard approach is the Domain- 143

Adversarial Neural Network (DANN), which uses 144

a gradient reversal layer to encourage invariance to 145

domain labels Ganin and Lempitsky (2015); Ganin 146

et al. (2016). This framework has been applied ex- 147

tensively in cross-domain and cross-lingual transfer 148

settings Ganin et al. (2016); Conneau et al. (2020). 149

In our setting, adversarial training directly tests 150

whether typological signal persists once language- 151

identity cues are explicitly discouraged. 152

3 Data 153

3.1 Corpus and Parallel-Text Rationale 154

We use verse-aligned Bible translations as a con- 155

trolled multilingual corpus. Each language version 156

expresses (approximately) the same semantic con- 157

tent at the verse level, enabling a pragmatic control 158

for topic and domain while varying only the target 159

language. This parallel-text setting reduces spu- 160

rious correlations that arise when languages are 161

drawn from unrelated corpora (e.g., news vs. lit- 162

erature), where topic distributions can dominate 163

learned representations. The source XML files 164

are obtained from an open Bible corpus repository 165

Christodoulopoulos (2025). 166

Why parallel text helps (and what it does not 167

solve). Parallel text reduces semantic/domain 168

shift across languages, but it does not eliminate 169

stylistic translation artifacts. Translators differ in 170

literalness, register, and conventionalized phras- 171

ing, and these choices may indirectly influence 172

phoneme statistics. We treat this as an unavoidable 173

confound and return to it in §7. 174

3.2 Language Set and Typological Labels 175

Our experiments use L = 14 languages spanning 176

multiple language families and writing systems 177
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(Table 1). For each language ℓ, we associate two178

typological targets:179

1. Basic word order in {SOV, SVO,VSO}.180

2. Nominal gender system size in181

{NONE, TWO, THREE,MANY}.182

Labels are drawn from typological reference re-183

sources, using the widely adopted WALS catego-184

rization for word order and number of genders185

(Dryer and Haspelmath, 2013). We deliberately186

coarsen the label space to three word-order classes187

and four gender-size classes to (i) reduce sparsity188

and (ii) match the small-L setting where each class189

must be supported by multiple languages.190

Label mapping decisions. For word order,191

WALS distinguishes additional patterns and192

mixed orders in some languages; we map193

to {SOV, SVO,VSO} by selecting the domi-194

nant/basic order reported in typological references195

and excluding “mixed” or “both” categories. For196

gender, we use a coarse count-of-genders label197

(none/two/three/many), consistent with WALS-198

style grouping Dryer and Haspelmath (2013).199

Coverage and structural pitfalls under LOLO.200

Leave-One-Language-Out (LOLO) creates a hard201

constraint: for any held-out language ℓ⋆, all target202

classes must already appear in the remaining L− 1203

training languages. If a class appears in only a204

single language, then LOLO becomes structurally205

unfair for that class: when that language is held out,206

the model cannot learn the held-out label at all (it207

becomes an unseen label problem, not a modeling208

problem). In our current language set, the THREE-209

gender class is represented by only one language,210

making LOLO evaluation for that label inherently211

brittle. We therefore report per-language results212

and interpret failures with caution, distinguishing213

between genuine generalization failure and struc-214

tural label absence.215

3.3 IPA Conversion and Preprocessing216

Each verse is converted to an International Phonetic217

Alphabet (IPA) character sequence International218

Phonetic Association (1999) using grapheme-to-219

phoneme mappings from Epitran Mortensen et al.220

(2018). We apply lightweight normalization to re-221

duce irrelevant variation: Unicode normalization222

(NFC/NFKC as appropriate) and whitespace stan-223

dardization; followed by removal of punctuation224

and verse markup artifacts; then lowercasing where225

Table 1: Languages, families, and typological labels
used in experiments. Each language contributes approx-
imately 7,000 verses, totaling ∼98k examples.

ISO Family Word order Gender

es Indo-European SVO Two
fr Indo-European SVO Two
ru Indo-European SVO Three
hi Indo-European SOV Two
te Dravidian SOV None
tr Turkic SOV None
zh Sino-Tibetan SVO None
ja Japonic SOV None
id Austronesian SVO None
tl Austronesian VSO None
mi Austronesian VSO None
sw Niger-Congo SVO Many
zu Niger-Congo SVO Many
ar Afro-Asiatic VSO Two

applicable (for scripts with case); at last optional 226

filtering of characters outside the IPA inventory 227

plus spaces. 228

Conversion noise and script dependence. G2P 229

transliteration is imperfect, and quality varies by 230

language, orthographic depth, and the coverage of 231

Epitran mappings Mortensen et al. (2018). This 232

introduces a controlled but non-negligible noise 233

source: the model may learn systematic translitera- 234

tion artifacts. We treat this as part of the empirical 235

setting: the pipeline approximates what a practi- 236

tioner could do at scale without expert phonetic 237

annotation. 238

3.4 Dataset Structure and the Need for LOLO 239

Let Vℓ = {vℓ,1, . . . , vℓ,nℓ
} be the set of verses for 240

language ℓ, and let xℓ,i be the IPA sequence for 241

verse vℓ,i. Each verse inherits language-level typo- 242

logical labels y(wo)ℓ (word order) and y(gen)ℓ (gender 243

system size). Thus the dataset is hierarchically la- 244

beled: 245

{(xℓ,i, yℓ)}Lℓ=1, i = 1, . . . , nℓ. 246

A random verse-level train/test split leaks lan- 247

guage identity: the model can memorize language- 248

specific phonotactics and then trivially recover the 249

language-level label for that same language. To 250

measure cross-linguistic generalization, we use 251
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Leave-One-Language-Out (LOLO):252

Train on
⋃
ℓ̸=ℓ⋆

Vℓ, Test on Vℓ⋆ .253

4 Experimental Setup254

4.1 Tasks255

We study two typology prediction tasks from IPA256

character sequences. Each training example is a257

verse-level IPA string, while the target label is con-258

stant within a language (language-level supervi-259

sion).260

T1: Word order prediction (3-way). Given an261

IPA sequence x from language ℓ, predict yWO
ℓ ∈262

{SOV, SVO,VSO}.263

T2: Gender system size prediction (4-way).264

Given an IPA sequence x from language ℓ, predict265

yGEN
ℓ ∈ {NONE, TWO, THREE,MANY}.266

Auxiliary analysis (representation bias). In ad-267

dition to grammar prediction, we explicitly mea-268

sure how strongly representations encode language269

identity. This motivates the adversarial setup (Sec-270

tion 5, GRL) and explains why random verse splits271

can dramatically overestimate “generalization”.272

4.2 Train/Test Protocols and Leakage Control273

A central challenge is that labels are language-274

level, but instances are verse-level. There-275

fore, naive random splits create label leakage:276

the model can learn to identify the language277

(from phonotactics/orthography-to-IPA artifacts)278

and then map language → label.279

Random verse split (leaky baseline). We in-280

clude a within-language random split only as a281

diagnostic baseline. Formally, we sample train282

and test verses i.i.d. from the pooled set D, which283

mixes verses from the same language across train284

and test. This setting is not a valid cross-linguistic285

generalization test.286

Leave-One-Language-Out (LOLO; primary).287

We evaluate generalization to unseen languages288

using LOLO. Let L be the set of languages. For289

each held-out language ℓ⋆ ∈ L, we train on all290

verses from L \ {ℓ⋆} and evaluate on all verses291

from ℓ⋆:292

Dtrain(ℓ
⋆) = {(xi, yℓ(i)) : ℓ(i) ̸= ℓ⋆}, (1)293

294
Dtest(ℓ

⋆) = {(xi, yℓ⋆) : ℓ(i) = ℓ⋆}. (2)295

We report (i) per-language held-out performance296

and (ii) an aggregate score computed by concate-297

nating predictions across all held-out folds.298

Structural label-coverage constraint. LOLO 299

implicitly assumes every test label is present in 300

training labels. If a class occurs in only one lan- 301

guage (e.g., THREE appears only in a single lan- 302

guage in some subsets), then for the fold holding 303

out that language, the training set contains no ex- 304

amples of that class. In that fold, perfect prediction 305

is impossible and some implementations will raise 306

“unseen label” errors. We therefore (a) explicitly 307

check per-fold label coverage, and (b) either (i) 308

skip the invalid fold with a transparent note, or 309

(ii) collapse labels to enforce coverage (reported 310

separately when used). 311

4.3 Metrics 312

Because class imbalance and “minority” classes 313

(notably VSO and THREE) are central failure 314

modes, we report both accuracy and macro- 315

averaged F1. We also report confusion matrices for 316

LOLO folds (normalized by gold-class counts) to 317

visualize systematic collapse into majority classes. 318

4.4 Implementation Details 319

Tokenization and vocabulary. All neural models 320

operate on character-level IPA symbols. We build 321

a vocabulary from the training languages in each 322

LOLO fold, add special symbols ⟨PAD⟩ and ⟨UNK⟩, 323

and map each verse to an integer sequence. Across 324

the full dataset the observed IPA inventory size 325

is approximately V ≈ 1227 (excluding specials), 326

yielding V ≈ 1229 including ⟨PAD⟩, ⟨UNK⟩. 327

Sequence length. Verses are truncated/padded 328

to a fixed maximum length L (we use L = 256 329

in our main experiments) to form tensors of shape 330

[B,L] for batch size B. 331

Feature-based baselines. We train TF–IDF 332

character n-gram models with logistic regression 333

using scikit-learn Pedregosa et al. (2011). We 334

treat these baselines as strong “surface” controls: 335

they often achieve near-perfect random-split results, 336

highlighting leakage, but degrade sharply under 337

LOLO. 338

Neural encoders. We train compact sequence 339

encoders to avoid “scale fixes everything” argu- 340

ments: (i) BiLSTM (bidirectional LSTM) en- 341

coders (1997; 1997), (ii) a small Transformer en- 342

coder (2017). Optimization uses Adam (2015). All 343

neural models are implemented in PyTorch (2019). 344

Unless otherwise stated, we use a fixed number 345

of epochs per LOLO fold (e.g., 5 for BiLSTM, 3 346

for the Transformer in our runs), and select the 347
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Table 2: Model families and the granularity of their
evaluation.

Approach Granularity

TF–IDF + LogReg verse-level
Inventory features language-level
Phonotactic stats language-level
Lang-level n-grams language-level
BiLSTM verse-level
Tiny Transformer verse-level
Adversarial (GRL) verse-level

best checkpoint on a held-out slice of the training348

languages (never using the held-out test language).349

Adversarial language-invariance. To reduce350

language-ID leakage, we train an adversarial model351

with a shared encoder and two heads: (a) a gram-352

mar head (predicting word order or gender), and353

(b) a language-ID head trained through a gradi-354

ent reversal layer (GRL) to encourage language-355

invariant representations (Ganin et al., 2016). Let356

Lg be grammar loss and Lℓ be language loss; the357

optimization objective is:358

min
θe,θg

max
θℓ

Lg(θe, θg)− λLℓ(θe, θℓ), (3)359

where λ ≥ 0 controls the adversarial strength.360

Reproducibility. We fix random seeds for361

data shuffling and model initialization, and report362

LOLO results across all held-out languages. Com-363

pute is the practical bottleneck: LOLO requires364

retraining once per language, so we emphasize365

compact models and limited epoch budgets in the366

primary study.367

5 Modeling Approaches and Core368

Findings369

5.1 Model families evaluated370

We compare (i) strong surface-feature baselines, (ii)371

neural sequence encoders, and (iii) an adversarial372

language-invariance variant. Table 2 summarizes373

inputs and evaluation granularity.374

5.2 TF–IDF character baselines (verse-level)375

We featurize each verse with character n-grams376

over IPA symbols, then apply TF–IDF weighting377

and a multinomial logistic regression classifier.378

TF–IDF. We use standard TF–IDF character n-379

grams with multinomial logistic regression.380

Classifier. Given TF–IDF vector v(d) ∈ Rm, lo- 381

gistic regression estimates 382

p(y = k | d) = softmax(Wv(d) + b)k, (4) 383

trained by minimizing cross-entropy with ℓ2 regu- 384

larization. 385

Observed behavior under LOLO. These base- 386

lines exhibit high variance across held-out lan- 387

guages: some languages reach near-ceiling perfor- 388

mance, while others collapse to near-zero, consis- 389

tent with the model relying on language-specific 390

phonotactics rather than grammar. 391

5.3 Language-level diagnostic featurizations 392

(inventory, phonotactics, aggregated 393

n-grams) 394

To probe whether grammar is recoverable at the 395

language level (as opposed to verse level), we com- 396

pute language-aggregated descriptors: (i) inven- 397

tory vectors encoding presence/absence of phones, 398

(ii) low-dimensional phonotactic statistics (e.g., 399

vowel/consonant proportions, entropy-like sum- 400

maries, and/or short-range transition counts), and 401

(iii) aggregated character n-gram frequency pro- 402

files (Cavnar and Trenkle, 1994). These yield only 403

14 labeled instances, so they are diagnostic rather 404

than competitive. 405

5.4 Neural sequence encoders 406

We evaluate two lightweight neural encoders over 407

IPA character sequences: a bidirectional LSTM 408

and a compact Transformer. In both cases, IPA 409

symbols are embedded and encoded into contex- 410

tual token representations, which are then pooled 411

to obtain a fixed-dimensional verse representation. 412

This representation is passed to a softmax classifier 413

trained with cross-entropy loss. The BiLSTM cap- 414

tures bidirectional sequential dependencies, while 415

the Transformer uses self-attention with positional 416

encodings; aside from the encoder architecture, the 417

training and pooling setup is identical across mod- 418

els. 419

Key empirical pattern. Neural capacity does not 420

eliminate LOLO instability: the models still suc- 421

ceed for certain languages and fail catastrophically 422

for others, implying the bottleneck is signal identi- 423

fiability (and label coverage), not expressiveness. 424
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Table 3: LOLO accuracy (%) across held-out languages
(mean ± std). For adversarial gender, the Russian fold is
structurally ill-posed (singleton Three) and is excluded.

Model Word
order

Gender

TF–IDF + LogReg 48.54±
43.66

53.29±
39.09

BiLSTM 37.30±
38.12

42.56±
37.96

Tiny Transformer 52.46±
42.87

45.50±
37.34

Adversarial (GRL) 56.36±
41.45

39.78±
41.58†

5.5 Adversarial language-invariance with425

gradient reversal (GRL)426

We implement a domain-adversarial objective427

inspired by GRL-based representation learn-428

ing (Ganin et al., 2016). The encoder fθ(x) feeds429

two heads: (i) a typology (grammar) predictor gϕ430

trained to predict y, and (ii) a language-ID discrim-431

inator hψ trained to predict the language ℓ.432

Let LGRAM be the typology cross-entropy and433

LLANG the language-ID cross-entropy. Training434

seeks representations predictive of grammar while435

suppressing language identity:436

min
θ,ϕ

max
ψ

E
[
LGRAM(gϕ(fθ(x)), y)

]
− λ E

[
LLANG(hψ(fθ(x)), ℓ)

]
.

(5)437

In practice, the maximization over ψ is imple-438

mented by inserting a gradient reversal layer (GRL)439

between fθ and hψ, which multiplies the gradient440

by −λ during backpropagation.441

What it changes empirically. Adversarial train-442

ing can improve average LOLO accuracy on word443

order, but does not reliably fix minority-class col-444

lapse (e.g., VSO) and can degrade gender perfor-445

mance, especially under poor label coverage (e.g.,446

singleton classes).447

5.6 Core quantitative findings (LOLO)448

Table 3 reports mean ± std accuracy across held-449

out languages for the verse-level models. Figure 1450

visualizes per-language LOLO word-order accu-451

racy for major models, exposing the “some lan-452

guages work, others die” regime.453

5.7 What these results mean454

Two empirical facts dominate:455

• Random splits are misleading. Near- 456

perfect random-split accuracy primarily re- 457

flects language-ID leakage (phonetics ⇒ lan- 458

guage ⇒ label), not cross-linguistic typology 459

inference. 460

• LOLO is unstable across held-out lan- 461

guages. Even strong models exhibit extreme 462

variance, and minority/rare typology classes 463

(notably VSO; and Three in gender) are rou- 464

tinely crushed, consistent with weak identifia- 465

bility under the current label coverage. 466

In short: the pipeline can learn who the language 467

is from IPA extremely well, but that does not trans- 468

late into a reliable predictor of how the language 469

organizes grammar under cross-language general- 470

ization. 471

6 Analysis 472

6.1 What the Models Actually Learned: 473

Identity Over Typology 474

A consistent pattern across all phases is the sharp 475

contrast between (i) random verse splits and (ii) 476

leave-one-language-out (LOLO). Under random 477

splits, the model sees training and test verses 478

from the same language, and since our targets are 479

language-level typological labels (Section 3), the 480

supervised objective becomes effectively equiva- 481

lent to language identification. 482

Formally, let ℓ ∈ L denote a language and let 483

t(ℓ) be a deterministic mapping from language to 484

a typology label (e.g., word order or gender class). 485

Each verse x is sampled from a language-specific 486

distribution p(x | ℓ), while its label is y = t(ℓ). 487

Under a random verse split, training data includes 488

examples from all ℓ ∈ L. Therefore, a classi- 489

fier can achieve near-perfect accuracy by learn- 490

ing a proxy for argmaxℓ p(ℓ | x) and then out- 491

putting t(ℓ), without learning any cross-linguistic 492

phonology–syntax mapping at all. This is consis- 493

tent with the observed near-100% performance un- 494

der within-language evaluation, which is a classic 495

failure mode when language identity is available as 496

a shortcut signal Jauhiainen et al. (2019). 497

Under LOLO, the shortcut collapses: the held- 498

out language ℓ⋆ is absent from training, so mapping 499

x 7→ ℓ is no longer helpful unless the representation 500

captures transferable phonological structure shared 501

across languages. In other words, LOLO forces the 502

intended question: is there a robust correlation 503
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Figure 1: Per-language LOLO accuracy (%) for word order. The “checkerboard” structure (near-100% for some
languages, near-0% for others) persists across models, supporting the interpretation that representations remain
strongly language-specific.
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Figure 2: PCA of language-level centroid embeddings
µℓ (computed from IPA-based representations). In our
runs, centroids cluster by language identity (and often
by genealogy) more consistently than by typology label,
supporting the interpretation that the dominant signal is
language/family rather than grammar.

between phonetic surface patterns and typology504

that generalizes across languages?505

6.1.1 Embedding-space evidence: clustering506

follows language/family507

To validate what the models encode, we compute508

language-level centroids in representation space.509

Let f(·) be a feature map (e.g., TF–IDF vectors or510

a neural encoder’s pooled embedding). For each511

language ℓ, define the mean embedding512

µℓ =
1

|Dℓ|
∑
x∈Dℓ

f(x), (6)513

and apply PCA to {µℓ}ℓ∈L. In our experiments,514

the dominant axes separate languages (and often515

genealogical groupings) more clearly than they sep-516

arate typology labels, aligning with prior findings517

that learned language representations strongly en-518

code genealogical/areal signals Bjerva and Augen-519

stein (2018); Malaviya et al. (2017).520

6.2 Why LOLO Is Hard in This Setup 521

LOLO is challenging here for structural reasons 522

beyond model capacity. 523

Language-level targets. The supervision is con- 524

stant within each language, which makes cross- 525

lingual generalization an instance of typology pre- 526

diction from phonological surface statistics rather 527

than standard text classification. The desired map- 528

ping is closer to phonology → typology than to 529

text → label, and any true signal is likely to be 530

weak, indirect, and confounded by genealogy and 531

contact effects. 532

Label coverage and “unseen class” pathology. 533

A practical issue arises when a class appears in 534

only one language (or very few languages). In that 535

case, holding out that language yields a training set 536

where the class is absent, making multi-class eval- 537

uation ill-posed: a label encoder literally cannot 538

represent an unseen class, and a classifier has no 539

evidence to learn it. This is not a mere implementa- 540

tion quirk; it is a structural limitation of LOLO with 541

sparse typological coverage. A defensible write-up 542

must state this explicitly and treat such labels with 543

care (e.g., merging rare classes, reframing the task, 544

or reporting a restricted-label evaluation). 545

Confounds from genealogy and translation style. 546

Parallel text reduces semantic/domain variation, 547

which is useful, but it can also amplify shared trans- 548

lation conventions within families or scripts. As a 549

result, models may learn stable family/style signa- 550

tures in the IPA stream that correlate with labels 551

only because typology itself is genealogically clus- 552

tered. 553
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6.3 Adversarial Representation Learning:554

What GRL Can and Cannot Do555

To reduce language-identification shortcuts, we ap-556

ply domain-adversarial training with a gradient re-557

versal layer (GRL). Let fθ be a shared encoder, gϕ a558

grammar head, and dψ a language-ID discriminator.559

The objective is560

min
θ,ϕ

max
ψ

Lgram(gϕ(fθ(x)), y)−λ Llang(dψ(fθ(x)), ℓ),

(7)561

implemented by multiplying the gradient from562

Llang by −λ at the encoder via GRL Ganin et al.563

(2016); Ganin and Lempitsky (2015). Intuitively,564

the encoder is pushed toward representations infor-565

mative for grammar while being uninformative for566

language identity, a common strategy in domain567

adaptation Ben-David et al. (2010).568

Interpreting the observed gains (word order).569

In our LOLO results, adversarial training yields570

a modest aggregate improvement for word order571

(e.g., ∼56% vs. ∼52% for a non-adversarial trans-572

former in the reported run). This suggests that there573

may exist weak, transferable phonotactic cues cor-574

related with basic constituent order, and that sup-575

pressing some language-ID features can reduce576

overfitting to language-specific artifacts. However,577

improvements are not uniform: some languages578

improve, others degrade, consistent with the fragile579

and confounded nature of the signal.580

Interpreting the observed drops (gender). For581

the gender task, adversarial training can reduce ac-582

curacy substantially in some runs. A principled583

interpretation is that, in the current dataset, gender584

class is strongly entangled with language identity585

and genealogy. If the only predictive evidence for586

gender is “which language family does this look587

like,” then removing language signal removes most588

of the usable information. This is not a shortcom-589

ing of GRL; it is a diagnostic that the dataset pro-590

vides limited cross-linguistic phonetic evidence for591

gender inventory size.592

6.3.1 Per-language effect: adversarial delta593

plot594

To make the adversarial effect concrete, we rec-595

ommend reporting per-language deltas: ∆ℓ =596

Accadv
ℓ − Accbase

ℓ . Figure 3 is a compact visualiza-597

tion that reviewers actually like because it shows598

you understand heterogeneity rather than hiding599

behind a mean.600
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Figure 3: Per-language change in LOLO accuracy from
adversarial training (GRL) relative to a non-adversarial
baseline (e.g., TinyTransformer). Reporting ∆ℓ high-
lights that adversarial training can help some languages
while harming others, which is expected under con-
founding and label sparsity.

Takeaway. Across tasks, the analysis supports 601

a conservative conclusion: IPA-derived represen- 602

tations encode language identity extremely well, 603

and whatever typological signal exists is weaker, 604

task-dependent, and easily dominated by geneal- 605

ogy and translation artifacts. Adversarial training 606

can slightly improve word-order transfer in some 607

settings, but it does not magically conjure typology 608

from sound. 609

7 Conclusion 610

We show that, in a phonetics-only setting, IPA- 611

derived sequences encode language identity ro- 612

bustly, while transferable signal for broad grammat- 613

ical typology is weak under proper cross-language 614

evaluation. Across surface features, neural se- 615

quence models, and adversarial objectives, random 616

verse splits yield near-perfect performance that re- 617

flects language memorization rather than grammat- 618

ical inference; under leave-one-language-out eval- 619

uation, performance becomes modest and highly 620

variable across held-out languages and minority ty- 621

pology classes. These results indicate that the dom- 622

inant learnable signal arises from language identity 623

and correlated genealogical or areal effects, not 624

language-universal phonology-to-typology map- 625

pings. Beyond this empirical finding, we con- 626

tribute a reproducible verse-aligned IPA pipeline, 627

demonstrate why random splits are misleading for 628

language-level labels, and provide a comparative 629

analysis of representation choices under strict cross- 630

language generalization, offering a cautionary note 631

for typology prediction from phonetic form alone. 632
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Limitations633

This document does not cover the content require-634

ments for ACL or any other specific venue. Check635

the author instructions for information on maxi-636

mum page lengths, the required “Limitations” sec-637

tion, and so on.638

Corpus genre and translation effects639

Our experiments use verse-aligned Bible trans-640

lations as a parallel corpus. This controls for641

topical domain and coarse semantics across lan-642

guages, but it also introduces genre and translation643

artifacts. Religious text tends to be stylistically644

conservative and may under-represent colloquial645

phonological processes. In addition, translations646

are shaped by translator norms (sometimes called647

“translationese”), which can flatten genuine cross-648

linguistic variation or introduce systematic pref-649

erences that are not native to the target language650

Baker (1993). These factors may either (i) inflate651

cross-language similarity in phonetic patterns or652

(ii) add translator-specific signals that are unrelated653

to typology.654

IPA conversion noise and script coverage655

IPA strings are produced via automatic grapheme-656

to-phoneme mapping (Epitran) (2018). While this657

provides a uniform representation, the output is an658

approximation of pronunciation, not a gold pho-659

netic transcription. Conversion quality varies by660

language, orthography depth, and available map-661

pings; some scripts/languages may be partially un-662

supported or require custom resources, yielding663

failures or systematic noise. Consequently, mea-664

sured signals may partly reflect transliteration and665

normalization artifacts rather than phonology.666

Typology label granularity and mapping667

decisions668

We derive word-order and gender categories from669

typological inventories (e.g., WALS-style descrip-670

tors) Dryer and Haspelmath (2013). These labels671

are coarse by design. “Both” word order collapses672

multiple constructions into a single tag; “Many”673

gender conflates heterogeneous systems. Such674

discretization can obscure distinctions that mat-675

ter for phonology, morphology, or syntax, and it676

may also produce ambiguous supervision when the677

underlying language reality is gradient or context-678

dependent.679

Class coverage constraints under LOLO 680

Leave-one-language-out (LOLO) evaluation is 681

structurally unforgiving when a class is represented 682

by very few languages. If a label appears in only 683

one (or effectively one) language, then holding that 684

language out makes the class unseen during train- 685

ing, causing unavoidable failures (or forcing ad- 686

hoc handling). Even with > 1 languages per class, 687

heavy imbalance can lead to degenerate predictors 688

that collapse minority classes (e.g., persistent fail- 689

ure on VSO or “Three”) despite reasonable overall 690

accuracy. Any LOLO-based claim therefore de- 691

pends critically on balanced label coverage at the 692

language level, not just at the verse level. 693

Non-independence of instances 694

Each verse is treated as an instance, yet the tar- 695

get labels (word order, gender system size) are 696

language-level properties. This induces strong 697

within-language dependence: N verses from the 698

same language are not N independent samples for 699

typology prediction. Verse-level micro-averaging 700

can therefore exaggerate confidence and obscure 701

the true unit of generalization (the language). A 702

more statistically faithful view reports performance 703

aggregated per held-out language (and, in larger 704

studies, per family or area), rather than treating 705

verses as i.i.d. samples. 706

Interpretability limits 707

Even when models achieve above-chance LOLO 708

accuracy, the mechanisms remain unclear: they 709

may exploit phonotactic cues, borrowing effects, 710

transliteration regularities, or properties of the con- 711

version pipeline. Without controlled ablations (e.g., 712

randomized phoneme inventories, shuffled phono- 713

tactics, or matched-family controls), it is difficult 714

to attribute success to genuine phonology–syntax 715

coupling. 716
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