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Abstract

Principal parts of an inflectional paradigm, de-001
fined as the minimal set of paradigm cells re-002
quired to deduce all others, constitute an impor-003
tant concept in theoretical morphology. This004
concept, which outlines the minimal memoriza-005
tion needed for a perfect inflector, has been006
largely overlooked in computational morphol-007
ogy despite impressive advances in the field008
over the last decade. In this work, we posit009
PRINCIPAL PARTS DETECTION as a computa-010
tional task and construct a multilingual dataset011
of verbal principal parts covering ten languages,012
based on Wiktionary entries. We evaluate an013
array of PRINCIPAL PARTS DETECTION meth-014
ods, all of which follow the same schema: char-015
acterize the relationships between each pair016
of inflectional categories, cluster the resulting017
vector representations, and select a represen-018
tative of each cluster as a predicted principal019
part. Our best-performing model, based on020
Edit Script between inflections and using Hi-021
erarchical K-Means, achieves an F1 score of022
55.05%, significantly outperforming a Random023
Baseline of 21.20%. While our results demon-024
strate that some success is achievable, further025
work is needed to thoroughly solve PRINCIPAL026
PARTS DETECTION, a task that may be used027
to further optimize inputs for morphological028
inflection, and to promote research into the the-029
oretical and practical importance of a compact030
representation of morphological paradigms.031

1 Introduction032

Morphological analysis is essential for understand-033

ing natural language, particularly in languages with034

complex inflectional systems. In both linguistic the-035

ory and language pedagogy, the concept of princi-036

pal parts plays a central role in structuring and sim-037

plifying inflectional paradigms (Finkel and Stump,038

2007; Stump and Finkel, 2013). Principal parts039

form the minimal subset of paradigm cells from040

which all other forms can be systematically derived.041

By identifying these key forms, principal parts 042

provide a compact representation of inflection ta- 043

bles and facilitate the analysis of morphologically 044

rich languages. Despite their theoretical signif- 045

icance, the detection of principal parts remains 046

largely unexplored in computational morphology. 047

While they have inspired research in inflection and 048

reinflection (Cotterell et al., 2017; Liu and Hulden, 049

2020), they are rarely used explicitly. Most compu- 050

tational approaches instead rely on a single citation 051

form, the lemma (Cotterell et al., 2016; Goldman 052

et al., 2023), or select input forms randomly (Cot- 053

terell et al., 2016; Kann et al., 2017). This reliance 054

on suboptimal input representations overlooks the 055

potential of principal parts as a more efficient foun- 056

dation for inflectional modeling. 057

In this work, we introduce PRINCIPAL PARTS 058

DETECTION as a formal task within computational 059

morphology. Given a large collection of inflection 060

tables, the goal is to determine which paradigm 061

cells constitute the minimal principal-part set. Cru- 062

cially, inflection tables typically contain standard 063

morphological annotations but are not explicitly 064

labeled with principal parts, making this an unsu- 065

pervised learning problem. To promote research in 066

this area, we deliver a standardized dataset cover- 067

ing the verbal paradigms of ten diverse languages. 068

We sourced Principal parts for each language from 069

online dictionaries, where they are often listed to 070

aid language learners, and obtained full inflection 071

tables from UniMorph (Batsuren et al., 2022). 072

We develop several computational approaches 073

for PRINCIPAL PARTS DETECTION, leveraging 074

the defining property of principal parts: their pre- 075

dictable and systematic relationships with other 076

forms in the paradigm. Our models characterize 077

inter-cell similarity and cluster inflected forms into 078

sub-paradigms, selecting a representative cell from 079

each sub-paradigm as candidate principal parts. 080

We explore different methods for characterizing 081

inter-cell relations, including Edit Distance, Edit 082
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Script, and Reinflection Accuracy, and we exper-083

iment with clustering techniques such as Affinity084

Propagation and a modified K-Means algorithm.085

Our best-performing system, using Edit Script sim-086

ilarity measure + Hierarchical K-Means clustering,087

achieves an average F1 score of 55.05% across the088

ten languages in our dataset, significantly outper-089

forming a Random Baseline of 21.20%.090

By formalizing PRINCIPAL PARTS DETECTION091

as a computational task, we lay the groundwork092

for future research on more efficient morphological093

representations. To the best of our knowledge, this094

is the first work to deliver a standardized bench-095

mark of PRINCIPAL PARTS DETECTION alongside096

a fully-operational detection framework. Success-097

fully solving this task could enhance applications098

in morphological inflection and analysis by provid-099

ing more informative input forms. Our findings100

suggest that principal parts can be computation-101

ally identified with reasonable accuracy, but further102

improvements are necessary to fully realize their103

potential.104

2 The PRINCIPAL PARTS DETECTION105

Task and Dataset106

The PRINCIPAL PARTS DETECTION Task.107

The task of PRINCIPAL PARTS DETECTION is de-108

fined as identifying the minimal set of cells within109

a paradigm that, when known, allow the derivation110

of all other paradigm forms. For instance, in En-111

glish, the principal parts of the verbal paradigm112

are the cells corresponding to the infinitive, sim-113

ple past and past participle (for example, eat, ate,114

and eaten), as these forms are not predictable from115

one another, especially for strong verbs. On the116

other hand, the forms corresponding to the present117

participle and the 3rd person singular present are118

deterministically predictable from the infinitive and119

they therefore provide no additional information120

for inflection if the infinitive is known.121

Formally, the task of PRINCIPAL PARTS DETEC-122

TION is defined given a language L, a paradigm123

P ∈ L, and a large set of inflection tables T =124 {
tLP,1, t

L
P,2, . . . , t

L
P,n

}
that belong to that paradigm.125

The goal is to identify a minimal set of cells126

CPP ⊆ P from which all other cells in all in-127

flection tables of P can be accurately deduced.128

The PRINCIPAL PARTS DETECTION Dataset.129

In order to empirically assess methods for the de-130

tection of principal parts, we first need to have131

a dataset to evaluate against. To this end, we132

constructed the PRINCIPAL PARTS DETECTION 133

dataset, containing ten typologically diverse lan- 134

guages, where every paradigm in every language is 135

characterized by a set of target principal parts that 136

systems can be evaluated against. 137

The input side of the task contains complete 138

inflection tables, based on the UniMorph corpus 139

(Batsuren et al., 2022), which provides inflection 140

tables for 168 languages organized by lexeme and 141

morpho-syntactic features. We sourced gold princi- 142

pal parts — that are the desired output — from a 143

combination of Wiktionary and other trusted online 144

dictionaries or language teaching websites. Based 145

on the availability of data sources for both input and 146

output, we selected ten typologically diverse lan- 147

guages: Hebrew, English, French, German, Span- 148

ish, Danish, Swedish, Finnish, Turkish and Latin. 149

The dataset preparation process involved nor- 150

malizing the data for consistency across languages. 151

Redundant and derivational forms were excluded, 152

leaving only core inflectional forms. Inconsistent 153

feature sets were removed, and problematic en- 154

tries from the original sources were manually cor- 155

rected to ensure a reliable dataset (for more details, 156

see Appendix A). The PRINCIPAL PARTS DE- 157

TECTION dataset provides a strong foundation for 158

computational models, bridging linguistic theory 159

and practical applications. By curating this mul- 160

tilingual dataset, we ensure a robust resource for 161

future research in morphological inflection. The 162

next section shifts focus to computational meth- 163

ods for detecting principal parts, drawing on the 164

linguistic insights outlined in the literature.1 165

3 Translating Linguistic Insights into 166

Computational Methods 167

The core linguistic principle underlying PRINCIPAL 168

PARTS DETECTION is that principal parts encapsu- 169

late the implicative relationships that exist between 170

cells in inflectional paradigms, allowing a small 171

set of cells to reconstruct the full inflectional table. 172

To translate this principle into a computationally 173

tractable problem, we frame PRINCIPAL PARTS 174

DETECTION as the automatic identification of a 175

minimal, generative subset of paradigm cells that 176

can generate all other cells via these implicative 177

relationships. 178

We hypothesize that cells of different feature 179

sets in an inflection table exhibit measurable simi- 180

1The data is publicly available in https://www.will.be.
released/upon.acceptance.
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larities in their realized surface forms, that in turn181

reflect morphological and structural relationships182

between these feature-set cells. By capturing pat-183

terns of inter-dependence between cells, we ap-184

proximate the implicative structure of a paradigm185

without relying on explicit linguistic annotations186

of principal parts. To systematically model these187

inter-dependencies, we introduce the notion of a188

sub-paradigm, which is essentially a sub-set of189

paradigm cells with shared implicative properties,190

and define distinct areas-of-interdependence within191

a paradigm. Although sub-paradigms are not a for-192

mal linguistic concept, they provide a structured193

way to model implicative relationships computa-194

tionally, facilitating the detection of principal parts.195

This conceptualization leads to a three-phased196

methodology for PRINCIPAL PARTS DETECTION.197

First, we characterize the relationships between198

pairs of cells by computing similarity measures199

that capture their surface and structural dependen-200

cies. Next, we cluster inter-related cells into sub-201

paradigms, each of which will be represented by a202

single principal part in the final set. Finally, we se-203

lect one representative feature set per sub-paradigm204

as its designated principal part, ensuring maximal205

coverage of the paradigm cells with minimal re-206

dundancy. The instantiation of these (i) characteri-207

zation, (ii) clustering and (iii) candidate selection208

phases gives rise to a host of PRINCIPAL PARTS209

DETECTION concrete implementations that we can210

define and empirically assess — as we discuss next.211

4 Framework and Task Empirical Design212

The PRINCIPAL PARTS DETECTION framework213

we propose here is composed of three inter-214

connected stages: characterization, clustering, and215

principal parts selection, each implemented using216

well-defined computational methods. These stages217

operate independently, meaning that different con-218

figurations of the framework can mix and match219

methods in seeking the best combination. Let us220

briefly review the computational models we con-221

sider for the different phases.222

4.1 Characterization: Quantifying223

Relationships Between Feature Sets224

The characterization stage quantifies the relation-225

ships between paradigm cells by computing numer-226

ical similarity scores between them. This work227

explores three distinct characterization methods,228

offering a different perspectives on the relation be-229

tween cells. 230

Edit Distance A metric that measures surface- 231

level similarity between forms based on minimal 232

edit operations — insertions, deletions, or substi- 233

tutions — required to transform one form into an- 234

other (Levenshtein, 1966). This method is imple- 235

mented by computing the average Edit Distance 236

from each feature set to all others (calculated across 237

all their surface realizations), treating one as the 238

source and the rest as destinations. The result- 239

ing vector representations store these averaged dis- 240

tances, capturing the surface-level similarity be- 241

tween feature sets. Pairs of paradigm cells with 242

low Edit Distance scores exhibit orthographic over- 243

lap. 244

Edit Script A metric that captures transforma- 245

tional diversity by analyzing character-level trans- 246

formations between paradigm cells. Unlike tradi- 247

tional Edit Script approaches (Wagner and Fischer, 248

1974; Myers, 1986), which focus on the exact se- 249

quence of operations needed to transform one string 250

into another, this approach computes the number 251

of unique character-level transformations observed 252

across all surface realizations of each feature set 253

pair. Each transformation is counted only once per 254

feature set pair (calculated across all their surface 255

realizations), capturing distinct transformational 256

patterns rather than repeatedly occurring character 257

changes. The result is a vector representation for 258

each feature set pair, where each entry encodes the 259

number of unique transformations required to con- 260

vert one feature set to another, representing their 261

transformational distance. This method provides 262

insight into the variation in morphological transfor- 263

mations within a paradigm. Feature sets with lower 264

transformation diversity may exhibit more stable 265

morphological patterns, making them stronger prin- 266

cipal part candidates. In contrast, higher transfor- 267

mation diversity may signal greater variability in 268

inflectional behavior, which can affect predictabil- 269

ity within the paradigm. 270

Reinflection Accuracy A metric that evaluates 271

the functional predictability of feature sets. It lever- 272

ages a neural reinflection model trained to generate 273

a target form given a source form and the morpho- 274

syntactic features of the target. Unlike edit-based 275

methods that focus on surface similarity and trans- 276

formational diversity, Reinflection Accuracy cap- 277

tures the functional dependencies between feature 278

sets, reflecting their predictive capacity within a 279
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paradigm.280

Reinflection accuracy is particularly effective281

in languages with complex inflectional systems,282

where orthographic similarity alone is not a re-283

liable predictor of implicative relationships. By284

capturing functional dependencies rather than sur-285

face transformations, it provides a direct measure286

of a feature set’s ability to generate other forms.287

However, its performance depends on training data288

quality and resource availability. In low-resource289

settings, data sparsity may lead to biased results,290

and the approach is computationally intensive, as it291

requires training multiple models—one model per292

feature set. Despite these challenges, its ability to293

model functional predictability makes it a valuable294

tool for identifying feature sets that serve as princi-295

pal parts, particularly in morphologically complex296

languages.297

Each characterization method produces a simi-298

larity table, where rows represent source feature299

sets and columns represent target feature sets, en-300

coding pairwise relationships (see Appendix B).301

Before clustering, all similarity matrices are stan-302

dardized by removing the mean and scaling to unit303

variance to ensure comparability across methods.304

These standardized characterization tables form the305

foundation for the clustering stage.306

4.2 Clustering: Structuring Feature Sets into307

Sub-Paradigms308

The clustering stage groups feature sets based on309

their quantified relationships, approximating sub-310

paradigms that reflect the internal organization of311

inflectional paradigms. The framework implements312

two clustering algorithms, each offering different313

advantages. As with characterization, only one314

clustering algorithm is used at a time.315

Affinity Propagation A message-passing clus-316

tering algorithm that dynamically determines the317

number of clusters based on pairwise similarity318

scores (Frey and Dueck, 2007). Unlike traditional319

clustering methods, it does not require a predefined320

number of clusters. Instead, it iteratively updates321

responsibility and availability values, which deter-322

mine how well a feature set serves as an exemplar323

(cluster center), until the algorithm converges on324

a final set of exemplars. This property makes it325

particularly well-suited for paradigms with high326

morphological variability. The algorithm is im-327

plemented using scikit-learn’s AffinityPropagation328

module, with similarity scores computed as nega-329

tive squared Euclidean distances. The preference 330

parameter is set to the median similarity value, al- 331

lowing clusters to emerge naturally. Additional 332

parameters include a convergence iteration limit of 333

30 and a random state value of 10. 334

Hierarchical K-Means A hierarchical variant 335

of K-Means that recursively partitions feature sets 336

into two clusters per iteration until a well-defined 337

clustering structure is reached. The stopping cri- 338

terion is determined using the Calinski–Harabasz 339

Index (CHI) (Caliński and Harabasz, 1974), which 340

evaluates clustering quality by comparing between- 341

cluster dispersion to within-cluster cohesion. At 342

each step, the CHI is computed across the entire 343

clustering structure to evaluate how well-separated 344

the clusters are relative to their internal cohesion. 345

To prevent over-segmentation, clustering stops if 346

the number of clusters in the new best CHI solu- 347

tion exceeds that of the previous best CHI solution 348

by more than one cluster. The algorithm is imple- 349

mented using scikit-learn’s KMeans module with a 350

random state value of 10. 351

By grouping feature sets into paradigm subsets, 352

the clustering stage provides a data-driven approx- 353

imation of sub-paradigms. The resulting clusters 354

serve as inputs for the principal parts selection 355

stage. 356

4.3 Principal Parts Selection: Identifying 357

Representative Feature Sets 358

The principal parts selection stage finalizes the 359

PRINCIPAL PARTS DETECTION framework by 360

transforming clusters into a compact and generative 361

summary of the paradigm. This stage selects one 362

representative feature set per cluster, encapsulating 363

its defining structural and transformational relation- 364

ships. These feature sets collectively constitute the 365

principal parts, providing comprehensive coverage 366

while maintaining a balance between compactness 367

and predictive capacity. 368

Concretely, we use the Minimum Average In- 369

flectional Length criterion. That is, the feature set 370

with the minimal average inflectional length in its 371

cluster, calculated across all its surface realizations, 372

is chosen as the principal part. This ensures that 373

the selected feature set is both efficient and central 374

within its cluster. This selection criterion aligns 375

with a linguistic insight that shorter inflectional 376

paths often correspond to forms that are central 377

within the paradigm, making them structurally sig- 378

nificant within inflectional systems. 379
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5 Experimental Setup and Results380

We conduct a series of experiments to evaluate381

the effectiveness of the PRINCIPAL PARTS DE-382

TECTION framework across ten typologically di-383

verse languages. The evaluation compares six384

model configurations, each formed by pairing one385

of three characterization methods—Edit Distance,386

Edit Script, and Reinflection Accuracy—with one387

of two clustering algorithms—Affinity Propagation388

and Hierarchical K-Means. To establish a perfor-389

mance threshold, we include a Random Baseline,390

which selects principal parts at random.391

5.1 Dataset392

The experiments are conducted on the PRINCI-393

PAL PARTS DETECTION dataset, which comprises394

ten typologically diverse languages, divided into395

a development set (Hebrew, English, French, Ger-396

man, and Spanish) and a test set (Danish, Swedish,397

Finnish, Turkish, and Latin).398

The development set represents varied morpho-399

logical structures. Hebrew exhibits synthetic mor-400

phology, encoding multiple grammatical elements401

within single word forms. English, in contrast, is402

analytic, primarily relying on word order and aux-403

iliary constructions for grammatical relationships.404

French and Spanish, as fusional languages, encode405

tense, mood, and person within single inflections,406

albeit with varying degrees of regularity. German, a407

hybrid case, incorporates both fusional and analytic408

morphological characteristics, presenting distinct409

patterns for analysis. This linguistic diversity en-410

sures that models are trained on paradigms with411

different degrees of morphological richness, regu-412

larity, and complexity.413

The test set is designed to assess generalization414

across languages with distinct inflectional systems.415

Finnish and Turkish exemplify agglutinative mor-416

phology, where grammatical meaning is expressed417

through concatenative morphemes. Latin, a highly418

inflected classical language, provides a rigorous419

test case for evaluating the models’ ability to han-420

dle case, number, and gender distinctions. Danish421

and Swedish, characterized by relatively regular422

inflectional systems, contribute typological variety423

while testing the models’ robustness in less com-424

plex paradigms.425

By structuring the dataset to reflect a wide range426

of linguistic variation, this division ensures a com-427

prehensive evaluation of the framework’s adapt-428

ability to diverse morphological systems and its429

ability to generalize across typologically distinct 430

languages. 431

5.2 Evaluation Metric 432

To evaluate model effectiveness, we use the F1 433

score, which balances precision and recall to as- 434

sess both accuracy and completeness in PRINCIPAL 435

PARTS DETECTION. 436

In addition to reporting F1 scores, we compare 437

model performance against a Random Baseline, 438

which selects principal parts randomly within each 439

paradigm. Given a paradigm with x feature sets 440

and y gold principal parts, the probability of ran- 441

domly selecting a correct principal part is y
x . Since 442

the baseline selects y principal parts, the expected 443

number of correct predictions is y× y
x = y2

x . From 444

this, the expected precision, recall, and F1 score 445

are all: F1 = y
x . Since principal parts are inher- 446

ently sparse within most paradigms, the Random 447

Baseline represents a challenging threshold. Mod- 448

els that significantly exceed this score demonstrate 449

an ability to detect principal parts systematically 450

rather than relying on chance. 451

5.3 Reinflection Settings 452

For models utilizing Reinflection Accuracy, we 453

train a separate reinflection model for each feature 454

set, treating it as the source while all other feature 455

sets serve as targets. The model is based on the 456

Base LSTM architecture (Goldman et al., 2021), a 457

character-based sequence-to-sequence model com- 458

prising a one-layer bidirectional LSTM encoder 459

and a one-layer unidirectional LSTM decoder with 460

a global soft attention layer (Bahdanau et al., 2014). 461

Each model is trained for 50 epochs, optimizing 462

categorical cross-entropy. 463

The dataset is split 70%-30%, ensuring that test 464

lexemes are unseen during training. Each feature 465

set is trained using a dedicated dataset, where it 466

serves as the source inflection across different lex- 467

emes. Since each feature set is evaluated on its 468

ability to generate all other feature sets within the 469

paradigm, corresponding test sets are created—one 470

per target feature set. 471

Each trained model is evaluated on how accu- 472

rately it inflects from its assigned source feature set 473

to each target feature set. The resulting accuracy 474

scores form representation vector, capturing a fea- 475

ture set’s proficiency in generating others. Feature 476

sets with high Reinflection Accuracy scores demon- 477

strate strong predictive capacity, making them ef- 478

fective candidates for principal parts. 479
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Model Algorithmic Evaluation

Random Baseline 21.20

Edit Distance + Affinity Propagation 31.29

Edit Distance + Hierarchical K-Means 32.51

Reinflection Accuracy + Hierarchical K-Means 42.43

Edit Script + Affinity Propagation 44.62

Reinflection Accuracy + Affinity Propagation 45.56

Edit Script + Hierarchical K-Means 55.05

Table 1: Averaged F1 scores of PRINCIPAL PARTS DE-
TECTION models across ten languages. The table com-
pares different model configurations, highlighting the
best-performing model.

5.4 Results480

Table 1 presents the average F1 scores across ten481

languages, providing a comparative evaluation of482

model performance. All models outperform the483

Random Baseline, which achieves the lowest F1484

score of 21.20%. The best-performing model, Edit485

Script + Hierarchical K-Means, achieves an F1486

score of 55.05%, demonstrating its ability to effec-487

tively capture and cluster morphological patterns488

across diverse languages.489

Reinflection Accuracy models perform compet-490

itively, with F1 scores of 45.56% (Affinity Prop-491

agation) and 42.43% (Hierarchical K-Means). In492

contrast, Edit Distance-based models yield lower493

scores of 31.29% and 32.51%, indicating that494

surface-level similarity alone is insufficient for495

PRINCIPAL PARTS DETECTION.496

Overall, all tested methods surpass the Random497

Baseline by at least 10.09 points, with the best-498

performing model exceeding it by 33.85 points.499

These results confirm the effectiveness of the pro-500

posed methodology, demonstrating a substantial501

improvement over random selection.502

Table 2 provides a language-specific breakdown503

of F1 scores, offering further insight into model504

performance across different morphological ty-505

pologies. Edit Script + Hierarchical K-Means506

achieves top performance in Hebrew, French, Span-507

ish, Turkish, and Latin, confirming its adaptability508

across different morphological systems. Reinflec-509

tion Accuracy-based models perform particularly510

well in English, Spanish, Finnish, and Swedish,511

suggesting that functional predictability is well-512

suited for these languages.513

Interestingly, while Reinflection Accuracy514

+ Affinity Propagation ranks second overall515

(45.56%), it does not consistently outperform516

other models across all languages. In Danish and517

Model Hebrew English French German Spanish Danish Swedish Finnish Turkish Latin

Random Baseline 20.68 60.00 14.28 16.66 2.53 62.50 26.30 2.48 28.00 6.25

Edit Distance + Affinity Propagation 33.30 66.70 37.50 46.20 15.40 57.10 40.00 0.00 0.00 16.70

Edit Distance + Hierarchical K-Means 25.00 57.10 44.40 44.40 0.00 57.10 57.10 0.00 0.00 40.00

Reinflection Accuracy + Hierarchical K-Means 25.00 85.70 44.40 28.60 50.00 57.10 43.50 50.00 0.00 40.00

Edit Script + Affinity Propagation 50.00 80.00 54.50 66.70 36.40 50.00 60.00 23.50 6.90 18.20

Reinflection Accuracy + Affinity Propagation 36.40 80.00 26.70 60.00 16.70 75.00 75.00 46.20 17.40 22.20

Edit Script + Hierarchical K-Means 50.00 80.00 54.50 60.00 50.00 72.70 60.00 33.30 50.00 40.00

Table 2: Language-specific F1 scores of PRINCIPAL
PARTS DETECTION models across ten languages. The
table highlights variations in model effectiveness across
different morphological typologies.

Swedish, its relatively strong results suggest an 518

advantage in regular inflectional systems where 519

paradigmatic structures are highly predictable. 520

Conversely, in fusional languages like Spanish, 521

where single inflections encode multiple grammat- 522

ical features, it faces challenges in PRINCIPAL 523

PARTS DETECTION. 524

In contrast, Edit Distance-based models fail to 525

rank highest in any language, reinforcing the con- 526

clusion that surface-level similarity alone is insuffi- 527

cient for PRINCIPAL PARTS DETECTION. These 528

findings emphasize the importance of selecting ap- 529

propriate characterization methods based on lin- 530

guistic properties and show that transformational 531

diversity (Edit Script) and functional predictability 532

(Reinflection Accuracy) are particularly effective 533

strategies. 534

6 Analysis 535

We analyze how methodological factors shape 536

model performance, focusing on transformations 537

in characterization data and the effectiveness of 538

clustering strategies. This evaluation highlights 539

structural patterns influencing clustering quality 540

and examines the extent to which clustering results 541

align with ideal principal parts selection. 542

6.1 Transpose Ablation: Evaluating the 543

Impact of Data Orientation 544

The Transpose Ablation study investigates whether 545

swapping the rows and columns of the charac- 546

terization tables influences clustering quality and 547

principal parts selection. This transformation is 548

particularly relevant for Reinflection Accuracy, 549

where the original tables encode directional rela- 550

tionships—rows indicate how easily a feature set 551

can inflect from itself to others, while columns 552

represent the reverse relationship. By transposing 553

these tables, we test whether an alternative struc- 554

tural alignment improves performance. 555

6



Model Transpose Algorithmic Evaluation

Reinflection Accuracy + Affinity Propagation
✗ 45.56

✓ 44.05

Reinflection Accuracy + Hierarchical K-Means
✗ 42.43

✓ 43.14

Table 3: Algorithmic evaluation of Reinflection Accu-
racy models with and without transposition across ten
languages. The table presents the averaged F1 scores for
models before and after transposition, highlighting its
varying impact depending on the clustering algorithm.

Transposition is applied only to Reinflection Ac-556

curacy models, as Edit Distance and Edit Script557

methods generate symmetric similarity matrices,558

making transposition redundant. We evaluate two559

models: Reinflection Accuracy + Affinity Propa-560

gation and Reinflection Accuracy + Hierarchical561

K-Means, comparing their performance before and562

after transposition.563

The results in Table 3 show that transposition564

affects models differently. Reinflection Accuracy +565

Affinity Propagation experiences a slight decrease566

in performance (45.56% → 44.05%), while Re-567

inflection Accuracy + Hierarchical K-Means im-568

proves marginally (42.43% → 43.14%). This sug-569

gests that transposition does not universally en-570

hance clustering effectiveness and that its impact571

depends on the underlying clustering strategy.572

Despite the minor improvement in Hierarchical573

K-Means, transposed results are excluded from the574

main evaluation due to their limited effect and mis-575

alignment with the principal parts definition. Since576

original (non-transposed) feature sets encode gen-577

erative properties crucial for inflection, preserving578

this structure remains preferable. These findings579

suggest that alternative data transformations, better580

aligned with the linguistic task, may offer greater581

benefits.582

6.2 Oracle Evaluation583

To assess the theoretical upper limit of model per-584

formance, we conduct an Oracle evaluation, where585

principal parts are selected with perfect knowledge586

rather than through clustering. This evaluation dis-587

tinguishes clustering effectiveness from principal588

parts selection quality, highlighting areas for im-589

provement.590

Table 4 reveals substantial gaps between Ora-591

cle and Algorithmic scores, underscoring cluster-592

ing limitations and principal parts selection inef-593

ficiencies. Edit Script + Hierarchical K-Means594

achieves the highest Oracle score (76.21%), con-595

Model Evaluation
Oracle Algorithmic

Edit Distance + Affinity Propagation 40.08 31.29

Edit Distance + Hierarchical K-Means 50.57 32.51

Reinflection Accuracy + Affinity Propagation 58.78 45.56

Reinflection Accuracy + Hierarchical K-Means 65.64 42.43

Edit Script + Affinity Propagation 54.16 44.62

Edit Script + Hierarchical K-Means 76.21 55.05

Table 4: Oracle and Algorithmic evaluations of PRIN-
CIPAL PARTS DETECTION models across languages.
Oracle evaluation assumes perfect knowledge of princi-
pal parts, establishing an upper bound on performance,
while Algorithmic evaluation reflects actual model per-
formance.

Model Transpose Evaluation
Oracle Algorithmic

Reinflection Accuracy + Affinity Propagation
✗ 58.78 45.56

✓ 58.51 44.05

Reinflection Accuracy + Hierarchical K-Means
✗ 65.64 42.43

✓ 67.70 43.14

Table 5: Oracle and Algorithmic evaluations of Reinflec-
tion Accuracy before and after transposition. The table
examines how transposition affects clustering quality
under both ideal (Oracle) and algorithmic conditions.

firming strong clustering performance. However, 596

the 21.16-point gap suggests that principal parts 597

selection remains a limiting factor. 598

Conversely, Edit Distance + Affinity Propagation 599

exhibits the lowest Oracle score (40.08%), indicat- 600

ing fundamental challenges in clustering feature 601

sets meaningfully. Reinflection Accuracy + Hierar- 602

chical K-Means shows a particularly large Oracle- 603

Algorithmic gap (65.64% → 42.43%), highlighting 604

that while clustering is effective, principal parts 605

selection still requires refinement. 606

These findings emphasize the importance of op- 607

timizing both clustering effectiveness and principal 608

parts selection to bridge the gap between Oracle 609

and Algorithmic performance. 610

6.3 Interplay Between Transposition and 611

Oracle Performance 612

Table 5 presents the impact of transposition on 613

Reinflection Accuracy models under both Oracle 614

and Algorithmic evaluations. 615

The results indicate that while transposition im- 616

proves Oracle performance for Hierarchical K- 617

Means (65.64% → 67.70%), it has a negligible 618

effect on Algorithmic scores, indicating that while 619

transposition enhances clustering under ideal con- 620

ditions, it does not meaningfully improve principal 621
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parts selection. Additionally, Affinity Propagation622

exhibits sensitivity to data orientation, showing623

a slight decline in Oracle performance (58.78%624

→ 58.51%), suggesting that its clustering mech-625

anism relies on specific directional patterns that626

transposition may disrupt. Conversely, Hierarchi-627

cal K-Means benefits from transposed data, likely628

due to its iterative refinement of clusters. However,629

since Algorithmic scores remain largely unchanged630

across models, these findings reinforce that refin-631

ing selection heuristics, rather than adjusting data632

orientation, is the key to improving model perfor-633

mance.634

7 Related Work635

Early computational approaches to paradigm com-636

pletion predominantly relied on the lemma as the637

central reference form, treating it as the sole input638

for generating full inflectional paradigms (Durrett639

and DeNero, 2013; Hulden, 2014; Nicolai et al.,640

2015; Ahlberg et al., 2015; Faruqui et al., 2016).641

However, Cotterell et al. (2017) highlighted the642

limitations of this approach, noting that forcing643

transformations to pass exclusively through the644

lemma can introduce unnecessary complexity. In-645

stead, more flexible models leveraging multiple646

inflected forms have been proposed, allowing trans-647

formations to occur directly or via intermediary648

forms, rather than constraining them to a single649

privileged form. This shift aligns with the concept650

of principal parts, which constitute the minimal651

set of paradigm cells required to deduce all others652

(Finkel and Stump, 2007; Stump and Finkel, 2013).653

Cotterell et al. (2017) introduced a directed654

graphical model that probabilistically generates655

missing inflected forms by modeling dependen-656

cies within paradigms. This approach enables the657

prediction of a form from multiple inflected forms658

rather than exclusively from the lemma. Around659

the same time, Kann et al. (2017) introduced multi-660

source reinflection, demonstrating that using mul-661

tiple inflected forms as input improves accuracy.662

Their work explicitly references principal parts as a663

linguistic motivation, reinforcing the idea that cer-664

tain forms within a paradigm hold stronger predic-665

tive capacity. Additionally, Cotterell et al. (2019)666

examined the structural complexity of inflectional667

paradigms, proposing a neural method for ordering668

paradigm slots based on their predictability—an669

indirect computational realization of the principal670

parts concept.671

Liu and Hulden (2020) extended these ideas 672

by reformulating morphological inflection as a 673

Paradigm Cell Filling Problem (PCFP), where miss- 674

ing forms are inferred from a partially observed set 675

of paradigm cells. While their work does not ex- 676

plicitly model principal parts, it aligns with their 677

predictive role in improving inflectional accuracy, 678

particularly in low-resource settings. 679

Despite these advancements, no prior work has 680

proposed a systematic, data-driven approach to 681

principal parts detection. Existing studies have 682

either assumed pre-defined principal parts or incor- 683

porated them indirectly within broader inflectional 684

tasks. In contrast, we introduce PRINCIPAL PARTS 685

DETECTION as a formal computational task, devel- 686

oping a multilingual benchmark and a principled 687

methodology for automatic PRINCIPAL PARTS DE- 688

TECTION. By integrating linguistic insights with 689

computational modeling, we establish a structured 690

framework for principal parts detection. 691

8 Conclusions 692

This work introduces PRINCIPAL PARTS DETEC- 693

TION as a computational task, formalizing the 694

detection of principal parts within inflectional 695

paradigms. We construct a multilingual dataset 696

with ten typologically diverse languages, and de- 697

velop a structured framework to automatically de- 698

tect principal parts in their verbal diagrams. 699

our empirical evaluation shows that character- 700

izing inter-cell relationships, clustering feature 701

sets, and selecting representatives, offers a viable 702

strategy for identifying principal parts. Our best- 703

performing approach — Edit Script similarity with 704

Hierarchical K-Means — achieves an F1 score of 705

55.05%, significantly surpassing the Random Base- 706

line of 21.20%. However, results across models 707

indicate that while clustering is effective in group- 708

ing related feature sets, principal parts selection 709

remains a key bottleneck. 710

Beyond theoretical interest, solving PRINCIPAL 711

PARTS DETECTION has practical implications for 712

computational morphology. By identifying com- 713

pact, generative subsets of paradigm forms, prin- 714

cipal parts can be leveraged to optimize morpho- 715

logical inflection models, reduce annotation costs, 716

and improve low-resource language modeling. The 717

structured approach presented here lays the foun- 718

dation for future advancements, underscoring the 719

relevance of linguistic principles in shaping more 720

efficient NLP methodologies. 721
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Limitations722

Despite the progress demonstrated in this study,723

several open challenges remain. Irregular724

paradigms, as seen in Latin, continue to pose dif-725

ficulties, highlighting the need for methods that726

can better capture morphological unpredictability.727

Additionally, our reliance on UniMorph, while of-728

fering broad linguistic coverage, exposes inconsis-729

tencies that impact model generalization. More730

curated linguistic resources could improve dataset731

reliability and refine the evaluation of principal732

parts across languages.733

Also, one could explore alternative clustering734

strategies that are better suited to morphological735

structures, such as graph-based methods or neural736

clustering approaches. Transformer-based models737

hold potential for capturing deeper morphological738

dependencies, offering an avenue for enhancing739

both clustering accuracy and principal parts selec-740

tion. These challenges are beyond the scope of this741

paper and we reserve it to future work.742

Our dataset currently includes only 10 languages.743

Expanding the dataset to include more morpholog-744

ically rich and underrepresented languages, such745

as polysynthetic languages, would better capture746

typological diversity and will potentially further747

validate the robustness of PRINCIPAL PARTS DE-748

TECTION methods.749
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Appendix 891

A Technical Overview of the PRINCIPAL 892

PARTS DETECTION Dataset 893

This section provides the technical details of the 894

PRINCIPAL PARTS DETECTION dataset, including 895

the number of samples per feature set in each lan- 896

guage’s verb paradigm and the total number of gold 897

principal parts for each language. In some cases, 898

specific feature sets were removed for various rea- 899

sons, which are explained in subsection A.2. 900

Additionally, we list the gold principal parts for 901

each language, formatted as feature_set (e.g., 902

form). When two feature sets share the same form, 903

the gold principal parts are listed in square brackets 904

[ ]. The first feature set corresponds to the princi- 905

pal part identified in linguistic literature, while the 906

second represents a feature set that consistently 907

shares the same form across all samples in the 908

dataset. In such cases, the second feature set is 909

included as a possible principal part, as the algo- 910

rithm’s choice between them does not affect the 911

analysis. To avoid redundancy, no principal part is 912

counted more than once in these scenarios. 913

A.1 Dataset Summary and Illustrative 914

Lexeme Examples 915

For each language, we provide an example lex- 916

eme to illustrate the principal parts, formatted as 917

feature_set (e.g., form). These examples are 918

illustrative and may not share the same meanings 919

across languages. 920

A.2 Explanatory Notes 921

The following explanatory notes clarify decisions 922

made during dataset preparation and supplement 923

the information presented in Table 6: 924

• Spanish: PRO feature sets, representing verbs 925

with object clitic pronouns, were removed. 926

• Swedish: The V-IMP-PASS feature set was 927

excluded due to insufficient samples (only 928

three). 929

• Latin: 930

– Passive feature sets were excluded. 931

– Feature sets starting with V.PTCP (in- 932

stead of V-V.PTCP) were removed. 933
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Language Features Samples per
Feature Set

# of Gold
Principal

Parts
Gold Principal Parts

English 5 23,896–31,848 3
V-NFIN-IMP+SBJV (e.g., eat),

V-PST (e.g., ate),
V-V.PTCP-PST (e.g., eaten)

French 49 7,483–7,535 7

V-NFIN (e.g., mangier),
V-IND-PRS-1-PL (e.g., manjons),

V.PTCP-PST (e.g., mangié),
V-IND-FUT-1-SG (e.g., mangerai),
V-IND-PRS-1-SG (e.g., manju),

V-IND-PRS-3-PL (e.g., manjüent),
V-IND-PST-1-SG-PFV (e.g., manjai)

German 30 2,307–6,661 5

V-NFIN (e.g., essen),
V.PTCP-PST (e.g., gegessen),

[V-IND-SG-3-PST, V-IND-SG-1-PST
(e.g., aß)],

V-IND-SG-3-PRS (e.g., isst),
[V-SBJV-SG-3-PST, V-SBJV-SG-1-PST

(e.g., äße)]

Spanish 79 6,676–6,695 2
V-NFIN (e.g., comer),
V-IND-PRS-1-SG (e.g., como)

Danish 8 162 5

V-ACT-NFIN (e.g., danse),
V-ACT-IND-PRS (e.g., danser),
V-ACT-IND-PST (e.g., dansede),

V-ACT-IMP (e.g., dans),
V.PTCP-PASS-PST (e.g., danset)

Swedish 19 2,114–2,536 5

[V-NFIN-ACT, V-IND-PL-ACT-PRS
(e.g., äta)],

V-IND-SG-ACT-PRS (e.g., äter),
V-IND-SG-ACT-PST (e.g., åt),

V-V.CVB-ACT (e.g., ätit),
V-IMP-ACT (e.g., ät)

Finnish 161 7,221–7,226 4

V-NFIN-ACT+PASS (e.g., syödä),
V-ACT-PRS-POS-IND-1-SG (e.g., syön),
V-ACT-PST-POS-IND-3-SG (e.g., söi),

V.PTCP-ACT-PST (e.g., syönyt)

Turkish 703 588 2
V-NFIN (e.g., içmek),

V-IND-PRS-HAB-3-SG-POS-DECL (e.g., içer)

Latin 48 450–947 3
V-IND-ACT-PRS-1-SG (e.g., -pleō),

V-NFIN-ACT-PRS (e.g., -plēre),
V-V.MSDR-ACC-LGSPEC1 (e.g., -plētum)

Table 6: Summary of the PRINCIPAL PARTS DETECTION dataset by language, including gold principal parts and
illustrative lexeme examples.

– Feature sets with 30 or fewer samples934

were excluded.935

– The first-person-singular-perfect-active-936

indicative feature set was excluded from937

the gold principal parts list due to insuf-938

ficient data (only two samples).939

B Characterization Tables for Selected 940

Languages 941

To illustrate the structure of the characterization 942

methods, we present detailed characterization ta- 943

bles for three representative languages from our 944

dataset. These tables demonstrate how different 945

feature sets relate within their verb paradigms, 946

showcasing the variation across Edit Distance, Edit 947

Script, and Reinflection Accuracy characterization 948

methods. 949
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Each language is represented by three tables, cor-950

responding to the distinct characterization methods,951

with principal parts highlighted in yellow for clarity.952

Additionally, cases where two feature sets consis-953

tently share the same form and are interchangeable954

as principal parts are marked with a distinct color.955

Since these feature sets carry identical information,956

the model’s selection between them does not im-957

pact the results.958

Interpretation of Tables. The provided tables959

exemplify the structure of the characterization960

methods rather than an exhaustive display of all961

ten languages in our study. While specific lexeme962

examples are shown in the rows and columns, the963

quantified relationships they capture apply to the964

entire verb paradigm of each language. These ex-965

amples serve to illustrate the broader implicative966

patterns identified during the characterization pro-967

cess.968

B.1 Characterization Tables for English969

B.2 Characterization Tables for German970

B.3 Characterization Tables for Swedish971
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Features V-NFIN-IMP+SBJV - eat V-PRS-3-SG - eats V-PST - ate V-V.PTCP-PRS - eating V-V.PTCP-PST - eaten

1 V-NFIN-IMP+SBJV - eat 0 1.157683294 1.532683294 3.088508537 1.534943087

2 V-PRS-3-SG - eats 1.157683294 0 1.421493137 3.087504185 1.410905591

3 V-PST - ate 1.532683294 1.421493137 0 3.066078005 0.048627385

4 V-V.PTCP-PRS - eating 3.088508537 3.087504185 3.066078005 0 3.034273519

5 V-V.PTCP-PST - eaten 1.534943087 1.410905591 0.048627385 3.034273519 0

Figure 1: Average edit distances for the English verb paradigm. Values range from 0 to 4.5. Darker red shades
indicate closer relationships between feature sets, while darker turquoise shades represent greater differences.

Features V-NFIN-IMP+SBJV - eat V-PRS-3-SG - eats V-PST - ate V-V.PTCP-PRS - eating V-V.PTCP-PST - eaten

1 V-NFIN-IMP+SBJV - eat 1 27 117 51 124

2 V-PRS-3-SG - eats 29 1 110 48 117

3 V-PST - ate 124 110 1 116 43

4 V-V.PTCP-PRS - eating 55 59 119 1 121

5 V-V.PTCP-PST - eaten 128 118 45 119 1

Figure 2: Edit Script scores for the English verb paradigm. Values range from 1 to 128. Darker purple shades
indicate fewer unique character sets (closer relationships), while darker air-force-blue shades reflect greater

variation.

Features V-NFIN-IMP+SBJV - eat V-PRS-3-SG - eats V-PST - ate V-V.PTCP-PRS - eating V-V.PTCP-PST - eaten

1 V-NFIN-IMP+SBJV - eat 0.95 0.96 0.92 0.94 0.92

2 V-PRS-3-SG - eats 0.95 0.96 0.92 0.94 0.91

3 V-PST - ate 0.9 0.91 0.96 0.94 0.95

4 V-V.PTCP-PRS - eating 0.91 0.92 0.92 0.95 0.92

5 V-V.PTCP-PST - eaten 0.91 0.91 0.96 0.95 0.96

Figure 3: Reinflection Accuracy scores for the English verb paradigm. Values range from 0.9 to 0.96. Darker teal
shades indicate higher accuracy, while darker pink shades reflect lower performance.

Features
V.PTCP-PRS - 

essend
V.PTCP-PST - 

gegessen
V-IMP-PL-2 - esst V-IMP-SG-2 - iss

V-IND-PL-1-PRS - 
essen

V-IND-PL-1-PST - 
aßen

V-IND-PL-2-PRS - 
esst

V-IND-PL-2-PST - 
aßt

V-IND-PL-3-PRS - 
essen

V-IND-PL-3-PST - 
aßen

V-IND-SG-1-PRS - 
esse

V-IND-SG-1-PST - 
aß

V-IND-SG-2-PRS - 
isst

V-IND-SG-2-PST - 
aßt

V-IND-SG-3-PRS - 
isst

V-IND-SG-3-PST - 
aß

V-NFIN - essen
V-NFIN-

LGSPEC01 - אין
V-SBJV-PL-1-PRS - 

 essen
V-SBJV-PL-1-PST - 

äßen
V-SBJV-PL-2-PRS - 

 esset
V-SBJV-PL-2-PST - 

äßet
V-SBJV-PL-3-PRS - 

 essen
V-SBJV-PL-3-PST - 

äßen
V-SBJV-SG-1-PRS - 

 esse
V-SBJV-SG-1-PST - 

 äße
V-SBJV-SG-2-PRS - 

 essest
V-SBJV-SG-2-PST - 

 äßest
V-SBJV-SG-3-PRS - 

 esse
V-SBJV-SG-3-PST - 

 äße

1 V.PTCP-PRS - essend 0 3.828404144 4.705590622 4.09137361 3.367172248 4.662561946 4.694548731 5.38954798 3.367172248 4.662561946 4.039945938 4.934224358 5.010211744 5.82640036 4.760774891 4.934224358 0.999849872 3.000433463 3.367172248 4.664664364 4.326325274 5.367772939 3.367172248 4.664664364 4.023126596 4.908394654 4.742003304 5.826700706 4.023126596 4.908394654

2 V.PTCP-PST - gegessen 3.828404144 0 4.06372107 4.592425609 5.027481604 5.257396005 4.052710617 5.421985283 5.027481604 5.257396005 4.559393302 4.620964109 4.822345698 6.212794714 4.093707764 4.620964109 2.839963969 3.605981795 5.027481604 5.299294188 4.607748911 5.395404715 5.027481604 5.299294188 4.546628623 4.591680432 5.460279321 6.24598288 4.546628623 4.591680432

3 V-IMP-PL-2 - esst 4.705590622 4.06372107 0 1.084310189 1.755034566 2.345807033 0.019687406 2.015479411 1.755034566 2.345807033 1.04854223 1.381574992 1.011722272 2.960925759 0.129996994 1.381574992 3.906672678 9.666521928 1.755034566 2.345807033 0.919446949 2.154042681 1.755034566 2.345807033 1.039074241 1.393748121 1.916290953 3.101893598 1.039074241 1.393748121

4 V-IMP-SG-2 - iss 4.09137361 4.592425609 1.084310189 0 1.131650135 2.366847009 1.093477607 2.331680192 1.131650135 2.366847009 0.154192967 1.460324617 1.988578299 3.282837391 1.086113616 1.460324617 3.317703637 9.226226661 1.131650135 2.366245867 1.111361587 2.363540727 1.131650135 2.366245867 0.117222723 1.373609859 2.108055305 3.349113315 0.117222723 1.373609859

5 V-IND-PL-1-PRS - essen 3.367172248 5.027481604 1.755034566 1.131650135 0 1.42183511 1.740201231 2.560444511 0 1.42183511 1.038594384 2.316714221 2.094158282 3.415227512 1.845171948 2.316714221 2.669019372 9.286767896 0 1.419132002 1.161435651 2.418831656 0 1.419132002 1.020874005 2.184562247 2.160684788 3.418381138 1.020874005 2.184562247

6 V-IND-PL-1-PST - aßen 4.662561946 5.257396005 2.345807033 2.366847009 1.42183511 0 2.333083046 1.159032888 1.42183511 0 2.313710767 1.191169845 3.136206638 2.000450518 2.363417931 1.191169845 3.942033338 10.21822126 1.42183511 0.133503529 2.208890224 1.133503529 1.42183511 0.133503529 2.302297642 1.132902838 3.206337288 2.132602493 2.302297642 1.132902838

7 V-IND-PL-2-PRS - esst 4.694548731 4.052710617 0.019687406 1.093477607 1.740201231 2.333083046 0 2.003003454 1.740201231 2.333083046 1.036642138 1.36672173 0.997447064 2.948490764 0.118786605 1.36672173 3.894728938 9.650759219 1.740201231 2.331280973 0.901787055 2.13966061 1.740201231 2.331280973 1.022075387 1.377083646 1.900886019 3.087550683 1.022075387 1.377083646

8 V-IND-PL-2-PST - aßt 5.38954798 5.421985283 2.015479411 2.331680192 2.560444511 1.159032888 2.003003454 0 2.560444511 1.159032888 2.313110077 1.031986785 2.158282024 0.970866496 2.043700255 1.031986785 4.772488362 10.52494577 2.560444511 1.290734344 1.443760324 0.290734344 2.560444511 1.290734344 2.300946088 1.132602493 2.304099715 1.290734344 2.300946088 1.132602493

9 V-IND-PL-3-PRS - essen 3.367172248 5.027481604 1.755034566 1.131650135 0 1.42183511 1.740201231 2.560444511 0 1.42183511 1.038594384 2.316714221 2.094158282 3.415227512 1.845171948 2.316714221 2.669019372 9.286767896 0 1.419132002 1.161435651 2.418831656 0 1.419132002 1.020874005 2.184562247 2.160684788 3.418381138 1.020874005 2.184562247

10 V-IND-PL-3-PST - aßen 4.662561946 5.257396005 2.345807033 2.366847009 1.42183511 0 2.333083046 1.159032888 1.42183511 0 2.313710767 1.191169845 3.136206638 2.000450518 2.363417931 1.191169845 3.942033338 10.21822126 1.42183511 0.133503529 2.208890224 1.133503529 1.42183511 0.133503529 2.302297642 1.132902838 3.206337288 2.132602493 2.302297642 1.132902838

11 V-IND-SG-1-PRS - esse 4.039945938 4.559393302 1.04854223 0.154192967 1.038594384 2.313710767 1.036642138 2.313110077 1.038594384 2.313710767 0 1.475747109 2.021925214 3.263402913 1.116083496 1.475747109 3.270761376 9.195227766 1.038594384 2.313260249 1.059168043 2.313110077 1.038594384 2.313260249 0.063823397 1.316413876 2.055263553 3.302297642 0.063823397 1.316413876

12 V-IND-SG-1-PST - aß 4.934224358 4.620964109 1.381574992 1.460324617 2.316714221 1.191169845 1.36672173 1.031986785 2.316714221 1.191169845 1.475747109 0 2.272413275 2.002853281 1.36506983 0 4.30830455 9.907158351 2.316714221 1.322420784 2.234419583 1.322120439 2.316714221 1.322420784 1.463132602 0.322570957 3.211292987 2.321970266 1.463132602 0.322570957

13 V-IND-SG-2-PRS - isst 5.010211744 4.822345698 1.011722272 1.988578299 2.094158282 3.136206638 0.997447064 2.158282024 2.094158282 3.136206638 2.021925214 2.272413275 0 2.094008109 0.921009161 2.272413275 4.393001952 10.22212581 2.094158282 3.135605947 1.117284878 2.200030035 2.094158282 3.135605947 2.015768133 2.277819492 1.099564499 2.24207839 2.015768133 2.277819492

14 V-IND-SG-2-PST - aßt 5.82640036 6.212794714 2.960925759 3.282837391 3.415227512 2.000450518 2.948490764 0.970866496 3.415227512 2.000450518 3.263402913 2.002853281 2.094008109 0 2.988436702 2.002853281 5.633428443 11.08286334 3.415227512 2.133053011 2.297492116 1.133053011 3.415227512 2.133053011 3.251689443 2.101066226 1.450518096 0.320768884 3.251689443 2.101066226

15 V-IND-SG-3-PRS - isst 4.760774891 4.093707764 0.129996994 1.086113616 1.845171948 2.363417931 0.118786605 2.043700255 1.845171948 2.363417931 1.116083496 1.36506983 0.921009161 2.988436702 0 1.36506983 3.951944736 9.709761388 1.845171948 2.364018621 1.019522451 2.181859138 1.845171948 2.364018621 1.11353056 1.395855234 2.016068479 3.123291786 1.11353056 1.395855234

16 V-IND-SG-3-PST - aß 4.934224358 4.620964109 1.381574992 1.460324617 2.316714221 1.191169845 1.36672173 1.031986785 2.316714221 1.191169845 1.475747109 0 2.272413275 2.002853281 1.36506983 0 4.30830455 9.907158351 2.316714221 1.322420784 2.234419583 1.322120439 2.316714221 1.322420784 1.463132602 0.322570957 3.211292987 2.321970266 1.463132602 0.322570957

17 V-NFIN - essen 0.999849872 2.839963969 3.906672678 3.317703637 2.669019372 3.942033338 3.894728938 4.772488362 2.669019372 3.942033338 3.270761376 4.30830455 4.393001952 5.633428443 3.951944736 4.30830455 0 2.000433463 2.669019372 3.945337138 3.671572308 4.759723682 2.669019372 3.945337138 3.253791861 4.291184863 4.622916354 5.702057366 3.253791861 4.291184863

18 V-NFIN-LGSPEC01 - אין 3.000433463 3.605981795 9.666521928 9.226226661 9.286767896 10.21822126 9.650759219 10.52494577 9.286767896 10.21822126 9.195227766 9.907158351 10.22212581 11.08286334 9.709761388 9.907158351 2.000433463 0 9.286767896 10.23991323 9.90021692 10.5813449 9.286767896 10.23991323 9.161388286 9.966160521 10.52277657 11.19392625 9.161388286 9.966160521

19 V-SBJV-PL-1-PRS - essen 3.367172248 5.027481604 1.755034566 1.131650135 0 1.42183511 1.740201231 2.560444511 0 1.42183511 1.038594384 2.316714221 2.094158282 3.415227512 1.845171948 2.316714221 2.669019372 9.286767896 0 1.419132002 1.161435651 2.418831656 0 1.419132002 1.020874005 2.184562247 2.160684788 3.418381138 1.020874005 2.184562247

20 V-SBJV-PL-1-PST - äßen 4.664664364 5.299294188 2.345807033 2.366245867 1.419132002 0.133503529 2.331280973 1.290734344 1.419132002 0.133503529 2.313260249 1.322420784 3.135605947 2.133053011 2.364018621 1.322420784 3.945337138 10.23991323 1.419132002 0 2.206187115 1.000300345 1.419132002 0 2.299594534 1.000300345 3.203934525 2.000300345 2.299594534 1.000300345

21 V-SBJV-PL-2-PRS - esset 4.326325274 4.607748911 0.919446949 1.111361587 1.161435651 2.208890224 0.901787055 1.443760324 1.161435651 2.208890224 1.059168043 2.234419583 1.117284878 2.297492116 1.019522451 2.234419583 3.671572308 9.90021692 1.161435651 2.206187115 0 1.302447815 1.161435651 2.206187115 1 2.109475897 1 2.300795915 1 2.109475897

22 V-SBJV-PL-2-PST - äßet 5.367772939 5.395404715 2.154042681 2.363540727 2.418831656 1.133503529 2.13966061 0.290734344 2.418831656 1.133503529 2.313110077 1.322120439 2.200030035 1.133053011 2.181859138 1.322120439 4.759723682 10.5813449 2.418831656 1.000300345 1.302447815 0 2.418831656 1.000300345 2.299294188 1 2.20588677 1 2.299294188 1

23 V-SBJV-PL-3-PRS - essen 3.367172248 5.027481604 1.755034566 1.131650135 0 1.42183511 1.740201231 2.560444511 0 1.42183511 1.038594384 2.316714221 2.094158282 3.415227512 1.845171948 2.316714221 2.669019372 9.286767896 0 1.419132002 1.161435651 2.418831656 0 1.419132002 1.020874005 2.184562247 2.160684788 3.418381138 1.020874005 2.184562247

24 V-SBJV-PL-3-PST - äßen 4.664664364 5.299294188 2.345807033 2.366245867 1.419132002 0.133503529 2.331280973 1.290734344 1.419132002 0.133503529 2.313260249 1.322420784 3.135605947 2.133053011 2.364018621 1.322420784 3.945337138 10.23991323 1.419132002 0 2.206187115 1.000300345 1.419132002 0 2.299594534 1.000300345 3.203934525 2.000300345 2.299594534 1.000300345

25 V-SBJV-SG-1-PRS - esse 4.023126596 4.546628623 1.039074241 0.117222723 1.020874005 2.302297642 1.022075387 2.300946088 1.020874005 2.302297642 0.063823397 1.463132602 2.015768133 3.251689443 1.11353056 1.463132602 3.253791861 9.161388286 1.020874005 2.299594534 1 2.299294188 1.020874005 2.299594534 0 1.301546779 2 3.288331581 0 1.301546779

26 V-SBJV-SG-1-PST - äße 4.908394654 4.591680432 1.393748121 1.373609859 2.184562247 1.132902838 1.377083646 1.132602493 2.184562247 1.132902838 1.316413876 0.322570957 2.277819492 2.101066226 1.395855234 0.322570957 4.291184863 9.966160521 2.184562247 1.000300345 2.109475897 1 2.184562247 1.000300345 1.301546779 0 3.099864845 2 1.301546779 0

27 V-SBJV-SG-2-PRS - essest 4.742003304 5.460279321 1.916290953 2.108055305 2.160684788 3.206337288 1.900886019 2.304099715 2.160684788 3.206337288 2.055263553 3.211292987 1.099564499 1.450518096 2.016068479 3.211292987 4.622916354 10.52277657 2.160684788 3.203934525 1 2.20588677 2.160684788 3.203934525 2 3.099864845 0 1.303649197 2 3.099864845

28 V-SBJV-SG-2-PST - äßest 5.826700706 6.24598288 3.101893598 3.349113315 3.418381138 2.132602493 3.087550683 1.290734344 3.418381138 2.132602493 3.302297642 2.321970266 2.24207839 0.320768884 3.123291786 2.321970266 5.702057366 11.19392625 3.418381138 2.000300345 2.300795915 1 3.418381138 2.000300345 3.288331581 2 1.303649197 0 3.288331581 2

29 V-SBJV-SG-3-PRS - esse 4.023126596 4.546628623 1.039074241 0.117222723 1.020874005 2.302297642 1.022075387 2.300946088 1.020874005 2.302297642 0.063823397 1.463132602 2.015768133 3.251689443 1.11353056 1.463132602 3.253791861 9.161388286 1.020874005 2.299594534 1 2.299294188 1.020874005 2.299594534 0 1.301546779 2 3.288331581 0 1.301546779

30 V-SBJV-SG-3-PST - äße 4.908394654 4.591680432 1.393748121 1.373609859 2.184562247 1.132902838 1.377083646 1.132602493 2.184562247 1.132902838 1.316413876 0.322570957 2.277819492 2.101066226 1.395855234 0.322570957 4.291184863 9.966160521 2.184562247 1.000300345 2.109475897 1 2.184562247 1.000300345 1.301546779 0 3.099864845 2 1.301546779 0

Figure 4: Average edit distances for the German verb paradigm. Values range from 0 to 11.19. Darker red shades
indicate closer relationships between feature sets, while darker ball-blue shades represent greater distances.
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Features
V.PTCP-PRS - 

essend
V.PTCP-PST - 

gegessen
V-IMP-PL-2 - esst V-IMP-SG-2 - iss

V-IND-PL-1-PRS - 
essen

V-IND-PL-1-PST - 
aßen

V-IND-PL-2-PRS - 
esst

V-IND-PL-2-PST - 
aßt

V-IND-PL-3-PRS - 
essen

V-IND-PL-3-PST - 
aßen

V-IND-SG-1-PRS - 
esse

V-IND-SG-1-PST - 
aß

V-IND-SG-2-PRS - 
isst

V-IND-SG-2-PST - 
aßt

V-IND-SG-3-PRS - 
isst

V-IND-SG-3-PST - 
aß

V-NFIN - essen
V-NFIN-

LGSPEC01 - אין
V-SBJV-PL-1-PRS - 

 essen
V-SBJV-PL-1-PST - 

äßen
V-SBJV-PL-2-PRS - 

 esset
V-SBJV-PL-2-PST - 

äßet
V-SBJV-PL-3-PRS - 

 essen
V-SBJV-PL-3-PST - 

äßen
V-SBJV-SG-1-PRS - 

 esse
V-SBJV-SG-1-PST - 

 äße
V-SBJV-SG-2-PRS - 

 essest
V-SBJV-SG-2-PST - 

 äßest
V-SBJV-SG-3-PRS - 

 esse
V-SBJV-SG-3-PST - 

 äße

1 V.PTCP-PRS - essend 1 141 473 511 352 892 466 876 352 892 417 847 652 913 586 847 2 6 352 896 405 854 352 896 400 849 421 869 400 849

2 V.PTCP-PST - gegessen 102 1 885 1026 982 845 884 880 982 845 963 810 1010 947 926 810 101 81 982 926 900 931 982 926 938 901 943 974 938 901

3 V-IMP-PL-2 - esst 551 922 1 32 12 69 11 64 12 69 29 70 28 77 25 70 559 579 12 80 18 81 12 80 22 80 19 91 22 80

4 V-IMP-SG-2 - iss 554 1107 37 1 39 108 45 122 39 108 41 118 50 135 45 118 561 564 39 117 31 118 39 117 30 116 33 119 30 116

5 V-IND-PL-1-PRS - essen 404 1107 13 33 1 58 3 74 1 58 24 69 25 86 19 69 412 422 1 65 9 64 1 65 9 64 9 64 9 64

6 V-IND-PL-1-PST - aßen 912 924 83 110 58 1 77 3 58 1 85 4 89 5 81 4 909 886 58 15 72 15 58 15 72 15 72 15 72 15

7 V-IND-PL-2-PRS - esst 544 921 11 40 2 63 1 58 2 63 24 64 23 72 21 64 552 581 2 72 8 73 2 72 12 72 9 83 12 72

8 V-IND-PL-2-PST - aßt 860 912 65 111 64 2 59 1 64 2 90 4 80 4 70 4 857 844 64 19 78 19 64 19 78 19 85 23 78 19

9 V-IND-PL-3-PRS - essen 404 1107 13 33 1 58 3 74 1 58 24 69 25 86 19 69 412 422 1 65 9 64 1 65 9 64 9 64 9 64

10 V-IND-PL-3-PST - aßen 912 924 83 110 58 1 77 3 58 1 85 4 89 5 81 4 909 886 58 15 72 15 58 15 72 15 72 15 72 15

11 V-IND-SG-1-PRS - esse 469 1066 38 40 29 86 33 101 29 86 1 96 44 114 38 96 482 489 29 96 31 95 29 96 34 95 31 95 34 95

12 V-IND-SG-1-PST - aß 833 832 69 104 58 4 63 4 58 4 83 1 79 9 68 1 825 816 58 21 75 23 58 21 71 20 82 28 71 20

13 V-IND-SG-2-PRS - isst 715 1029 28 49 25 81 23 79 25 81 42 81 1 76 6 81 719 731 25 91 34 89 25 91 39 91 38 96 39 91

14 V-IND-SG-2-PST - aßt 904 985 78 125 79 5 73 4 79 5 106 9 76 1 85 9 901 877 79 25 90 24 79 25 93 25 94 27 93 25

15 V-IND-SG-3-PRS - isst 643 949 25 41 18 69 21 70 18 69 32 68 6 85 1 68 648 666 18 78 28 81 18 78 29 78 32 90 29 78

16 V-IND-SG-3-PST - aß 833 832 69 104 58 4 63 4 58 4 83 1 79 9 68 1 825 816 58 21 75 23 58 21 71 20 82 28 71 20

17 V-NFIN - essen 2 138 485 519 361 888 478 878 361 888 427 842 657 915 590 842 1 6 361 892 415 854 361 892 410 849 432 869 410 849

18 V-NFIN-LGSPEC01 - אין 6 103 490 512 370 851 492 831 370 851 426 802 654 860 588 802 6 1 370 853 429 821 370 853 422 815 445 835 422 815

19 V-SBJV-PL-1-PRS - essen 404 1107 13 33 1 58 3 74 1 58 24 69 25 86 19 69 412 422 1 65 9 64 1 65 9 64 9 64 9 64

20 V-SBJV-PL-1-PST - äßen 881 984 94 119 65 15 86 20 65 15 95 21 99 25 90 21 879 851 65 1 79 2 65 1 79 2 79 2 79 2

21 V-SBJV-PL-2-PRS - esset 479 986 22 30 13 74 12 88 13 74 31 87 35 100 31 87 490 510 13 81 1 79 13 81 1 81 1 79 1 81

22 V-SBJV-PL-2-PST - äßet 853 976 94 120 65 15 86 19 65 15 95 23 100 24 92 23 853 832 65 2 79 1 65 2 79 1 79 1 79 1

23 V-SBJV-PL-3-PRS - essen 404 1107 13 33 1 58 3 74 1 58 24 69 25 86 19 69 412 422 1 65 9 64 1 65 9 64 9 64 9 64

24 V-SBJV-PL-3-PST - äßen 881 984 94 119 65 15 86 20 65 15 95 21 99 25 90 21 879 851 65 1 79 2 65 1 79 2 79 2 79 2

25 V-SBJV-SG-1-PRS - esse 451 1046 26 29 13 74 16 89 13 74 33 84 39 101 33 84 462 482 13 81 1 81 13 81 1 81 1 81 1 81

26 V-SBJV-SG-1-PST - äße 846 931 93 118 65 15 85 19 65 15 95 20 98 24 89 20 846 823 65 2 79 1 65 2 79 1 79 1 79 1

27 V-SBJV-SG-2-PRS - essest 508 1049 23 32 13 78 13 92 13 78 31 96 37 101 35 96 520 544 13 84 1 79 13 84 1 84 1 79 1 84

28 V-SBJV-SG-2-PST - äßest 886 1044 104 121 68 15 96 23 68 15 98 28 107 27 101 28 885 862 68 2 79 1 68 2 82 1 80 1 82 1

29 V-SBJV-SG-3-PRS - esse 451 1046 26 29 13 74 16 89 13 74 33 84 39 101 33 84 462 482 13 81 1 81 13 81 1 81 1 81 1 81

30 V-SBJV-SG-3-PST - äße 846 931 93 118 65 15 85 19 65 15 95 20 98 24 89 20 846 823 65 2 79 1 65 2 79 1 79 1 79 1

Figure 5: Edit Script scores for the German Verb Paradigm. Values range from 1 to 1,107. Darker purple shades
indicate fewer unique character sets (closer relationships), while darker air-force-blue shades reflect greater

variation.

Features V.PTCP-PRS - 
essend

V.PTCP-PST - 
gegessen

V-IMP-PL-2 - esst V-IMP-SG-2 - iss
V-IND-PL-1-PRS - 

 essen
V-IND-PL-1-PST - 

aßen
V-IND-PL-2-PRS - 

 esst
V-IND-PL-2-PST - 

aßt
V-IND-PL-3-PRS - 

 essen
V-IND-PL-3-PST - 

aßen
V-IND-SG-1-PRS - 

 esse
V-IND-SG-1-PST - 

 aß
V-IND-SG-2-PRS - 

 isst
V-IND-SG-2-PST - 

 aßt
V-IND-SG-3-PRS - 

 isst
V-IND-SG-3-PST - 

 aß
V-NFIN - essen

V-NFIN-
LGSPEC01 - אין

V-SBJV-PL-1-PRS 
- essen

V-SBJV-PL-1-PST 
- äßen

V-SBJV-PL-2-PRS 
- esset

V-SBJV-PL-2-PST 
- äßet

V-SBJV-PL-3-PRS 
- essen

V-SBJV-PL-3-PST 
- äßen

V-SBJV-SG-1-PRS 
- esse

V-SBJV-SG-1-PST 
- äße

V-SBJV-SG-2-PRS 
- essest

V-SBJV-SG-2-PST 
- äßest

V-SBJV-SG-3-PRS 
- esse

V-SBJV-SG-3-PST 
- äße

1 V.PTCP-PRS - essend 0.85 0.75 0.82 0.8 0.82 0.77 0.82 0.77 0.83 0.77 0.81 0.78 0.78 0.77 0.79 0.78 0.85 0.81 0.82 0.77 0.83 0.77 0.83 0.77 0.83 0.77 0.83 0.77 0.83 0.77

2 V.PTCP-PST - gegessen 0.83 0.87 0.83 0.83 0.84 0.85 0.83 0.85 0.85 0.85 0.82 0.84 0.83 0.84 0.83 0.85 0.83 0.81 0.85 0.84 0.85 0.84 0.85 0.84 0.85 0.84 0.85 0.84 0.85 0.84

3 V-IMP-PL-2 - esst 0.86 0.8 0.89 0.86 0.89 0.86 0.89 0.86 0.89 0.86 0.88 0.86 0.86 0.86 0.88 0.86 0.86 0.84 0.88 0.86 0.88 0.84 0.88 0.86 0.89 0.86 0.88 0.85 0.89 0.85

4 V-IMP-SG-2 - iss 0.84 0.81 0.88 0.89 0.88 0.85 0.88 0.84 0.88 0.85 0.88 0.84 0.86 0.84 0.87 0.84 0.85 0.85 0.89 0.84 0.89 0.84 0.89 0.85 0.89 0.84 0.89 0.84 0.89 0.84

5 V-IND-PL-1-PRS - essen 0.85 0.81 0.88 0.86 0.9 0.86 0.88 0.85 0.89 0.86 0.87 0.86 0.85 0.85 0.87 0.86 0.85 0.84 0.89 0.85 0.89 0.85 0.89 0.85 0.88 0.85 0.88 0.85 0.88 0.85

6 V-IND-PL-1-PST - aßen 0.84 0.82 0.88 0.86 0.88 0.9 0.88 0.9 0.88 0.9 0.87 0.9 0.86 0.89 0.88 0.9 0.83 0.8 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89

7 V-IND-PL-2-PRS - esst 0.86 0.81 0.89 0.87 0.89 0.86 0.89 0.86 0.89 0.86 0.88 0.85 0.86 0.86 0.88 0.85 0.85 0.84 0.89 0.85 0.88 0.86 0.89 0.86 0.89 0.85 0.88 0.86 0.89 0.85

8 V-IND-PL-2-PST - aßt 0.84 0.83 0.88 0.86 0.87 0.89 0.88 0.89 0.87 0.89 0.87 0.89 0.87 0.89 0.88 0.89 0.84 0.82 0.87 0.87 0.87 0.88 0.87 0.88 0.87 0.88 0.87 0.88 0.88 0.88

9 V-IND-PL-3-PRS - essen 0.86 0.8 0.88 0.86 0.89 0.85 0.88 0.85 0.88 0.85 0.87 0.85 0.86 0.85 0.87 0.85 0.85 0.84 0.88 0.85 0.88 0.85 0.88 0.85 0.88 0.85 0.88 0.84 0.88 0.85

10 V-IND-PL-3-PST - aßen 0.85 0.83 0.88 0.87 0.88 0.9 0.88 0.9 0.88 0.9 0.88 0.9 0.87 0.9 0.88 0.9 0.86 0.85 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.9 0.88 0.89

11 V-IND-SG-1-PRS - esse 0.85 0.79 0.88 0.86 0.88 0.84 0.87 0.83 0.88 0.84 0.89 0.84 0.84 0.83 0.85 0.84 0.85 0.85 0.88 0.84 0.88 0.84 0.88 0.84 0.88 0.84 0.87 0.84 0.88 0.84

12 V-IND-SG-1-PST - aß 0.84 0.82 0.88 0.86 0.88 0.9 0.88 0.89 0.88 0.9 0.87 0.9 0.86 0.89 0.87 0.89 0.85 0.83 0.88 0.89 0.88 0.88 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.88

13 V-IND-SG-2-PRS - isst 0.83 0.79 0.87 0.84 0.87 0.85 0.87 0.85 0.87 0.85 0.86 0.85 0.88 0.84 0.87 0.85 0.84 0.84 0.87 0.84 0.87 0.84 0.87 0.85 0.87 0.84 0.86 0.84 0.87 0.84

14 V-IND-SG-2-PST - aßt 0.86 0.85 0.89 0.86 0.89 0.9 0.88 0.9 0.88 0.9 0.87 0.9 0.86 0.9 0.89 0.9 0.86 0.86 0.89 0.9 0.88 0.89 0.89 0.89 0.88 0.89 0.89 0.89 0.88 0.89

15 V-IND-SG-3-PRS - isst 0.84 0.79 0.87 0.86 0.88 0.85 0.87 0.85 0.88 0.85 0.86 0.84 0.88 0.85 0.89 0.84 0.84 0.81 0.88 0.85 0.87 0.85 0.88 0.85 0.87 0.85 0.86 0.85 0.87 0.85

16 V-IND-SG-3-PST - aß 0.85 0.82 0.87 0.86 0.88 0.9 0.87 0.89 0.88 0.9 0.87 0.89 0.86 0.89 0.87 0.89 0.85 0.84 0.88 0.88 0.87 0.88 0.88 0.89 0.87 0.88 0.88 0.88 0.87 0.88

17 V-NFIN - essen 0.85 0.78 0.82 0.79 0.83 0.78 0.82 0.78 0.83 0.78 0.81 0.77 0.78 0.78 0.79 0.77 0.85 0.81 0.83 0.77 0.82 0.77 0.83 0.77 0.82 0.77 0.82 0.77 0.82 0.77

18 V-NFIN-LGSPEC01 - אין 0.72 0.66 0.79 0.76 0.79 0.73 0.79 0.73 0.79 0.73 0.81 0.74 0.76 0.73 0.77 0.74 0.74 0.76 0.8 0.74 0.8 0.74 0.8 0.72 0.81 0.73 0.81 0.73 0.81 0.73

19 V-SBJV-PL-1-PRS - essen 0.86 0.81 0.88 0.85 0.89 0.84 0.88 0.83 0.89 0.84 0.87 0.83 0.85 0.83 0.86 0.83 0.86 0.87 0.89 0.85 0.88 0.84 0.89 0.84 0.88 0.83 0.88 0.84 0.88 0.84

20 V-SBJV-PL-1-PST - äßen 0.85 0.84 0.88 0.87 0.88 0.89 0.88 0.89 0.88 0.9 0.88 0.89 0.86 0.89 0.87 0.89 0.85 0.84 0.88 0.9 0.88 0.89 0.88 0.9 0.88 0.89 0.88 0.89 0.88 0.89

21 V-SBJV-PL-2-PRS - esset 0.86 0.81 0.89 0.87 0.89 0.86 0.89 0.86 0.89 0.86 0.88 0.86 0.86 0.86 0.88 0.86 0.86 0.84 0.89 0.86 0.9 0.86 0.89 0.85 0.9 0.85 0.89 0.86 0.9 0.86

22 V-SBJV-PL-2-PST - äßet 0.82 0.82 0.87 0.85 0.87 0.88 0.87 0.88 0.87 0.88 0.85 0.88 0.85 0.88 0.86 0.88 0.83 0.79 0.87 0.89 0.86 0.89 0.86 0.89 0.87 0.88 0.86 0.89 0.87 0.89

23 V-SBJV-PL-3-PRS - essen 0.87 0.8 0.88 0.86 0.89 0.85 0.88 0.85 0.89 0.85 0.88 0.85 0.86 0.85 0.88 0.85 0.87 0.87 0.89 0.85 0.89 0.85 0.89 0.84 0.89 0.85 0.89 0.85 0.89 0.85

24 V-SBJV-PL-3-PST - äßen 0.86 0.83 0.89 0.87 0.89 0.9 0.89 0.89 0.89 0.9 0.87 0.9 0.87 0.89 0.89 0.9 0.86 0.85 0.89 0.9 0.88 0.9 0.89 0.9 0.88 0.9 0.89 0.9 0.88 0.9

25 V-SBJV-SG-1-PRS - esse 0.86 0.81 0.89 0.86 0.9 0.86 0.89 0.85 0.9 0.86 0.88 0.85 0.85 0.85 0.87 0.85 0.86 0.87 0.9 0.85 0.9 0.85 0.9 0.85 0.9 0.85 0.9 0.85 0.9 0.85

26 V-SBJV-SG-1-PST - äße 0.85 0.82 0.88 0.87 0.89 0.9 0.89 0.89 0.89 0.9 0.88 0.9 0.86 0.89 0.88 0.89 0.85 0.85 0.89 0.9 0.88 0.9 0.89 0.9 0.88 0.9 0.88 0.9 0.88 0.9

27 V-SBJV-SG-2-PRS - essest 0.87 0.79 0.88 0.87 0.88 0.85 0.89 0.85 0.88 0.85 0.88 0.85 0.85 0.85 0.87 0.85 0.87 0.86 0.89 0.85 0.89 0.85 0.89 0.85 0.9 0.85 0.89 0.84 0.89 0.85

28 V-SBJV-SG-2-PST - äßest 0.84 0.84 0.88 0.86 0.88 0.89 0.87 0.88 0.88 0.89 0.87 0.89 0.86 0.88 0.87 0.89 0.85 0.83 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89 0.88 0.89

29 V-SBJV-SG-3-PRS - esse 0.87 0.79 0.89 0.86 0.88 0.85 0.89 0.84 0.88 0.85 0.88 0.84 0.85 0.84 0.87 0.84 0.87 0.87 0.89 0.84 0.89 0.84 0.89 0.84 0.89 0.84 0.89 0.84 0.89 0.84

30 V-SBJV-SG-3-PST - äße 0.86 0.84 0.88 0.87 0.88 0.9 0.88 0.89 0.88 0.9 0.87 0.89 0.86 0.89 0.88 0.89 0.85 0.85 0.88 0.9 0.88 0.9 0.88 0.9 0.88 0.9 0.88 0.9 0.88 0.9

Figure 6: Reinflection Accuracy scores for the German verb paradigm. Values range from 0.66 to 0.9. Darker teal
shades indicate higher accuracy, while darker pink shades reflect lower performance.
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Features V-IMP-ACT - ät
V-IND-PL-ACT-PRS - 

äta
V-IND-PL-ACT-PST - 

åto
V-IND-PL-PASS-PRS - 

 ätas
V-IND-PL-PASS-PST - 

 åtos
V-IND-SG-ACT-PRS - 

äter
V-IND-SG-ACT-PST - 

åt
V-IND-SG-PASS-PRS - 

 äts/ätes
V-IND-SG-PASS-PST - 

 åts
V-NFIN-ACT - äta V-NFIN-PASS - ätas

V-SBJV-ACT-PRS - 
äte

V-SBJV-ACT-PST - 
åte

V-SBJV-PASS-PRS - 
ätes

V-SBJV-PASS-PST - 
åtes

V-V.CVB-ACT - ätit V-V.CVB-PASS - ätits
V-V.PTCP-PRS - 

ätande
V-V.PTCP-PST - äten

1 V-IMP-ACT - ät 0 0.272978304 2.085601578 1.275225012 3.081004263 1.216568047 1.95147929 1.01657982 2.963524396 0.272404264 1.275225012 0.964497041 2.07495069 1.968261487 3.069635244 1.236291913 2.210800568 3.456418384 1.408969805

2 V-IND-PL-ACT-PRS - äta 0.272978304 0 2.087933754 1 3.075793463 1.229495268 2.057176656 1.029843676 2.968735197 0 1 0.952287066 2.077287066 1.957366177 3.064424443 1.27011041 2.206537186 3.196039604 1.461606747

3 V-IND-PL-ACT-PST - åto 2.085601578 2.087933754 0 2.216011369 1.005210801 2.174290221 0.173895899 2.096162956 1.037896731 2.088003157 2.216011369 1.921529968 0.128154574 2.86215064 1.117479867 2.092665615 2.200378967 2.00950495 1.46560142

4 V-IND-PL-PASS-PRS - ätas 1.275225012 1 2.216011369 0 2.087511826 1.263382283 2.187115111 0.274834437 2.058656575 1 0 1.959261014 2.216011369 0.959318827 2.07615894 1.43628612 1.252601703 3.19734974 1.61431316

5 V-IND-PL-PASS-PST - åtos 3.081004263 3.075793463 1.005210801 2.087511826 0 2.932259593 1.150165798 2.069063387 0.145222327 3.075865339 2.087511826 2.905258171 1.116532449 1.906811731 0.112582781 2.986736144 2.078524125 2.844297208 2.323246878

6 V-IND-SG-ACT-PRS - äter 1.216568047 1.229495268 2.174290221 1.263382283 2.932259593 0 2.140378549 1.230222643 2.90052108 1.228887135 1.263382283 1.693611987 2.086750789 1.72382757 2.843202274 1.413643533 2.251539555 3.486732673 1.545051043

7 V-IND-SG-ACT-PST - åt 1.95147929 2.057176656 0.173895899 2.187115111 1.150165798 2.140378549 0 2.059687352 1.005210801 2.057221784 2.187115111 1.890772871 0.173895899 2.833254382 1.150165798 2.107255521 2.213169114 2.011089109 1.485130937

8 V-IND-SG-PASS-PRS - äts/ätes 1.01657982 1.029843676 2.096162956 0.274834437 2.069063387 1.230222643 2.059687352 0 1.958372753 1.029397819 0.274834437 1.70724775 2.091425865 0.952223273 2.052980132 1.258171483 1.209555345 3.454803597 1.426512968

9 V-IND-SG-PASS-PST - åts 2.963524396 2.968735197 1.037896731 2.058656575 0.145222327 2.90052108 1.005210801 1.958372753 0 2.969653864 2.058656575 2.797252487 1.036949313 1.877956481 0.145222327 2.980104216 2.0884579 2.833885471 2.323727185

10 V-NFIN-ACT - äta 0.272404264 0 2.088003157 1 3.075865339 1.228887135 2.057221784 1.029397819 2.969653864 0 1 0.952249408 2.077348066 1.957325747 3.064485538 1.269534333 2.205784732 3.196195006 1.461128387

11 V-NFIN-PASS - ätas 1.275225012 1 2.216011369 0 2.087511826 1.263382283 2.187115111 0.274834437 2.058656575 1 0 1.959261014 2.216011369 0.959318827 2.07615894 1.43628612 1.252601703 3.19734974 1.61431316

12 V-SBJV-ACT-PRS - äte 0.964497041 0.952287066 1.921529968 1.959261014 2.905258171 1.693611987 1.890772871 1.70724775 2.797252487 0.952249408 1.959261014 0 1.820189274 1 2.814779725 1.960962145 2.901942207 3.229306931 2.058144696

13 V-SBJV-ACT-PST - åte 2.07495069 2.077287066 0.128154574 2.216011369 1.116532449 2.086750789 0.173895899 2.091425865 1.036949313 2.077348066 2.216011369 1.820189274 0 2.780672667 1.004263382 2.092665615 2.200378967 1.892277228 1.351531292

14 V-SBJV-PASS-PRS - ätes 1.968261487 1.957366177 2.86215064 0.959318827 1.906811731 1.72382757 2.833254382 0.952223273 1.877956481 1.957325747 0.959318827 1 2.780672667 0 1.814569536 2.129796305 1.94512772 4.153809749 2.231508165

15 V-SBJV-PASS-PST - åtes 3.069635244 3.064424443 1.117479867 2.07615894 0.112582781 2.843202274 1.150165798 2.052980132 0.145222327 3.064485538 2.07615894 2.814779725 1.004263382 1.814569536 0 2.986736144 2.078524125 2.834358732 2.226705091

16 V-V.CVB-ACT - ätit 1.236291913 1.27011041 2.092665615 1.43628612 2.986736144 1.413643533 2.107255521 1.258171483 2.980104216 1.269534333 1.43628612 1.960962145 2.092665615 2.129796305 2.986736144 0 1.001421127 3.582178218 1.349312028

17 V-V.CVB-PASS - ätits 2.210800568 2.206537186 2.200378967 1.252601703 2.078524125 2.251539555 2.213169114 1.209555345 2.0884579 2.205784732 1.252601703 2.901942207 2.200378967 1.94512772 2.078524125 1.001421127 0 3.575958353 2.288184438

18 V-V.PTCP-PRS - ätande 3.456418384 3.196039604 2.00950495 3.19734974 2.844297208 3.486732673 2.011089109 3.454803597 2.833885471 3.196195006 3.19734974 3.229306931 1.892277228 4.153809749 2.834358732 3.582178218 3.575958353 0 2.467584369

19 V-V.PTCP-PST - äten 1.408969805 1.461606747 1.46560142 1.61431316 2.323246878 1.545051043 1.485130937 1.426512968 2.323727185 1.461128387 1.61431316 2.058144696 1.351531292 2.231508165 2.226705091 1.349312028 2.288184438 2.467584369 0

Figure 7: Average edit distances for the Swedish verb paradigm. Values range from 0 to 4.153. Darker red shades
indicate closer relationships between feature sets, while darker ball-blue shades represent greater differences.

Features V-IMP-ACT - ät
V-IND-PL-ACT-PRS - 

äta
V-IND-PL-ACT-PST - 

åto
V-IND-PL-PASS-PRS - 

 ätas
V-IND-PL-PASS-PST - 

 åtos
V-IND-SG-ACT-PRS - 

äter
V-IND-SG-ACT-PST - 

åt
V-IND-SG-PASS-PRS - 

 äts/ätes
V-IND-SG-PASS-PST - 

 åts
V-NFIN-ACT - äta V-NFIN-PASS - ätas

V-SBJV-ACT-PRS - 
äte

V-SBJV-ACT-PST - 
åte

V-SBJV-PASS-PRS - 
ätes

V-SBJV-PASS-PST - 
åtes

V-V.CVB-ACT - ätit V-V.CVB-PASS - ätits
V-V.PTCP-PRS - 

ätande
V-V.PTCP-PST - äten

1 V-IMP-ACT - ät 1 6 52 7 54 6 47 5 48 6 7 6 51 6 53 37 38 66 80

2 V-IND-PL-ACT-PRS - äta 6 1 55 1 51 5 61 7 55 1 1 7 54 6 50 36 34 48 88

3 V-IND-PL-ACT-PST - åto 54 54 1 49 4 56 11 57 13 54 49 57 2 52 5 33 34 116 70

4 V-IND-PL-PASS-PRS - ätas 7 1 51 1 51 6 55 7 55 1 1 7 50 6 50 35 34 33 79

5 V-IND-PL-PASS-PST - åtos 55 50 4 49 1 54 13 54 10 50 49 52 5 52 2 34 31 100 67

6 V-IND-SG-ACT-PRS - äter 6 6 63 6 59 1 65 8 61 6 6 7 53 6 52 39 38 65 93

7 V-IND-SG-ACT-PST - åt 47 55 11 50 13 57 1 50 4 55 50 58 11 53 13 40 41 124 77

8 V-IND-SG-PASS-PRS - äts/ätes 5 8 55 7 53 7 49 1 47 8 7 6 54 5 52 36 36 51 76

9 V-IND-SG-PASS-PST - åts 48 51 13 50 10 56 4 47 1 51 50 53 13 53 10 38 38 103 72

10 V-NFIN-ACT - äta 6 1 55 1 51 5 61 7 55 1 1 7 54 6 50 36 34 48 88

11 V-NFIN-PASS - ätas 7 1 51 1 51 6 55 7 55 1 1 7 50 6 50 35 34 33 79

12 V-SBJV-ACT-PRS - äte 6 7 64 6 57 6 66 5 58 7 6 1 54 1 50 35 32 62 88

13 V-SBJV-ACT-PST - åte 53 53 2 48 5 55 11 56 13 53 48 56 1 51 4 33 34 124 73

14 V-SBJV-PASS-PRS - ätes 7 7 56 6 57 6 57 5 58 7 6 1 49 1 50 34 33 47 79

15 V-SBJV-PASS-PST - åtes 54 49 5 48 2 53 13 53 10 49 48 51 4 51 1 34 31 104 68

16 V-V.CVB-ACT - ätit 38 40 33 36 34 40 39 38 39 40 36 40 33 35 34 1 3 100 60

17 V-V.CVB-PASS - ätits 38 37 36 36 32 40 41 36 37 37 36 39 35 36 32 3 1 88 54

18 V-V.PTCP-PRS - ätande 66 48 137 33 115 68 142 57 119 48 33 64 128 48 108 106 91 1 39

19 V-V.PTCP-PST - äten 81 90 80 79 74 91 85 78 79 90 79 87 73 76 68 56 49 34 1

Figure 8: Edit Script scores for the Swedish verb paradigm. Values range from 1 to 142. Darker purple shades
indicate fewer unique character sets (closer relationships), while darker air-force-blue shades reflect greater

variation.
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Features V-IMP-ACT - ät V-IND-PL-ACT-PRS - 
äta

V-IND-PL-ACT-PST - 
åto

V-IND-PL-PASS-PRS - 
ätas

V-IND-PL-PASS-PST - 
åtos

V-IND-SG-ACT-PRS - 
äter

V-IND-SG-ACT-PST - 
åt

V-IND-SG-PASS-PRS - 
 äts/ätes

V-IND-SG-PASS-PST - 
 åts

V-NFIN-ACT - äta V-NFIN-PASS - ätas V-SBJV-ACT-PRS - äte V-SBJV-ACT-PST - åte V-SBJV-PASS-PRS - 
ätes

V-SBJV-PASS-PST - 
åtes

V-V.CVB-ACT - ätit V-V.CVB-PASS - ätits V-V.PTCP-PRS - 
ätande

V-V.PTCP-PST - äten

1 V-IMP-ACT - ät 0.88 0.87 0.82 0.86 0.81 0.87 0.82 0.87 0.82 0.86 0.87 0.85 0.82 0.85 0.82 0.82 0.82 0.85 0.81

2 V-IND-PL-ACT-PRS - äta 0.73 0.83 0.7 0.82 0.69 0.73 0.7 0.71 0.69 0.83 0.82 0.81 0.7 0.82 0.69 0.69 0.68 0.81 0.69

3 V-IND-PL-ACT-PST - åto 0.75 0.74 0.84 0.74 0.83 0.75 0.83 0.74 0.82 0.75 0.75 0.75 0.84 0.73 0.83 0.8 0.8 0.77 0.8

4 V-IND-PL-PASS-PRS - ätas 0.72 0.82 0.69 0.83 0.68 0.71 0.69 0.7 0.69 0.82 0.83 0.81 0.69 0.81 0.69 0.7 0.7 0.82 0.7

5 V-IND-PL-PASS-PST - åtos 0.73 0.73 0.78 0.72 0.8 0.73 0.79 0.73 0.79 0.72 0.73 0.71 0.79 0.71 0.8 0.78 0.77 0.74 0.78

6 V-IND-SG-ACT-PRS - äter 0.82 0.81 0.77 0.81 0.75 0.83 0.78 0.79 0.76 0.81 0.81 0.82 0.76 0.81 0.75 0.77 0.77 0.8 0.75

7 V-IND-SG-ACT-PST - åt 0.76 0.75 0.81 0.74 0.79 0.75 0.82 0.75 0.8 0.75 0.75 0.75 0.81 0.74 0.8 0.77 0.77 0.75 0.79

8 V-IND-SG-PASS-PRS - äts/ätes 0.8 0.8 0.76 0.8 0.76 0.79 0.76 0.8 0.75 0.81 0.8 0.78 0.74 0.77 0.75 0.75 0.75 0.77 0.73

9 V-IND-SG-PASS-PST - åts 0.72 0.7 0.78 0.71 0.78 0.71 0.79 0.7 0.79 0.7 0.71 0.71 0.79 0.71 0.78 0.75 0.76 0.72 0.75

10 V-NFIN-ACT - äta 0.72 0.84 0.7 0.82 0.69 0.72 0.7 0.71 0.7 0.84 0.82 0.82 0.7 0.81 0.7 0.7 0.7 0.81 0.7

11 V-NFIN-PASS - ätas 0.69 0.79 0.66 0.78 0.65 0.68 0.66 0.66 0.66 0.79 0.8 0.76 0.67 0.77 0.65 0.69 0.68 0.76 0.68

12 V-SBJV-ACT-PRS - äte 0.71 0.8 0.68 0.79 0.68 0.71 0.68 0.69 0.68 0.8 0.8 0.81 0.69 0.8 0.68 0.7 0.69 0.78 0.67

13 V-SBJV-ACT-PST - åte 0.77 0.77 0.83 0.76 0.83 0.76 0.82 0.75 0.81 0.77 0.76 0.74 0.84 0.74 0.83 0.8 0.79 0.76 0.81

14 V-SBJV-PASS-PRS - ätes 0.69 0.77 0.68 0.77 0.68 0.69 0.67 0.68 0.67 0.77 0.77 0.77 0.67 0.77 0.66 0.67 0.67 0.75 0.68

15 V-SBJV-PASS-PST - åtes 0.67 0.66 0.74 0.66 0.73 0.65 0.74 0.67 0.74 0.68 0.67 0.66 0.75 0.66 0.75 0.69 0.69 0.66 0.71

16 V-V.CVB-ACT - ätit 0.76 0.76 0.8 0.76 0.79 0.77 0.8 0.76 0.79 0.76 0.76 0.76 0.8 0.75 0.79 0.82 0.81 0.77 0.8

17 V-V.CVB-PASS - ätits 0.71 0.73 0.74 0.72 0.75 0.71 0.75 0.73 0.74 0.72 0.73 0.7 0.73 0.71 0.75 0.78 0.77 0.71 0.73

18 V-V.PTCP-PRS - ätande 0.65 0.74 0.64 0.74 0.63 0.65 0.64 0.62 0.63 0.75 0.74 0.73 0.65 0.72 0.63 0.64 0.63 0.8 0.68

19 V-V.PTCP-PST - äten 0.71 0.7 0.74 0.69 0.73 0.69 0.75 0.7 0.73 0.7 0.69 0.7 0.74 0.69 0.74 0.74 0.73 0.75 0.8

Figure 9: Reinflection Accuracy scores for the Swedish verb paradigm. Values range from 0.62 to 0.88. Darker teal
shades indicate higher accuracy, while darker pink shades reflect lower performance.
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