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Abstract

Tokenization fundamentally shapes NLP per-001
formance, affecting both efficiency and lin-002
guistic fidelity. While Byte Pair Encoding003
(BPE) underpins most Large Language Mod-004
els (LLMs), its frequency-driven merges often005
disregard morpheme boundaries, yielding in-006
consistent and semantically opaque segmenta-007
tions in morphologically rich languages. We008
introduce MorphBPE, a simple extension of009
BPE that constrains merge operations during010
tokenizer training to respect morpheme bound-011
aries, while leaving inference unchanged and012
fully compatible with existing LLM pipelines.013
We evaluate tokenization quality using two in-014
trinsic metrics: Morphological Consistency F1,015
which measures whether shared morphemes are016
assigned consistent token representations, and017
Morphological Edit Distance, which quantifies018
alignment with morpheme boundaries. We then019
train 300M and 1B parameter decoder-only020
LMs from scratch across four typologically di-021
verse languages: English, Russian, Hungarian,022
and Arabic, under identical vocabulary sizes023
and training settings. Across all languages,024
MorphBPE consistently improves intrinsic mor-025
phological coherence and reduces language026
model cross-entropy; moreover, token length027
statistics indicate that these gains are not at-028
tributable to materially shorter tokens. Finally,029
on the Belebele multilingual reading compre-030
hension benchmark, MorphBPE yields signif-031
icant improvements in morphologically rich032
languages such as Russian and Arabic.033

Availability: The MorphBPE codebase,034
datasets, and tokenizer playground will be re-035
leased upon publication.036

1 Introduction037

Tokenization is a central design choice in modern038

NLP systems and a critical bottleneck for multilin-039

gual Large Language Models (LLMs). By mapping040

raw text into discrete units such as bytes (Gillick041

et al., 2016), characters (Al-Rfou et al., 2019),042

subwords (Sennrich et al., 2016), or words, tok- 043

enization directly determines vocabulary size, se- 044

quence length, and the granularity at which lin- 045

guistic regularities can be learned. Errors or in- 046

consistencies introduced at this stage propagate 047

through the entire modeling pipeline and can sub- 048

stantially affect both training efficiency and down- 049

stream performance (Sajjad et al., 2017; Adel et al., 050

2018). Despite growing interest in tokenization- 051

free or character-level alternatives (Clark et al., 052

2022; Deiseroth et al., 2024), nearly all state-of-the- 053

art LLMs, including Gemma (Team et al., 2024), 054

LLaMA (Touvron et al., 2023), DeepSeek (Bi et al., 055

2024), and OpenAI’s GPT family, rely on Byte Pair 056

Encoding (BPE) or closely related variants due to 057

their favorable trade-offs between efficiency and 058

coverage. 059

BPE is a frequency-driven algorithm that iter- 060

atively merges common symbol pairs, making it 061

well suited for concatenative morphology, as in 062

English, where morphemes are typically formed 063

by linear affixation. However, this same mecha- 064

nism leads to systematic failures in languages with 065

richer or more complex morphological systems. In 066

non-concatenative languages such as Arabic and 067

Hebrew, meaning is expressed through root-and- 068

pattern morphology rather than linear affixation, 069

and frequent substrings do not necessarily corre- 070

spond to meaningful units (Khaliq and Carroll, 071

2013). Agglutinative languages such as Hungar- 072

ian, Turkish, and Korean further challenge BPE, 073

as long sequences of productive affixes result in a 074

large space of related word forms that BPE frag- 075

ments inconsistently (Hakkani-Tür et al., 2000). As 076

a result, standard BPE tokenizations often fail to 077

align with true morpheme boundaries, producing 078

subword units that are neither linguistically inter- 079

pretable nor stable across related word forms. In 080

practice, BPE segmentations in morphologically 081

rich languages frequently introduce semantic am- 082

biguity by reusing frequent substrings across un- 083
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related words. For example, in Arabic the word084
	áÔgQË@ (Al-Rahman, “The Merciful”) may be seg-085

mented into 	áÓ (min, “whom”), È@ (al, “the”), and086

hP, even though 	áÓ is semantically unrelated to087

the original word. Such segmentations force the088

model to disentangle spurious token-level associ-089

ations during training, increasing the burden on090

representation learning. Similar phenomena arise091

in agglutinative languages, where morphemes ex-092

pressing tense, number, or case are split inconsis-093

tently across tokens, undermining the model’s abil-094

ity to generalize across inflected forms.095

A natural solution is to incorporate morphologi-096

cal information into tokenization. However, purely097

morphology-driven segmentation has been shown098

to conflict with corpus statistics and can lead to099

inefficient vocabularies or brittle behavior when100

applied naively (Durrani et al., 2019; Marco and101

Fraser, 2024). This highlights a key open challenge102

for multilingual NLP: how to enforce morpholog-103

ical coherence in tokenization without sacrificing104

the statistical efficiency and scalability that make105

BPE attractive for large-scale LLM training.106

In this work, we introduce MorphBPE, a107

simple and practical extension of BPE that con-108

strains merge operations during tokenizer training109

to respect morpheme boundaries. Unlike purely110

morphology-based segmentation, MorphBPE re-111

mains fully data-driven, allowing frequent and pro-112

ductive morphemes to be preferentially captured113

while avoiding unnecessary fragmentation of rare114

or uninformative morphemes. The constraint is115

applied only during training, and the resulting to-116

kenizer behaves identically to standard BPE at in-117

ference, introducing no additional runtime cost and118

remaining fully compatible with existing LLM ar-119

chitectures and deployment pipelines. A central120

motivation for MorphBPE is morphological con-121

sistency. Beyond aligning tokens with morpheme122

boundaries, consistency requires that words sharing123

morphemes are represented using shared subword124

units, and that shared tokens correspond to shared125

morphological content. By integrating morpho-126

logical constraints into a frequency-based merge127

objective, MorphBPE yields more stable and inter-128

pretable subword representations, facilitating more129

efficient language model training and improved130

performance, particularly in morphologically rich131

languages.132

Contributions: (i) We propose MorphBPE, a133

morphology-aware extension of BPE that con-134

strains merge operations using morpheme bound- 135

aries during tokenizer training, while leaving infer- 136

ence unchanged and fully compatible with existing 137

LLM pipelines. (ii) We introduce two intrinsic 138

metrics for evaluating morphological quality of to- 139

kenizers: Morphological Consistency F1, which 140

quantifies consistency across words sharing mor- 141

phemes, and Morphological Edit Distance, which 142

measures alignment with morpheme boundaries. 143

(iii) We conduct controlled language model experi- 144

ments with 300M and 1B parameter models trained 145

from scratch across four typologically diverse lan- 146

guages—English, Russian, Hungarian, and Ara- 147

bic—showing that MorphBPE consistently reduces 148

cross-entropy under identical vocabulary sizes. (iv) 149

We demonstrate that these intrinsic improvements 150

translate into measurable gains on the Belebele 151

multilingual reading comprehension benchmark, 152

with statistically significant improvements in mor- 153

phologically rich languages such as Russian and 154

Arabic. 155

2 Background and Related Work 156

Subword Tokenization in Language Models: 157

Subword tokenization has become a foundational 158

component of modern neural language models, en- 159

abling a balance between open-vocabulary cover- 160

age and computational efficiency. Early approaches 161

explored character-level modeling (Al-Rfou et al., 162

2019) and byte-level representations (Gillick et al., 163

2016), which offer robustness across scripts but 164

often incur longer sequences and higher compu- 165

tational cost. Subword-based methods, most no- 166

tably Byte Pair Encoding (BPE) (Sennrich et al., 167

2016), WordPiece, and the SentencePiece Unigram 168

LM (Kudo and Richardson, 2018), emerged as prac- 169

tical compromises, allowing frequent patterns to 170

be captured while decomposing rare words into 171

reusable units. 172

BPE, originally proposed as a text compression 173

algorithm (Shibata et al., 1999), was adapted for 174

neural machine translation in 2016 and rapidly 175

became the de facto standard in NLP and Large 176

Language Models (LLMs). Its popularity stems 177

from its simplicity, deterministic behavior, and ef- 178

fectiveness in controlling vocabulary size while 179

handling out-of-vocabulary words. Numerous ex- 180

tensions have been proposed to mitigate its short- 181

comings, including BPE-Dropout (Provilkov et al., 182

2020), which injects stochasticity to improve gen- 183

eralization, sampling-based and probabilistic vari- 184
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ants (Asgari et al., 2020), byte-level adaptations185

for improved robustness across scripts (Wang et al.,186

2020), and multilingual BPE schemes designed to187

encourage cross-lingual token sharing (Liang et al.,188

2023). Despite these advances, most BPE-based189

approaches remain purely frequency-driven and190

largely agnostic to linguistic structure.191

Morphology-Aware Tokenization: The limita-192

tions of frequency-based tokenization in morpho-193

logically rich languages have motivated a growing194

body of work on morphology-aware tokenization.195

Early approaches often rely on explicit morpholog-196

ical analyzers or pre-tokenization strategies, seg-197

menting words into morphemes prior to applying198

a standard subword tokenizer (Otani et al., 2020;199

Nzeyimana and Niyongabo Rubungo, 2022). Other200

methods incorporate morphological dictionaries or201

multi-view segmentation signals (Park et al., 2021),202

aiming to expose models to linguistically meaning-203

ful units.204

More recent work has explored hybrid ap-205

proaches that seek to balance morphological struc-206

ture with statistical efficiency. For example,207

morpheme-aware or linguistically informed tok-208

enizers encourage alignment between subwords209

and morpheme boundaries (Jabbar, 2023; Marco210

and Fraser, 2024), while analytical studies examine211

how subword segmentation interacts with morpho-212

logical complexity and model performance (Weller-213

Di Marco and Fraser, 2024). However, many of214

these methods introduce additional preprocessing215

stages, require runtime morphological analysis,216

rely on stochastic objectives, or depart substan-217

tially from standard BPE training and inference218

pipelines. As a result, their adoption in large-scale219

LLM training remains limited.220

Positioning of MorphBPE: MorphBPE is de-221

signed to address these limitations while preserving222

the practical advantages that have made BPE ubiq-223

uitous. Importantly, MorphBPE is not a runtime224

morphological analyzer, nor does it require mor-225

phological lookup or rule-based processing at infer-226

ence time. All morphological information is used227

solely during tokenizer training to constrain merge228

operations, and the resulting tokenizer behaves229

identically to standard BPE at inference. What dis-230

tinguishes MorphBPE from prior work is the point231

of integration and the simplicity of the constraint.232

Rather than pre-segmenting text (pre-tokenization)233

or post-processing tokenizations, MorphBPE in-234

jects morphological structure directly into the BPE235

merge objective by disallowing merges that cross236

known morpheme boundaries. This yields a de- 237

terministic tokenizer, avoids the memory and sam- 238

pling overhead of probabilistic approaches such as 239

the Unigram LM, and maintains full compatibility 240

with existing LLM architectures and training work- 241

flows. MorphBPE bridges the linguistic motivation 242

and the data-driven thinking in a way that prior 243

approaches have not fully achieved. 244

3 MorphBPE Method 245

MorphBPE is guided by four core design principles 246

motivated by practical deployment requirements 247

for large-scale multilingual LLMs. (i) Minimal 248

intervention: Rather than redesigning tokeniza- 249

tion from scratch, MorphBPE introduces a single, 250

targeted modification to the standard BPE training 251

procedure. The goal is to preserve the empirical 252

strengths of BPE while correcting its systematic 253

failures on morphological structure. (ii) Deter- 254

minism: MorphBPE is fully deterministic. Un- 255

like stochastic tokenization schemes such as BPE- 256

Dropout or Unigram LM sampling, identical inputs 257

and hyperparameters always produce the same tok- 258

enizer. This property is important for reproducibil- 259

ity and large-scale training stability. (iii) Training- 260

time supervision only: Morphological informa- 261

tion is used exclusively during tokenizer training 262

to guide merge decisions. At inference time, Mor- 263

phBPE behaves identically to standard BPE and 264

does not require morphological annotation, lookup 265

tables, or runtime analysis. (iv) Pipeline compati- 266

bility: The resulting tokenizer is a standard BPE 267

model and integrates seamlessly into existing LLM 268

training and inference pipelines without architec- 269

tural or infrastructural changes. 270

3.1 Algorithm 271

Byte Pair Encoding (BPE) begins with a character- 272

level vocabulary and iteratively merges the most 273

frequent adjacent symbol pairs until a target vo- 274

cabulary size is reached (Sennrich et al., 2016). 275

Merge decisions are purely frequency-based and 276

unconstrained by linguistic structure. 277

MorphBPE modifies this process by introduc- 278

ing a single constraint. During tokenizer training, 279

merges that cross known morpheme boundaries are 280

disallowed. All other aspects of BPE, including 281

frequency computation, merge ranking, and infer- 282

ence behavior, remain unchanged. Formally, let a 283

word be segmented into a sequence of morphemes 284

according to available morphological annotations. 285
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Algorithm 1 Morphology-Aware Byte Pair Encod-
ing (MorphBPE)
1: Initialize vocabulary with individual characters
2: Obtain morpheme boundaries for the training corpus
3: while number of merges < target vocabulary size do
4: Compute frequencies of adjacent symbol pairs
5: Select the most frequent pair that does not cross a

morpheme boundary
6: Merge the selected pair and update the vocabulary
7: end while

During BPE training, a candidate merge between286

symbols x and y is permitted only if both symbols287

belong to the same morpheme span. If the merge288

would combine symbols originating from different289

morphemes, it is skipped in favor of the next most290

frequent valid pair.291

Algorithm 1 summarizes the procedure.292

Because constraints are applied only during293

merge selection, the learned merges define a stan-294

dard BPE tokenizer. No additional metadata or295

morphology-specific logic is required at inference.296

3.2 Practical Properties297

MorphBPE has the same asymptotic time complex-298

ity as standard BPE. The additional cost of check-299

ing morpheme boundary constraints is linear in the300

number of candidate merges and negligible rela-301

tive to frequency computation. Memory usage is302

unchanged, as morpheme boundaries are required303

only during tokenizer training and are not stored in304

the final tokenizer.305

From a systems perspective, MorphBPE is drop-306

in compatible with existing tokenization libraries307

and LLM training frameworks. Models trained308

with MorphBPE require no changes to architec-309

tures, batching strategies, or inference code. This310

makes MorphBPE suitable for large-scale training311

regimes where reproducibility, efficiency, and sim-312

plicity are critical.313

4 Evaluation Framework314

We evaluate MorphBPE at three complementary315

levels in order to isolate the effects of morphology-316

aware tokenization and avoid confounding factors.317

First, we assess intrinsic properties of the tokenizer318

itself, independent of any language model. Sec-319

ond, we evaluate intrinsic language model behav-320

ior during training using controlled cross-entropy321

comparisons. Finally, we measure downstream322

task performance to determine whether intrinsic323

improvements translate into practical gains. This324

layered evaluation design makes the logic of our325

experiments explicit and aligns with best practices 326

for analyzing tokenization methods in LLMs. 327

4.1 Tokenizer-Level Evaluation (Intrinsic) 328

Tokenizer-level evaluation focuses on properties of 329

the segmentation itself, without involving language 330

model training. These metrics directly quantify 331

how well a tokenizer aligns with morphological 332

structure and how efficiently it represents text. 333

Fertility: Fertility (ϕ) measures the average num- 334

ber of subword tokens produced per word relative 335

to a whitespace-based baseline (Rust et al., 2021). 336

Lower fertility indicates higher compression effi- 337

ciency and potentially longer effective context win- 338

dows. However, fertility must be interpreted cau- 339

tiously, as morphologically rich languages such as 340

Hungarian and Arabic naturally require higher fer- 341

tility to encode productive inflectional and deriva- 342

tional processes. We therefore report fertility along- 343

side morphology-sensitive metrics rather than treat- 344

ing it as a standalone indicator of quality. 345

Morphological Edit Distance: We introduce Mor- 346

phological Edit Distance (µe), an intrinsic metric 347

that quantifies alignment between tokenizer output 348

and gold morpheme boundaries. Using a dynamic 349

programming alignment that preserves token or- 350

der, this metric measures the minimum number of 351

insertions, deletions, and substitutions required to 352

transform a token sequence into a morpheme se- 353

quence. Lower values indicate better adherence to 354

morphological structure and greater interpretability. 355

We report raw edit distances to reflect the average 356

number of boundary mismatches. 357

Morphological Consistency F1: Morphological 358

Consistency F1 (µc), inspired by Marco and Fraser 359

(2024), measures whether segmentation decisions 360

are consistent across words that share morphemes. 361

Recall captures whether words with shared mor- 362

phemes receive shared tokens, while precision mea- 363

sures whether shared tokens correspond to shared 364

morphemes. Their harmonic mean yields µc. To 365

ensure scalability, we cluster words using k-means 366

(k = 100), sample C = 50 word pairs per clus- 367

ter, and estimate scores with N = 10 bootstrap 368

resamples. 369

4.2 Language Model Evaluation (Intrinsic) 370

Intrinsic language model evaluation assesses how 371

tokenization affects training dynamics and repre- 372

sentational efficiency when all other factors are 373

held constant. 374
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Token-Level Cross-Entropy. We train decoder-375

only language models from scratch using either376

BPE or MorphBPE and compare token-level cross-377

entropy loss during training. Cross-entropy reflects378

both convergence speed and the quality of learned379

representations and is closely related to perplex-380

ity while providing finer-grained resolution. Com-381

parisons are performed only between models with382

identical architectures, training data, and vocabu-383

lary sizes to ensure fairness.384

Rationale for Fair Comparison. Vocabulary size385

directly affects branching factors and loss values,386

making unequal vocabularies incomparable. We387

therefore fix vocabulary sizes per language and388

show empirically that MorphBPE and BPE produce389

nearly identical token-length distributions, ruling390

out explanations based on trivial token shortening391

(see Appendix B for detailed analysis). Under these392

controlled conditions, differences in cross-entropy393

can be attributed to segmentation quality rather394

than capacity or compression artifacts.395

4.3 Downstream Evaluation (Extrinsic)396

Extrinsic evaluation measures whether intrinsic im-397

provements translate into gains on real language398

understanding tasks. We use the LM Evaluation399

Harness (Gao et al., 2024) to conduct evaluations400

under a standardized zero-shot protocol. We eval-401

uate models on the Belebele multilingual read-402

ing comprehension benchmark (Bandarkar et al.,403

2024), which consists of multiple-choice questions404

derived from Flores-200 passages across 122 lan-405

guage variants. We report results for English, Rus-406

sian, Hungarian, and Arabic, enabling direct com-407

parison across morphological typologies.408

Evaluation Protocol and Significance Testing:409

For each example, models score candidate answers410

by conditional log-probability and select the most411

likely option. Accuracy is computed over all ex-412

amples. To assess statistical significance, we apply413

McNemar’s test on paired predictions, combined414

with 106 bootstrap resamples of accuracy differ-415

ences. Multiple comparisons are corrected using416

the Benjamini–Hochberg false discovery rate pro-417

cedure with α = 0.05. This protocol allows us to418

determine whether observed gains are robust rather419

than due to sampling noise.420

5 Experimental Setup421

This section details the data resources, tokenizer422

training procedure, and language model training423

configuration used in our experiments. The goal 424

is to ensure reproducibility and make explicit the 425

controls used to enable fair comparisons between 426

standard BPE and MorphBPE. 427

5.1 Morphological Resources 428

Morphological supervision is required only dur- 429

ing tokenizer training. We use manually annotated 430

and high-confidence automatically generated mor- 431

pheme segmentations covering four typologically 432

diverse languages: English, Russian, Hungarian, 433

and Arabic. 434

For English, Russian, and Hungarian, morpho- 435

logical segmentations are obtained from the SIG- 436

MORPHON 2022 Shared Task on Morpheme Seg- 437

mentation (Batsuren et al., 2022). These datasets 438

provide high-quality gold annotations covering 439

both inflectional and derivational morphology. For 440

Arabic, which exhibits non-concatenative templatic 441

morphology, we combine multiple complementary 442

resources: the Arabic Treebank (ATB) (Taji et al., 443

2017), the Dialectal Segmentation Dataset (Dar- 444

wish et al., 2018), and the Quranic Morphology 445

dataset (Dukes and Habash, 2010). To increase 446

coverage of frequent surface forms, we addition- 447

ally include one million high-confidence Arabic 448

segmentations generated using Farasa (Darwish 449

and Mubarak, 2016). 450

All datasets are normalized to a unified segmen- 451

tation format and deduplicated. Manually anno- 452

tated resources are split into 80% training, 10% 453

validation, and 10% test sets. Automatically gen- 454

erated Arabic segmentations are used only for tok- 455

enizer training and excluded from intrinsic evalua- 456

tion. Dataset statistics are summarized in Table 1. 457

5.2 LLM Training Data 458

For language model training, we use the FineWeb2 459

corpus (Penedo et al., 2024), a large-scale multi- 460

lingual web dataset covering over 1,000 languages. 461

FineWeb2 provides sufficient data volume and lin- 462

guistic diversity to support controlled monolingual 463

training while adhering to the Chinchilla scaling 464

law (Hoffmann et al., 2022). 465

For each language, we extract language-specific 466

subsets using FineWeb2 metadata and train models 467

on a fixed token budget. This ensures that differ- 468

ences in model behavior arise from tokenization 469

rather than data scale. Using the same underlying 470

text for both BPE and MorphBPE further isolates 471

the effect of segmentation. 472
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Table 1: Morphological segmentation dataset statistics used for BPE and MorphBPE training and evaluation
across languages.

Language Morphology Type # of Words Avg. Morphemes per Word

English Fusional (low complexity) 571,495 2.33
Russian Fusional (moderate complexity) 784,212 3.84
Hungarian Agglutinative (high complexity) 930,312 3.22
Arabic Templatic (high complexity) 1,395,835 2.50

5.3 Tokenizer Training Setup473

Both BPE and MorphBPE tokenizers are trained474

using identical corpora and target vocabulary sizes.475

MorphBPE differs only in that morpheme bound-476

ary constraints are applied during merge selec-477

tion, as described in Section 3. All other aspects478

of tokenizer training, including initialization, fre-479

quency computation, and merge ordering, remain480

unchanged.481

Vocabulary sizes are selected separately for each482

language following a principled procedure. We483

train tokenizers with vocabulary sizes ranging from484

8K to 96K in 8K increments and compute mor-485

phological edit distance on development sets. The486

smallest vocabulary size beyond which improve-487

ments are not statistically significant is selected488

using a paired t-test. This yields 24K for Hun-489

garian, 64K for Russian, and 96K for English and490

Arabic. These sizes are then fixed for all tokenizer-491

level and language model experiments to ensure492

fair comparison.493

5.4 Language Model Training Setup494

We train decoder-only Transformer language mod-495

els at two scales: a 300M-parameter model and496

a 1B-parameter model. All models use identical497

architectures, optimization settings, and training498

schedules, and differ only in the tokenizer used.499

Training is implemented using the LLaMA-Factory500

framework (Zheng et al., 2024).501

The 300M models are trained on approximately502

6B tokens, while the 1B models are trained503

on approximately 20B tokens, consistent with504

Chinchilla-optimal scaling. Optimization uses505

AdamW with cosine learning rate decay, identi-506

cal batch sizes, and the same random seeds across507

tokenizer variants. All experiments are conducted508

on H100 GPUs, with total compute on the order of509

several thousand GPU-hours.510

By tightly controlling model architecture, data,511

vocabulary size, and training budget, this setup512

ensures that any observed differences in training513

dynamics or downstream performance can be at-514

tributed to the tokenizer rather than confounding 515

factors. 516

6 Results 517

6.1 Tokenizer-Level Results 518

Figure 1 and Table 2 summarize intrinsic tokenizer 519

results across English, Russian, Hungarian, and 520

Arabic. Across all languages, MorphBPE achieves 521

consistently lower Morphological Edit Distance 522

(µe) and higher Morphological Consistency F1 (µc) 523

than standard BPE, while incurring only a marginal 524

increase in fertility (ϕ). The improvements are 525

largest for morphologically rich languages, espe- 526

cially Hungarian and Arabic, where respecting mor- 527

pheme boundaries prevents frequent but linguisti- 528

cally spurious merges. 529

For completeness, we also compare Morpho- 530

logical Consistency F1 (µc) against SentencePiece 531

Unigram LM (Kudo and Richardson, 2018) under 532

identical vocabulary sizes and corpora (Table 2). 533

MorphBPE achieves higher µc across all four lan- 534

guages, indicating more stable and morphologically 535

coherent tokenization. 536

Overall, these results confirm that constraining 537

merges at morpheme boundaries produces tokeniza- 538

tions that better preserve morphological structure 539

and reduce segmentation ambiguity. This effect in- 540

creases with morphological complexity, supporting 541

the motivation for morphology-aware tokenization 542

in agglutinative and templatic languages. 543

6.2 Language Model Results (Intrinsic) 544

Figure 2 reports training cross-entropy curves for 545

the 300M and 1B models across the four languages. 546

Under identical vocabulary sizes, architectures, and 547

training data, MorphBPE consistently yields lower 548

cross-entropy than BPE. The trend is stable across 549

both scales and persists throughout training, with 550

Figure 2 showing a representative window of ap- 551

proximately 14B tokens for readability. 552

The cross-entropy reductions indicate more ef- 553

ficient learning dynamics when token boundaries 554

align with morphological structure. Improvements 555
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Figure 1: Comparison of morphological distance and
fertility rate for BPE and MorphBPE across four lan-
guages. Lower fertility is generally preferred, and lower
morphological distance indicates better alignment with
morpheme boundaries.

are most pronounced for morphologically rich lan-556

guages such as Hungarian and Arabic, where Mor-557

phBPE provides clearer subword regularities and558

reduces the burden of learning morphology from559

fragmented and inconsistent substrings. Impor-560

tantly, these gains arise under controlled settings,561

suggesting they are attributable to segmentation562

quality rather than vocabulary capacity or data563

scale.564

6.3 Downstream Results (Extrinsic)565

We evaluate downstream effects using the Bele-566

bele multilingual reading comprehension bench-567

mark (Bandarkar et al., 2024). Because our goal is568

to isolate tokenization effects, we report zero-shot569

performance for the 300M and 1B models with-570

out supervised fine-tuning. Absolute accuracy is571

therefore modest, but relative differences remain572

informative and can be assessed statistically.573

Across the four languages, MorphBPE yields an574

average accuracy gain of approximately 1% over575

BPE. Gains are consistent for morphologically rich576

languages, Arabic, Russian, and Hungarian, and577

negligible for English, where morphology is less578

productive. Using McNemar’s paired test with 106579

bootstrap resamples and Benjamini–Hochberg cor-580

rection at α = 0.05, improvements for Arabic and581

Russian are statistically significant, while the Hun-582

garian gain is not.583

These results suggest that morphology-aware584

tokenization can translate into measurable down-585

stream benefits for morphologically complex lan-586

guages, complementing intrinsic tokenizer metrics587

and cross-entropy improvements. Together, the 588

intrinsic and extrinsic results support the claim 589

that improving morphological alignment at the tok- 590

enization stage strengthens representation learning 591

and downstream comprehension. 592

7 Analysis and Discussion 593

When and Why MorphBPE Helps: MorphBPE 594

is most effective in languages with rich and produc- 595

tive morphology, where surface word forms encode 596

substantial grammatical and semantic information 597

through affixation or non-concatenative processes. 598

In agglutinative languages such as Hungarian and 599

templatic languages such as Arabic, standard BPE 600

frequently fragments words into statistically fre- 601

quent but linguistically incoherent substrings. By 602

constraining merges to respect morpheme bound- 603

aries, MorphBPE produces more interpretable and 604

stable subword units that align with meaningful 605

linguistic structure. This improved alignment man- 606

ifests in higher morphological consistency and 607

lower morphological edit distance, indicating that 608

related word forms are segmented in a more sys- 609

tematic manner. From a representation learning 610

perspective, such consistency reduces ambiguity 611

in token semantics and allows the language model 612

to reuse parameters across morphologically related 613

forms more effectively. The resulting representa- 614

tions are therefore easier to learn and generalize, 615

which is reflected in faster convergence and lower 616

cross-entropy loss during training. In languages 617

with relatively simple or weak morphology, such 618

as English, the benefits of morphology-aware tok- 619

enization are naturally limited. English word for- 620

mation relies less on productive inflection and more 621

on fixed lexical items, and standard BPE already 622

performs reasonably well at capturing frequent sub- 623

word patterns. As a result, MorphBPE yields only 624

modest improvements in intrinsic tokenizer metrics 625

and negligible gains in downstream accuracy for 626

English. 627

These findings are expected and highlight an im- 628

portant property of MorphBPE. The method does 629

not degrade performance in low-morphology set- 630

tings, but its advantages emerge primarily when 631

morphological structure plays a central role in word 632

formation. This behavior suggests that MorphBPE 633

is a targeted improvement rather than a universally 634

transformative change to tokenization. 635

Tokenization, Fertility, and Vocabulary Size: A 636

recurring assumption in tokenizer evaluation is that 637

7
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Figure 2: Training cross-entropy loss comparison between BPE and MorphBPE across English, Russian, Hungar-
ian, and Arabic for both the 300M and 1B models (lower values indicate better performance).

Table 2: Morphological consistency evaluation for BPE,
MorphBPE, and SentencePiece Unigram LM across
four languages. Precision, recall, and F1-score (µc) are
reported as mean ± standard deviation over multiple
resamples of the test sets. Higher F1-scores indicate
greater consistency in segmenting words that share or
differ in morphemes.

Model Precision (Mean ± Std) Recall (Mean ± Std) Morph. F1 (µc)

English (96K)

BPE 0.00 ± 0.00 0.03 ± 0.02 0.00
MorphBPE 0.31 ± 0.44 0.34 ± 0.09 0.32
SentencePiece Unigram LM 0.20 ± 0.41 0.44 ± 0.07 0.28

Russian (64K)

BPE 0.10 ± 0.32 0.06 ± 0.01 0.07
MorphBPE 0.69 ± 0.48 0.33 ± 0.06 0.45
SentencePiece Unigram LM 0.63 ± 0.49 0.22 ± 0.06 0.33

Hungarian (24K)

BPE 0.08 ± 0.25 0.29 ± 0.04 0.13
MorphBPE 0.98 ± 0.03 0.78 ± 0.07 0.87
SentencePiece Unigram LM 0.93 ± 0.17 0.81 ± 0.10 0.87

Arabic (96K)

BPE 0.00 ± 0.00 0.08 ± 0.03 0.00
MorphBPE 0.89 ± 0.31 0.53 ± 0.05 0.66
SentencePiece Unigram LM 0.73 ± 0.27 0.49 ± 0.04 0.58

lower fertility or shorter token sequences directly638

indicate better tokenization. Our results challenge639

this view. While MorphBPE sometimes produces640

slightly higher fertility than BPE, especially in mor-641

phologically rich languages, it consistently yields642

better morphological alignment and improved lan-643

guage model performance.644

These findings indicate that fertility alone is an645

insufficient proxy for tokenizer quality. Vocabu-646

lary size and compression interact with linguistic647

structure in complex ways, and aggressive compres-648

sion can obscure systematic morphological patterns649

that are beneficial for learning. MorphBPE demon-650

strates that modest increases in token count can be651

offset by gains in interpretability, consistency, and652

representation stability, leading to more efficient653

learning overall. 654

8 Conclusion 655

We introduced MorphBPE, a morphology-aware 656

extension of Byte Pair Encoding that integrates lin- 657

guistic structure into subword tokenization while 658

preserving the efficiency, determinism, and com- 659

patibility of standard BPE. Across four typologi- 660

cally diverse languages, MorphBPE consistently 661

improves morphological alignment, tokenizer con- 662

sistency, and language model training dynamics, 663

with downstream gains for morphologically rich 664

languages. 665

Our results demonstrate that respecting mor- 666

pheme boundaries during tokenizer training leads 667

to more stable and interpretable representations, 668

challenging the view that compression alone de- 669

termines tokenizer quality. MorphBPE provides a 670

practical and scalable way to incorporate linguistic 671

insight into LLM training pipelines, and we hope 672

it encourages further exploration of morphology- 673

aware methods for multilingual language modeling. 674

9 Limitations 675

While MorphBPE offers significant advantages for 676

morphologically rich languages, we acknowledge 677

certain limitations that frame directions for future 678

research: First, MorphBPE requires access to mor- 679

phological segmentation data during the tokenizer 680

training phase. It is important to clarify that this 681

does not involve inference-time lookup tables, mor- 682

phological lexicons, or rule-based systems. Instead, 683

morphology-derived boundaries guide BPE merge 684

decisions during training, resulting in a fully data- 685

driven, standard BPE tokenizer. While high-quality 686

8



resources exist for many morphologically rich lan-687

guages (e.g., via UniMorph, SIGMORPHON, and688

MorphyNet, covering ∼100 languages), coverage689

remains limited for some low-resource and under-690

documented languages. However, the set of lan-691

guages with reliable segmentation resources often692

aligns with those possessing sufficient corpora for693

meaningful LLM training.694

Second, our current experiments focus on mono-695

lingual models to isolate the effects of tokenization696

across distinct typologies. Extending MorphBPE697

to multilingual models with joint vocabularies in-698

troduces new challenges, particularly in balancing699

morphological representation across diverse lan-700

guage families within a shared subword space. In-701

vestigating the interaction between morphology-702

aware constraints and cross-lingual vocabulary703

sharing is an open question.704

Finally, our current study involved training 16705

models from scratch across four languages and two706

scales (300M and 1B parameters), utilizing approx-707

imately 2,000 H100 GPU-hours. This represents708

a substantial effort to ensure rigorous, controlled709

comparison. While scaling further to larger model710

sizes and broader downstream tasks like instruction711

following or reasoning would require industrial-712

scale infrastructure, our findings are consistent with713

established links between improved perplexity and714

downstream performance (Wei et al., 2024), sug-715

gesting that the benefits of MorphBPE are likely to716

scale.717
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A key advantage of MorphBPE is that it learns mor-962

phologically aware subword units directly from raw963

text, constrained only during the tokenizer training 964

phase. An alternative approach to incorporating 965

morphology is to pre-segment the language model 966

training data using a morphological analyzer and 967

then apply standard BPE to the pre-segmented text. 968

To compare these approaches, we trained a 969

BPE tokenizer on pre-segmented Arabic Wikipedia 970

data (using Farasa segmentation) and subsequently 971

trained a language model on this pre-segmented 972

corpus. Figure 3 compares the training loss of this 973

“Pre-segmented BPE” approach against standard 974

BPE on raw text and MorphBPE on raw text. 975
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Figure 3: Comparison of Language Model training
cross-entropy on Arabic using: (1) Standard BPE on raw
text, (2) Standard BPE on pre-segmented text (Farasa),
and (3) MorphBPE on raw text.

The results demonstrate that MorphBPE 976

achieves a lower cross-entropy loss than both stan- 977

dard BPE on full text and the word-list approaches. 978

B Token-Length Statistics and Fairness 979

A potential concern when comparing cross-entropy 980

across tokenizers is that models with significantly 981

shorter average token lengths (i.e., higher fertility) 982

might artificially achieve lower per-token cross- 983

entropy. To ensure that the improvements observed 984

with MorphBPE are due to better segmentation 985

quality rather than trivial differences in token gran- 986

ularity, we analyzed token-length distributions de- 987

rived from large Wikipedia dumps for English, 988

Hungarian, and Russian under the fixed vocabu- 989

lary sizes used in our experiments. 990

Table 3 presents descriptive statistics of token 991

lengths. MeanLen is the average token length 992

in characters, and WMeanLen is the frequency- 993

weighted mean token length. The results show that 994

MorphBPE and BPE produce extremely similar 995

token-length characteristics. In all three languages, 996

the difference in mean and weighted mean token 997

lengths between BPE and MorphBPE is miniscule 998

(0.05–0.14 characters). This empirical evidence 999
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confirms that the experimental comparison is fair1000

and that cross-entropy gains are attributable to im-1001

proved morphological alignment rather than token-1002

length artifacts.1003

Table 3: Wikipedia-derived token-length and distribu-
tion statistics comparing BPE and MorphBPE under
fixed vocabulary sizes. The similarity in lengths con-
firms the fairness of cross-entropy comparisons.

Language / Tokenizer Tokens Vocab MeanLen WMeanLen µ σ α

English / MorphBPE 7B 16K 5.23 2.87 9.79 2.68 1.01
English / BPE 7B 16K 5.28 2.91 9.87 2.64 1.01

Hungarian / MorphBPE 500M 16K 6.14 2.65 6.83 2.80 1.01
Hungarian / BPE 500M 16K 6.20 2.78 7.17 2.71 1.01

Russian / MorphBPE 3B 16K 6.41 2.42 7.64 3.38 1.01
Russian / BPE 3B 16K 6.27 2.64 8.17 3.06 1.01
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