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Abstract001

While vocabulary expansion scaling laws are002
well-established for high-resource languages,003
they remain unverified in low-resource settings.004
This gap is particularly critical for Byte-level005
BPE (BBPE), where constrained vocabulary006
sizes often fail to capture the rich morphemes007
of complex scripts, leading to severe over-008
segmentation in languages such as Mongolian,009
Tibetan, and Uyghur. We systematically inves-010
tigate jointly-scaled trilingual vocabulary for011
these languages (140 to 195,000 tokens) across012
BPE (Llama 2) and BBPE (Qwen2.5/3) archi-013
tectures. Our results reveal that BBPE follows014
a "decline-then-rise" pattern, requiring a 9,000-015
token threshold (3,000 per language) to trigger016
non-linear performance gains and inference ac-017
celeration, whereas BPE improves monotoni-018
cally. Using Pareto Frontier Analysis, we iden-019
tify an optimal 79,500-token configuration for020
BBPE that reduces continual pre-training du-021
ration by over 71% across 1.5B to 8B parame-022
ter models while consistently enhancing down-023
stream performance.1024

1 Introduction025

Despite the rapid advancements in Large Language026

Models (LLMs), a structural tokenization disparity027

persists, where token counts for identical seman-028

tics vary by up to tenfold across languages (Lim-029

isiewicz et al., 2023). This issue is particularly030

acute for morphologically rich, low-resource lan-031

guages such as Mongolian, Tibetan, and Uyghur,032

which exhibit significantly higher token fertility033

than English (Ahia et al., 2023). While vocabu-034

lary expansion is the standard remedy to alleviate035

this fragmentation (Wang et al., 2020; Lu et al.,036

2025), its implementation in low-resource regimes037

remains largely heuristic. Lacking a principled em-038

pirical basis, researchers often select vocabulary039

1Our code, data, and models will be made publicly avail-
able upon acceptance.

sizes arbitrarily, struggling to balance the mitiga- 040

tion of severe over-segmentation against the risk 041

of representation instability caused by sparsely- 042

distributed, under-trained tokens. 043

This lack of guidance is primarily rooted in the 044

limitations of existing Scaling Laws, which have 045

traditionally focused on the synergy between model 046

parameters and data volume (Kaplan et al., 2020; 047

Hoffmann et al., 2022) while often overlooking 048

the vocabulary dimension. Although recent stud- 049

ies (Takase et al., 2025; Tao et al., 2024) have be- 050

gun to explore vocabulary scaling, they remain 051

predominantly English-centric, failing to address 052

the unique agglutinative or inflectional structures 053

of low-resource scripts. Crucially, the scaling prop- 054

erties of BBPE—a mainstream tokenizer that elim- 055

inates out-of-vocabulary (OOV) issues by using 056

UTF-8 bytes as base units—remain unquantified 057

in data-sparse scenarios. Consequently, whether 058

the scaling behaviors established for high-resource 059

languages generalize to models utilizing BBPE 060

(Radford et al., 2019) in low-resource settings re- 061

quires rigorous empirical verification, as paradigm- 062

specific scaling properties may necessitate a dis- 063

tinct framework. 064

To bridge this gap, we systematically investi- 065

gate vocabulary scaling for three non-Latin-script, 066

low-resource languages: Mongolian, Tibetan, and 067

Uyghur (as illustrated in Figure 1). We propose a 068

joint trilingual expansion strategy to facilitate uni- 069

fied regional-level models, executing controlled ex- 070

periments across ten scaling levels (140 to 195,000 071

tokens, with equal allocation per language) on 072

Qwen3-8B (Yang et al., 2025) (representing BBPE) 073

and Llama 2-7B (Touvron et al., 2023) (represent- 074

ing BPE (Sennrich et al., 2016)). To establish gen- 075

eralizability, we replicate these experiments on the 076

Qwen2.5 series (1.5B and 7B) (Bai et al., 2025). 077

We evaluate performance across four key tasks: 078

summarization, text classification, word segmenta- 079

tion, and translation from Mongolian, Tibetan, and 080
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Figure 1: Overview of the research framework: analyzing tokenization disparities, conducting systematic multi-scale
vocabulary scaling experiments, and identifying the Pareto-optimal configuration.

Uyghur into Chinese. The results demonstrate that081

BBPE scaling properties remain robust across vary-082

ing model capacities and architectural iterations.083

Our core contributions are as follows:084

(1) Quantification of the BBPE Threshold Ef-085

fect: We identify a critical initiation thresh-086

old (∼ 9,000 total tokens) and a subse-087

quent performance-decline region. Below this088

boundary, insufficient vocabulary disrupts pre-089

trained byte-level representations, leading to090

performance degradation. This provides a091

principled guide for the initial stage of BBPE092

expansion.093

(2) Efficiency-Performance Pareto Optimality:094

We pinpoint a universal “optimal point” at095

79,500 tokens for BBPE architectures. This096

configuration curtails continual pre-training097

duration by over 71% across 1.5B–8B mod-098

els while enhancing downstream task perfor-099

mance and delivering significant inference100

efficiency gains, achieving an average of101

over two-fold throughput gains across various102

monolingual tasks.103

(3) Method-Dependent Scaling Framework:104

We demonstrate that vocabulary scaling dy-105

namics are contingent upon the choice of tok-106

enization method. While BPE-based models107

exhibit monotonic improvements that yield di-108

minishing marginal returns beyond ∼27,000109

tokens, BBPE requires surpassing a critical 110

threshold to unlock non-linear benefits. Our 111

framework provides empirical guidance for 112

optimizing expansion scales, offering action- 113

able insights tailored to the underlying tok- 114

enization method. 115

2 Related Work 116

The performance of large language models (LLMs) 117

is traditionally described by power laws relative to 118

model parameters and training data volume (Ka- 119

plan et al., 2020; Hoffmann et al., 2022). However, 120

the role of vocabulary size (V ) as a critical de- 121

terminant of computational efficiency and model 122

efficacy has recently gained prominence. Tao et al. 123

(2024) theoretically established a FLOPs-optimal 124

matching relationship between vocabulary size and 125

parameters, while Takase et al. (2025) provided em- 126

pirical evidence that expanding vocabularies can di- 127

rectly enhance downstream performance and train- 128

ing efficiency. Despite these insights, existing in- 129

vestigations remain predominantly English-centric 130

and benchmarked against standard BPE algorithms. 131

The scaling properties of BBPE in morphologically 132

rich, low-resource contexts remain largely under- 133

explored, leaving an empirical gap in providing a 134

principled basis for determining expansion scales 135

in data-sparse scenarios. 136

To bridge the representation gap for low- 137

resource languages, vocabulary expansion has 138

emerged as a primary adaptation strategy (Hangya 139
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et al., 2022; Lu et al., 2025). Current engineering140

practices, however, typically rely on heuristic in-141

jections of new tokens. For instance, Zhuang et al.142

(2024) introduced approximately 32,000 Tibetan143

tokens to Llama 2-7B, whereas Zhang et al. (2024)144

opted for a more conservative 3,000 tokens per145

language across four minority languages, Mongo-146

lian, Tibetan, and Uyghur. Such practices exhibit147

significant limitations, as expansion scales are of-148

ten determined by intuition rather than a system-149

atic analysis of the trade-offs between performance150

gains and inference overhead (Nozaki et al., 2025).151

Furthermore, prior research has focused almost ex-152

clusively on monolingual adaptation, leaving the153

co-optimization of vocabulary in multilingual joint154

expansion scenarios—essential for regional-level155

application models—inadequately studied.156

The challenges are further compounded by the157

limitations of mainstream BBPE implementations.158

While BBPE ensures universality via byte-level de-159

composition (Kudo and Richardson, 2018), the lack160

of language-specific optimization in mainstream to-161

kenizers—combined with inherent morphological162

complexity—frequently shatters words into seman-163

tically opaque fragments in languages like Mongo-164

lian, Tibetan, and Uyghur (Rust et al., 2021). This165

phenomenon leads to dual challenges: it substan-166

tially inflates sequence lengths, thereby elevating167

inference latency and potentially inducing gener-168

ation instability due to long-range dependencies169

(Rust et al., 2021); and as highlighted by Hangya170

et al. (2022), it risks disrupting pre-trained byte-171

sequence representations when data is insufficient.172

Ill-chosen expansion scales can thus trigger unin-173

tended performance degradation even falling below174

the pre-expansion baseline. Consequently, iden-175

tifying an optimal scale that balances sequence176

compression with vocabulary sparsity is essential177

to navigating the efficiency-performance trade-off178

in low-resource LLM adaptation.179

3 Analytical Framework for Vocabulary180

Scaling181

To quantify the non-linear impact of vocabulary182

scale on low-resource LLMs, we construct a183

controlled evaluation framework spanning multi-184

scale expansion, multi-architecture validation, and185

Pareto-optimal decision-making.186

3.1 Multi-scale Vocabulary Expansion 187

We propose a trilingual joint expansion strategy 188

for Mongolian (mn), Tibetan (bo), and Uyghur 189

(ug). To rectify over-segmentation, we utilize 190

SentencePiece to extract high-frequency mor- 191

phemes from the Mongolian, Tibetan, and Uyghur 192

data within the MC2 dataset (Zhang et al., 2024). 193

These units are prioritized during tokenization via 194

the longest-match principle. 195

Vocabulary Scales. We establish ten vocabulary 196

scales (L1–L10) spanning four orders of magni- 197

tude (Table 1) for the complete pre-training and 198

evaluation pipeline. This range covers the spec- 199

trum from character-level representations (L1) to a 200

practical expansion ceiling (L10). To further probe 201

the intrinsic scaling limits of BBPE tokenization— 202

a dimension less explored compared to established 203

studies on BPE—we extend the analysis to ultra- 204

large vocabularies of 300,000 and 1,200,000 to- 205

kens (allocating 100,000 and 400,000 per language, 206

respectively). These extreme scales are utilized ex- 207

clusively for tokenization quality assessment (e.g., 208

in Figure 3a) rather than model training. 209

Notably, the vocabulary budget is equally par- 210

titioned among the three target languages (i.e., 211

Vbo = Vmn = Vug) to maintain cross-linguistic 212

capacity parity for most levels, with two excep- 213

tions: the minimal expansion scale (L1) and the 214

theoretically predicted optimal size (L5) derived 215

from Tao et al. (2024). Table 1 lists the targeted 216

expansion scales; actual increments are adjusted 217

for token overlap during the union with the base vo- 218

cabulary to maintain target scale precision (details 219

in Appendix A.1). 220

Level Expected Expansion

L1 140
L2 9,000
L5 37,689
L7 76,500
L10 195,000

Table 1: Key expansion levels. See Appendix A.1 for
full L1–L10 and per-language counts.

Distribution-Aware Initialization. To stabilize 221

new embeddings, we compute the mean µ and vari- 222

ance σ2 of the base embeddings Ebase. New tokens 223

are sampled from N (µ, σ2), ensuring geometric 224

consistency with the pre-trained manifold (see Ap- 225

pendix A.2 for derivation). 226
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Figure 2: Performance scaling comparison. (a-c) Llama 2-7B (BPE) shows monotonic improvement. (d-f) Qwen3-
8B (BBPE) exhibits a "decline-then-rise" threshold effect. Qwen2.5 results are in Appendix B.

3.2 Model Architectures227

To establish the generalizability of our findings228

across tokenization paradigms, we evaluate three229

representative models:230

• LLaMA-2 (7B): A classic BPE-based baseline231

used to observe standard scaling behavior.232

• Qwen3 (8B): The primary BBPE-based model233

for quantifying threshold effects.234

• Qwen2.5 (1.5B & 7B): Included to verify235

the robustness of BBPE scaling properties236

across different model iterations and parame-237

ter scales.238

3.3 Experimental Protocol239

Training. Training is conducted on the Mongo-240

lian, Tibetan, and Uyghur corpora from the MC2241

dataset (Zhang et al., 2024). We employ Parameter-242

Efficient Incremental Pre-training (PEFT-IP) fol-243

lowed by Supervised Fine-tuning (SFT). Both244

stages utilize Low-Rank Adaptation (LoRA) (Hu245

et al., 2022) to adapt the backbone while unfreez-246

ing the embedding layers to accommodate the ex-247

panded vocabulary. All training and SFT hyperpa-248

rameters are summarized in Appendix A.3.249

Benchmarks. Evaluation covers four dimen-250

sions: Machine Translation (CCMT 2019)(Yang251

et al., 2019), Text Classification (MITC)(Deng252

et al., 2023), Summarization (MIMO)(WENG253

et al., 2024), and Word Segmentation (MLWS254

2021)(ZHAO, 2022). Specific metrics, dataset255

statistics, and the inference configurations em-256

ployed to ensure experimental reproducibility are257

provided in Appendix A.4.258

3.4 Multi-Objective Pareto Framework 259

To reconcile the competing demands of task per- 260

formance and computational efficiency, we formu- 261

late vocabulary selection as a Multi-Objective Op- 262

timization (MOO) problem (Branke et al., 2004), 263

providing a mathematical basis for identifying the 264

Pareto-optimal configuration. We define four meta- 265

objectives categorized into two primary dimen- 266

sions—Utility and Cost—to balance the trade-offs: 267

(1) Quality Utility (UQ), the normalized average 268

performance across tasks; (2) Fairness Index (IF ), 269

the performance of the worst-performing language 270

(Rawlsian Maximin Principle); (3) Efficiency Cost 271

(CE), the harmonic mean of normalized latency 272

and parameter growth; and (4) Resource Cost 273

(CR), the normalized incremental training time. 274

We identify the knee point (Satopaa et al., 2011) 275

where marginal gains are maximized using the 276

Kneedle algorithm. The hierarchical normaliza- 277

tion of scores, the formulation of the balanced ob- 278

jective B(v), and the robustness metrics (Ranking 279

Stability and Jaccard Sensitivity) are detailed in 280

Appendix A.5. 281

4 Experimental Results 282

4.1 Non-linear Impact of Vocabulary Scale 283

Figure 2 illustrates the performance trajectories 284

of representative BPE (Llama 2-7B) and BBPE 285

(Qwen3-8B) models across three diverse down- 286

stream tasks: Machine Translation (MT), Text Sum- 287

marization (TS), and Text Classification (TC). Our 288

findings reveal that the vocabulary-performance 289

relationship is paradigm-specific, fundamentally 290

governed by the underlying tokenization architec- 291
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ture.292

Monotonicity in BPE: Llama 2-7B As shown293

in Figure 2(a-c), standard BPE exhibits a generally294

monotonic improvement trajectory.Performance295

rises steadily until saturating at approximately296

27,000 tokens (9,000 per language), largely align-297

ing with the theoretical predictions of Tao et al.298

(2024) derived from high-resource settings. Be-299

yond this, further expansion yields diminishing300

marginal utility, confirming that moderate expan-301

sion effectively mitigates over-segmentation in the302

BPE paradigm.303

The BBPE Threshold Effect: Qwen3 and304

Qwen2.5 In stark contrast to the monotonic tra-305

jectory of BPE, BBPE-based models exhibit a dis-306

tinct “decline-then-rise” U-shaped pattern. Cru-307

cially, cross-model validation (detailed in Ap-308

pendix B.1) confirms that this inflection point re-309

mains consistently anchored at the 9,000-token310

threshold (3,000 per language), regardless of both311

model scale (1.5B vs. 7B) and architectural itera-312

tion (covering both the pre-iteration Qwen2.5 and313

the evolved Qwen3 architectures). This non-linear314

behavior can be divided into three stages:315

(1) Performance Degradation Regime (<316

9,000 tokens): Performance initially degrades be-317

low the baseline. This confirms our hypothesis318

regarding representation space disruption: when319

the number of new tokens is insufficient, the model320

fails to bridge the gap between fragmented byte-321

level units and stable linguistic morphemes.322

(2) The Inflection Point (∼ 9,000 tokens): Sur-323

passing this critical threshold allows performance324

to finally recover to baseline levels and even exhibit325

further improvements, marking the point where the326

negative impacts of over-segmentation are effec-327

tively neutralized.328

(3) Diminishing Returns and Backlash: While329

gains continue, they exhibit diminishing marginal330

utility. Critically, for parameter-constrained models331

like Qwen2.5-1.5B, we observe a Scaling penalty332

beyond 150,000 tokens. In this regime, perfor-333

mance collapses as the disproportionate Embed-334

ding Parameter Proportion “Constrains” the core335

Transformer capacity, indicating that the upper336

bound for BBPE expansion is strictly constrained337

by total model parameters (see Appendix B.1).338

Tokenization Quality Analysis MLWS anal-339

ysis (Figure 3) shows BBPE (a) exhibits high340

boundary volatility in the Performance Degrada-341

tion Regime (<9,000 tokens), whereas BPE (b) sta- 342

bilizes earlier. We further extended the BBPE anal- 343

ysis to ultra-large scales (300,000 and 1,200,000 344

tokens) exclusively for tokenization quality to probe 345

its theoretical ceiling. Figure 3a reveals that 346

marginal gains in segmentation precision plateau 347

beyond 150,000 tokens, confirming that BBPE re- 348

quires a significantly larger vocabulary than BPE 349

to achieve morphological stability. 350

(a) Qwen Series (BBPE)

(b) LLama 2-7B (BPE)

Figure 3: MLWS Boundary Analysis: (a) BBPE shows
high instability in the Performance Degradation Regime
(< 9, 000 tokens); (b) BPE shows stable alignment with
linguistic boundaries.

4.2 Efficiency Trade-offs: Compression, 351

Parameters, and Costs 352

This section explores the synergistic impact of 353

vocabulary expansion on tokenization efficiency, 354

physical model attributes, and core computational 355

costs. 356

4.2.1 Tokenization Compression Ratio (CR) 357

As illustrated in Figure 4, the compression ratio 358

(CR) exhibits a distinct non-linear evolution. Dur- 359

ing the initial expansion phase (0 to 9,000 tokens), 360

the CR rises steeply, particularly for Tibetan (BO). 361

This stage marks the transition of BBPE from pro- 362

cessing semantically impoverished byte-sequences 363

to language-specific subwords. At approximately 364

3,000 tokens per language (the 9k threshold), the 365
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Figure 4: Tokenization Compression Ratio (CR) vs.
Vocabulary Scale for Low-Resource Languages.

tokenizer captures the most frequent morphemes,366

yielding the most dramatic reduction in sequence367

length. Beyond this inflection point, the marginal368

utility of further sequence shortening diminishes,369

entering an asymptotic saturation phase around370

150,000 tokens. This suggests a physical limit to371

how much a discrete vocabulary can compress nat-372

ural language.373

4.2.2 Parameter Inflation and Training374

Duration375

While a larger vocabulary reduces sequence length,376

it induces linear parameter inflation concentrated in377

the embedding and output layers. For Qwen3-8B,378

expansion to 195,000 tokens results in a 19.5% pa-379

rameter increase (from 8.19B to 9.79B). In smaller380

models like Qwen2.5-1.5B, this increase reaches381

33.7%, creating a “top-heavy” architecture that di-382

minishes the capacity available for Transformer383

backbone.384

Interplay between compression (gains) and infla-385

tion (costs) creates two distinct phases (see sum-386

mary in Table 2; full results in AppendixB.3):387

Model Metric Base(0) 9k 79.5k 195k

Llama 2-7B T (h) 82.98 20.17 16.04 15.46
P (B) 6.74 6.81 7.39 8.33

Qwen3-8B T (h) 71.51 24.35 19.61 19.20
P (B) 8.19 8.26 8.84 9.79

Qwen2.5-7B T (h) 57.05 19.69 16.27 16.61
P (B) 7.62 7.68 8.18 9.01

Qwen2.5-1.5B T (h) 19.93 6.90 5.64 9.39
P (B) 1.78 1.80 2.02 2.38

Table 2: Impact of vocabulary expansion on training
duration (T , hours) and parameter counts (P , billions).

(1) Initial Dividend Phase (V < 9k): While388

both models experience a precipitous drop in train-389

ing time (e.g., Llama 2-7B from 82.98h to 20.17h),390

an efficiency-performance paradox emerges specif- 391

ically for BBPE-based architectures. In this phase, 392

the substantial efficiency gains from sequence 393

shortening coincide with the Performance Degra- 394

dation Regime (Section 4.1), where performance 395

degrades due to representation instability—a phe- 396

nomenon notably absent in the monotonic improve- 397

ment of BPE-based models. 398

(2) Saturation and Reversal Phase (V > 9k): 399

Training time stabilizes as Softmax and gradient 400

overhead begin to offset compression gains. Crit- 401

ically, Qwen2.5-1.5B exhibits a severe efficiency 402

reversal at 195k tokens, with training time surg- 403

ing to 9.39h. This confirms that the computational 404

burden of an oversized vocabulary eventually out- 405

weighs any benefits of sequence reduction (see Ap- 406

pendix B.2). 407

4.2.3 Inference Efficiency and the Paradox 408

In monolingual understanding tasks (e.g., Text 409

Classification), inference speed remains synchro- 410

nized with the CR. However, generative tasks 411

like Machine Translation (MT) to Chinese reveal 412

a counter-intuitive paradox: despite significantly 413

compressing the source sequences, MT throughput 414

eventually trends downward (Figure 5). 415

This stems from a fundamental trade-off: al- 416

though an expansive vocabulary optimizes source- 417

side encoding, the escalating computational cost of 418

matrix multiplications in the oversized output Soft- 419

max layer—which projects into the full trilingual 420

space even when generating Chinese—eventually 421

outweighs the gains. At 150,000 tokens, the 422

overhead of the expanded output projection dom- 423

inates the generation cycle, identifying an effi- 424

ciency ceiling where the computational burden of 425

the vocabulary size compromises the overall speed- 426

performance balance. 427

4.3 Validation of Pareto Optimality and 428

Robustness 429

To identify the optimal balance between perfor- 430

mance (UQ), equity (IF ), efficiency (CE), and re- 431

source cost (CR), we filter configurations through 432

a Pareto framework. We focus on Qwen3-8B as 433

the primary BBPE representative, with results for 434

other models in Appendix C. 435

Knee Point and Cross-Model Generalizability 436

The Pareto knee point analysis reveals a signifi- 437

cant evolution in vocabulary efficiency. For our 438

primary model, Qwen3-8B, the optimal balance 439
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Figure 5: Inference Throughput vs. Vocabulary Scale: Efficiency Paradox in Generative Tasks.

Strategy MT (BLEU) Classification (Acc.) Summarization (R-L)

BO MN UG BO MN UG BO MN UG

Qwen3-8B (JTE) 0.0548 0.3389 0.3765 0.851 0.805 0.752 0.081 0.061 0.115
Qwen3-8B (IME) 0.0532 0.2793 0.3585 0.862 0.839 0.760 0.076 0.064 0.111

Relative Gain (%) +3.0 +21.3 +5.0 -1.3 -4.1 -1.1 +6.6 -4.7 +3.6

Table 3: JTE vs. IME at 150k. JTE excels in generation; IME leads marginally in understanding.

Figure 6: Ranking stability under weight uncertainty.

is identified at 79,500 tokens. Crucially, due to440

space constraints, results for the BPE-based Llama441

2-7B baseline and the generalizability analysis442

across the Qwen2.5 series (1.5B and 7B) are de-443

ferred to Appendix C. the 79.5k configuration444

also exhibits remarkable efficacy on the previous-445

generation Qwen2.5-7B. While Qwen2.5-7B re-446

quires 195,000 tokens to reach its theoretical per-447

formance peak, the 79.5k scale already captures448

over 92% of the maximum potential gains in down-449

stream tasks while saving nearly 830 million param-450

eters compared to the 195k version (Table 2). This451

demonstrates that 79.5k serves as a robust, cross-452

Figure 7: Robustness heatmap across noise levels.

generational optimal configuration: it provides a 453

highly competitive performance-to-cost ratio for 454

modern architectures while offering a "Reliable 455

baseline" configuration for older ones that prevents 456

excessive parameter bloat. 457

Ranking Stability and Engineering Robustness 458

To ensure the 79,500-token recommendation is 459

not biased by specific evaluation metrics, we sim- 460

ulated 2,000 random objective weight combina- 461

tions (Fig. 6). While the 9,000-token scale shows 462

the highest absolute stability, it remains a low- 463
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Figure 8: Jaccard sensitivity to parameter noise.

performance baseline. The 79,500-token config-464

uration maintains a high Top-3 ranking probability465

under weight perturbations across different mod-466

els. This confirms its status as a robust engineering467

choice that consistently outperforms both minimal468

expansions (which suffer from representation dis-469

ruption) and ultra-large expansions (which suffer470

from diminishing marginal utility).471

Robustness and Engineering Recommendation472

Robustness experiments (Fig. 7, 8) reveal that the473

79.5k configuration resides in a stable “plateau474

zone” across architectures, whereas expanding to-475

ward the 195k peak induces significant ranking476

volatility as the oversized embedding layer be-477

comes hypersensitive to sparse updates. This mid-478

range scale effectively mitigates the representation479

fragility observed in smaller models (e.g., Qwen2.5-480

1.5B). Synthesizing the Pareto validation and ro-481

bustness analysis, we establish 79,500 tokens as the482

universal engineering guideline for trilingual BBPE483

expansion, providing an ideal equilibrium between484

task performance, computational efficiency, and485

representational stability.486

5 Comparative Analysis: Joint vs.487

Independent Monolingual Expansion488

To evaluate the efficacy of our joint expansion strat-489

egy, we compare Joint Trilingual Expansion (JTE)490

against an Independent Monolingual Expansion491

(IME) baseline at the 150k scale. To ensure a con-492

trolled comparison, the IME sub-vocabularies (50k493

tokens each for bo, mn, and ug) are directly ex-494

tracted as subsets from the JTE 150k trilingual495

pool. Three separate models are then trained un-496

der the IME setting to isolate the impact of the497

shared embedding space. We benchmark these498

strategies across three key metrics: Machine Trans-499

lation (MT), Text Classification (TC), and Summa- 500

rization (TS) (see Table 3). 501

As illustrated in Table 3, JTE significantly out- 502

performs IME in generative tasks, particularly 503

in Machine Translation where Mongolian (MN) 504

achieves a +21.3% relative gain. This evidence sug- 505

gests that a shared trilingual embedding space acts 506

as a “semantic bridge,” facilitating cross-lingual se- 507

mantic alignment and knowledge transfer. By map- 508

ping these morphologically distinct languages into 509

a unified manifold, JTE allows the model to lever- 510

age common structural features and high-frequency 511

subword units, effectively mitigating data-sparsity 512

issues that often plague independent adaptation. 513

Conversely, IME maintains a marginal advan- 514

tage in text classification (+1.1% to +4.1%). This is 515

likely due to the higher monolingual representation 516

density and the absence of cross-lingual token inter- 517

ference within the embedding space, allowing the 518

model to focus exclusively on single-language dis- 519

criminative features. However, the generative para- 520

dox remains: JTE’s substantial gains in sequence 521

generation, coupled with its drastically lower de- 522

ployment overhead (maintaining a single model 523

instead of three), confirm that joint expansion is a 524

more scalable and efficient framework for regional 525

multilingual LLM adaptation. 526

6 Conclusion 527

This yields three primary insights into vocabu- 528

lary scaling for low-resource languages. First, 529

we identify a critical “Performance Degradation 530

Regime” below 3,000 tokens per language, where 531

the disruption of byte-level representations out- 532

weighs sequence compression gains, leading to 533

performance degradation. Second, Pareto Frontier 534

Analysis pinpoints optimal knee points at 79,500 535

tokens for BBPE(Qwen3-8B) and 63,000 tokens 536

for BPE(Llama 2-7B), which improve downstream 537

performance and inference speed while balancing 538

associated parameter growth. Third, we demon- 539

strate that scaling is tightly constrained by model 540

capacity; in smaller architectures, an excessive vo- 541

cabulary triggers a performance decline as a high 542

Embedding-to-Core Ratio reallocates the param- 543

eter budget away from core Transformer layers. 544

This empirical study provides quantitative evidence 545

for balancing performance, efficiency, and archi- 546

tectural stability in low-resource LLM adaptation, 547

navigating the fundamental trade-off between pa- 548

rameter distribution and inference throughput. 549
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7 Limitations550

This study has several limitations. First, the inher-551

ent scarcity of low-resource corpora precludes train-552

ing and validation of our findings on ultra-large553

architectures (e.g., 70B+), which require substan-554

tially higher data volumes to converge; thus, our555

experiments are constrained to the 1.5B–8B param-556

eter range. Second, standard statistical tokenizers557

(BPE/BBPE) may not fully capture the complex558

morphology of agglutinative languages compared559

to specialized morphological parsers. Finally, the560

impact of vocabulary expansion on the models’561

original high-resource capabilities (e.g., original562

English or Chinese) remains to be extensively as-563

sessed to ensure no performance regression in base564

knowledge.565
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A Implementation Details 722

A.1 Detailed Vocabulary Expansion levels 723

To systematically investigate the scaling effect, we 724

design ten expansion levels (L1–L10). As shown in 725

Table 4, L1 represents the minimal vocabulary size 726

extracted by SentencePiece to ensure full cov- 727

erage of unique characters and basic graphemes. 728

Our levels design combines key theoretical anchor 729

points (e.g., L5, L8) with equidistant linear interpo- 730

lation points. Specifically, L5 is derived from theo- 731

retical scaling laws that correlate optimal vocabu- 732

lary size with model parameters and training data 733

volume (Tao et al., 2024). To facilitate a consistent 734

horizontal comparison across models of varying 735

scales, we utilize Qwen2.5-7B as the benchmark ar- 736

chitecture to determine the L5 value and apply this 737

fixed target size uniformly to LLaMA-2, Qwen3, 738

and Qwen2.5-1.5B. 739

The Expected column indicates the target incre- 740

ments produced by the SentencePiece tokenizer. 741

In contrast, the Actual columns show the final count 742

after a union operation with the model’s base vocab- 743

ulary. Notably, since Qwen2.5 and Qwen3 share 744

identical base representations and character sets 745

for Mongolian, Tibetan, and Uyghur, the resulting 746

trilingual token increments are identical for both 747

architectures; thus, they are consolidated under a 748

unified Qwen column. Minor discrepancies be- 749

tween the expected and actual values arise from 750

tokens already present in the original models, such 751

as common UTF-8 byte sequences or shared sym- 752

bols. Finally, L10 serves as the prescribed upper 753

bound of our experimental expansion range. 754

A.2 Tokenizer Training and Initialization 755

Language-specific subword models are trained 756

using SentencePiece (BPE) with character_ 757

coverage=0.995 and byte_fallback=True. To 758

eliminate interference from non-target scripts dur- 759

ing frequency estimation, we implement a rigorous 760

filtering strategy before training. Specifically, we 761

apply the regex rule re.sub(r’[a-zA-Z0-9]’, ”, 762

line) to exclude all Latin letters and Arabic nu- 763

merals. This procedure ensures that the BPE algo- 764

rithm prioritizes the morphological characteristics 765
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Per-Language Count Actual (Union)

Level bo mn ug Expected Qwen Llama Description

L1 66 34 40 140 124 78 Minimal character-level set (SentencePiece)
L2 3,000 3,000 3,000 9,000 8,978 8,920 Linear interpolation point
L3 6,000 6,000 6,000 18,000 17,975 17,915 Linear interpolation point
L4 9,000 9,000 9,000 27,000 26,972 26,913 Linear interpolation point
L5 11,996 12,101 13,592 37,689 37,657 37,596 Theoretically optimal size (Tao et al., 2024)
L6 21,000 21,000 21,000 63,000 62,963 62,900 Linear interpolation point
L7 26,500 26,500 26,500 79,500 79,462 79,399 Linear interpolation point
L8 32,000 32,000 32,000 96,000 95,962 95,899 TiLamb benchmark scale (Zhuang et al., 2024)
L9 50,000 50,000 50,000 150,000 149,958 149,892 Linear interpolation
L10 65,000 65,000 65,000 195,000 194,953 194,888 Upper bound of experimental scaling

Table 4: Detailed configuration of vocabulary expansion levels. The "bo", "mn", and "ug" columns represent counts
for Tibetan, Mongolian, and Uyghur. "Expected" denotes the raw output from SentencePiece, while "Actual"
reflects the unique tokens after merging with base vocabularies.

of low-resource languages and prevents alphanu-766

meric characters from being over-segmented into767

fragmented tokens.768

To mitigate representational disruption, we use769

Distribution-Aware Initialization. Let Ebase ∈770

RVbase×d be the base embedding matrix. We com-771

pute the dimension-wise mean µj and standard de-772

viation σj :773

µj =
1

Vbase

Vbase∑
i=1

Ei,j ,

σj =

√√√√ 1

Vbase

Vbase∑
i=1

(Ei,j − µj)2.

(1)774

New embeddings enew are sampled from775

N (µj , σ
2
j ), ensuring the new tokens reside on the776

pre-trained manifold.777

A.3 Training Configurations and Hardware778

The hyperparameters for pre-training (PT) and su-779

pervised fine-tuning (SFT) are detailed in Table 5,780

while the hardware platforms used for different781

model architectures are listed in Table 6.782

A.4 Evaluation Metrics and Rationale783

To comprehensively evaluate the impact of vo-784

cabulary scaling on both computational efficiency785

and task-specific quality, we establish a multi-786

dimensional metric system. This system captures787

the non-linear trade-offs between sequence com-788

pression and representational stability.789

For efficiency benchmarking, inference is con-790

ducted using the vLLM framework on NVIDIA791

A800 GPUs. To ensure consistent and reproducible792

results, we set the GPU memory utilization to 0.9,793

use a fixed random seed of 42, and configure the794

Table 5: Hyperparameters for PT and SFT stages.

Parameter Pre-training (PT) Fine-tuning (SFT)

Optimizer AdamW AdamW
Learning Rate 1e-4 2e-5
LR Scheduler Cosine Cosine

Trainable LoRA, Emb., Head
LoRA Targets All Linear

LoRA Rank (r) 128 (64 for 1.5B) 64
LoRA Alpha (α) 256 (128 for 1.5B) 128

Epochs 3.0 2.0
Batch Size 48 (Effective) 64 (Effective)
Max Length 2048 512 / 1516 (MT)

Table 6: Hardware environment per architecture.

Model Architecture Hardware Platform

Qwen3-8B / Qwen2.5-7B Huawei Ascend 910B4 NPU
Llama 2-7B Huawei Ascend 910B4 NPU
Qwen2.5-1.5B NVIDIA A800 GPU
Downstream Evaluation NVIDIA A800

generation with temperature set to 0 and Top-k 795

sampling disabled.Notably, to accommodate the 796

extensive scale of translation test sets and optimize 797

evaluation efficiency, we set the batch size to 4 798

for translation tasks to maximize VRAM utiliza- 799

tion and accelerate throughput. Each experiment 800

is repeated three times, and we report the average 801

values of latency and throughput. Table 7 provides 802

a detailed summary of these metrics and their lin- 803

guistic rationales. 804

A.5 Pareto Optimization and Robustness 805

Analysis Details 806

To identify the optimal vocabulary size V ∗ through 807

the Multi-Objective Optimization (MOO) frame- 808

work described in Section 3.3, we implement a 809
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Category Metrics Description and Linguistic Rationale

Efficiency Latency (E2E) Total time for the full pipeline, including tokenization, model forward pass, and
detokenization. Averaged over three runs to ensure stability.

Throughput Measured in Tokens Per Second (TPS) and Samples Per Second (SPS) to quantify
generation speed and processing capacity under the vLLM framework.

CR Compression Ratio (CR): Ratio of raw UTF-8 bytes to generated tokens. Reflects
the tokenizer’s ability to condense morphologically complex text.

Task-Specific Machine Translation BLEU / chrF: Standard translation accuracy. chrF is prioritized as it accounts for
character n-gram matches, making it more robust for agglutinative languages.

Text Summarization ROUGE-1/L / chrF: Measures information coverage and semantic density. ROUGE-
L captures longest common subsequences to evaluate fluency.

Text Classification Accuracy / Macro-F1: Evaluates the model’s discriminative performance in a
generative setting, ensuring fairness across imbalanced low-resource classes.

Tokenizer Quality Boundary F1 / IV Rate: Specifically used to diagnose the “Performance Degradation
Regime.” Boundary F1 measures segmentation precision, while IV Rate tracks
vocabulary coverage.

Table 7: Detailed summary of evaluation metrics for efficiency and downstream tasks, including their specific
linguistic rationales for Mongolian, Tibetan, and Uyghur.

three-stage mathematical pipeline: normalization,810

knee point identification, and stability validation.811

Hierarchical Normalization To ensure Scale In-812

variance across diverse metrics (e.g., BLEU, Accu-813

racy) and languages, we first apply min-max nor-814

malization to raw scores Sl,t for each language l815

and task t, followed by language-level aggregation816

Pl:817

S̄l,t =
Sl,t −minv∈V (Sl,t)

maxv∈V (Sl,t)−minv∈V (Sl,t) + ϵ
,

Pl =
1

|T |
∑
t∈T

S̄l,t,
(2)818

where ϵ = 10−8 is added for numerical stability.819

Knee Point Identification (Kneedle) We define820

a balanced score B(v) by weighting the aggregated821

quality utility and fairness against computational822

and resource costs:823

B(v) =
UQ(v) + IF (v)

2
− α · CE(v) + CR(v)

2
,

(3)824

where α = 0.5 balances the performance–825

efficiency trade-off. Following the Kneedle Al-826

gorithm (Satopaa et al., 2011), we map both the827

vocabulary scales v and scores B(v) to the unit828

interval [0, 1], resulting in normalized coordinates829

(ṽ, B̃(ṽ)). The optimal knee point V ∗ is the scale830

that maximizes the difference curve D(ṽ) before831

the onset of diminishing marginal utility:832

D(ṽ) = B̃(ṽ)− ṽ, V ∗ = argmax
ṽ

D(ṽ). (4)833

Robustness and Stability Metrics To verify the 834

engineering reliability of the identified V ∗, we em- 835

ploy two sensitivity indicators: 836

1. Ranking Stability: We use Shannon Entropy 837

H(v) to measure the stability of a config- 838

uration’s rank under N = 2000 Dirichlet- 839

sampled weight perturbations. The stability 840

score Stab(v) is defined as: 841

Stab(v) = 1−
−
∑

r pr log2(pr)

log2(|V |)
. (5) 842

2. Pareto Set Sensitivity: We use the Jaccard 843

Index J to measure the overlap between the 844

original Pareto-optimal set Porig and the set 845

under δ noise perturbation Ppert: 846

J =
|Porig ∩ Ppert|
|Porig ∪ Ppert|

. (6) 847

B Cross-Architecture Robustness 848

(Qwen2.5 Series) 849

This appendix provides a comprehensive analysis 850

of the Qwen2.5 series (1.5B and 7B) to validate 851

the generalizability of our findings regarding the 852

BBPE threshold effect and efficiency bottlenecks. 853

B.1 Performance Scaling and Scaling Penalty 854

As illustrated in Figure 9, the Qwen2.5 series repli- 855

cates the “decline-then-rise” performance trajec- 856

tory observed in Qwen3-8B. 857
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Figure 9: Performance trajectories for Qwen2.5-7B and 1.5B across MT, TS, and TC tasks, confirming the robustness
of the BBPE threshold effect.

Universal Inflection Point Regardless of model858

size (1.5B vs. 7B), the inflection point remains859

anchored at the 9,000-token threshold. This con-860

firms that the Performance Degradation Regime861

is a paradigm-level constraint inherent to BBPE,862

rather than a model-specific artifact.863

The Backlash Theory We observe a significant864

performance collapse in the 1.5B model at ultra-865

large scales (> 150k). We attribute this to the866

Embedding-to-Core Ratio: at 195k tokens, the em-867

bedding layer accounts for over 33% of the 1.5B868

model’s parameters, severely "squeezing" the core869

Transformer capacity and leading to unstable rep-870

resentation updates in data-sparse scenarios.871

B.2 Inference Throughput and Efficiency872

Reversal Analysis873

The Qwen2.5 series highlights the hardware-level874

constraints of vocabulary scaling. Figure 10 illus-875

trates the end-to-end inference latency and through-876

put (SPS) across Mongolian, Tibetan, and Uyghur877

downstream tasks.878

Task-Specific Volatility and the 1.5B Collapse879

Inference throughput reveals a stark contrast be-880

tween understanding (TC) and generative (MT, TS)881

tasks. For the Qwen2.5-1.5B model, understanding882

tasks exhibit a severe efficiency backlash: while883

throughput initially rises due to sequence compres-884

sion, it collapses and becomes highly volatile be-885

yond the 27k-token scale. This oscillatory pattern886

in SPS (Figure 10, bottom-right) confirms that for887

small-parameter models, the memory and compute888

overhead of the oversized embedding/Softmax lay-889

ers creates a bottleneck that negates the benefits of 890

shorter sequences. 891

Generative Paradox in Decoder-only Models 892

For generative tasks (MT and TS), throughput re- 893

mains significantly lower and less responsive to 894

vocabulary expansion compared to classification. 895

In the 1.5B model, MT and TS throughput remains 896

nearly flat or trends slightly downward at ultra- 897

large scales (>150k). This reinforces the paradox 898

discussed in Section 4.2: although larger vocab- 899

ularies reduce the number of decoding iterations, 900

the linear increase in per-step Softmax computa- 901

tion cost across the full trilingual space eventually 902

dominates the inference cycle, especially when the 903

core Transformer capacity is restricted. 904

Identification of the Stable Engineering Zone 905

In contrast to the 1.5B model’s volatility, the 906

Qwen2.5-7B architecture maintains a relatively sta- 907

ble throughput plateau between 27k and 79.5k to- 908

kens. Beyond 79.5k, even the 7B model begins 909

to exhibit diminishing returns in inference speed. 910

This empirical evidence validates our recommen- 911

dation of the 79.5k configuration as a robust engi- 912

neering “optimal trade-off point” that maximizes 913

sequence compression while maintaining represen- 914

tational and computational stability across both 915

model scales. 916

B.3 Detailed Training Efficiency and 917

Parameter Statistics 918

To provide a granular view of the trade-off between 919

sequence compression and architectural overhead, 920

we present the full experimental results for all ten 921

vocabulary expansion levels in Table 8. 922
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Figure 10: Inference throughput (SPS) and latency for Qwen2.5 series. The 1.5B model shows a clear reversal in
efficiency at the largest vocabulary sizes.

Parameter Inflation. As the vocabulary size (V )923

increases, the parameters in the embedding layer924

and the language modeling head grow linearly. For925

the 7B/8B class models, expanding to 195,000 to-926

kens adds approximately 1.5B to 1.6B parameters.927

While this represents a manageable increase (∼19–928

24%) for large models, it is disproportionately high929

for the 1.5B model, where the parameter count930

nearly doubles from 1.78B to 2.38B. This data sup-931

ports our “top-heavy” architecture hypothesis dis-932

cussed in Section 4.2.2.933

Training Duration and the Efficiency Paradox.934

The training duration (measured in hours) reveals935

two distinct phases:936

• Initial Dividend Phase: A precipitous drop937

in training time is observed across all mod-938

els when moving from 0 to 9,000 tokens.939

This is driven by the rapid increase in the To-940

kenization Compression Ratio (CR), which941

significantly reduces the total number of942

training tokens (and thus the number of for-943

ward/backward passes).944

• Saturation and Reversal: Beyond 79,500 to-945

kens, the reduction in training time plateaus as946

the overhead of computing a massive Softmax947

layer begins to offset the gains from sequence948

shortening. Most notably, the Qwen2.5-1.5B 949

model exhibits a severe efficiency reversal at 950

the 195,000 scale, with training time jumping 951

from 5.58h back to 9.39h. This confirms that 952

for smaller models, the computational cost 953

of an oversized output layer eventually out- 954

weighs any benefits of sequence reduction. 955

C Pareto Frontier Distribution and 956

Detailed Stability Analysis 957

C.1 BPE Path Analysis for Llama 2-7B 958

As a baseline grounded in the standard BPE 959

paradigm, Llama 2-7B exhibits robust Pareto char- 960

acteristics that differ fundamentally from the BBPE 961

architecture. As illustrated in Figure 12, Fig- 962

ure 11 and Figure 13, its decision knee point con- 963

sistently appears at 63, 000 tokens, a scale sub- 964

stantially smaller than the optimal range required 965

by BBPE-based models. In our stability eval- 966

uation, the 140-token baseline demonstrates ex- 967

ceptionally high ranking consistency. Although 968

the stability score declines at the 63, 000-token 969

mark—owing to its position within the competi- 970

tive performance-efficiency trade-off zone—its be- 971

havior under parameter perturbations remains rela- 972

tively linear and predictable. The Jaccard similarity 973

of the Pareto set decays gradually as perturbation 974
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Table 8: Impact of vocabulary expansion on training duration (hours) and parameter counts (billions) across four
representative LLMs. V denotes the number of newly added trilingual tokens (Mongolian, Tibetan, and Uyghur).

Vocab Size Llama 2-7B Qwen3-8B Qwen2.5-7B Qwen2.5-1.5B

(V ) Train (h) Params (B) Train (h) Params (B) Train (h) Params (B) Train (h) Params (B)

0 (Base) 82.98 6.74 71.51 8.19 57.05 7.62 19.93 1.78
140 47.00 6.74 54.81 8.19 47.37 7.62 15.82 1.78
9,000 20.17 6.81 24.35 8.26 19.69 7.68 6.90 1.80
18,000 18.57 6.89 22.45 8.34 18.86 7.74 6.38 1.83
27,000 17.84 6.96 21.60 8.41 18.32 7.81 6.13 1.86
37,689 17.12 7.05 20.91 8.50 17.48 7.88 5.92 1.89
63,000 16.26 7.25 19.93 8.70 16.74 8.06 5.69 1.97
79,500 16.04 7.39 19.61 8.84 16.27 8.18 5.64 2.02
96,000 15.96 7.52 19.35 8.97 15.69 8.30 5.59 2.07
150,000 15.58 7.97 19.15 9.42 16.19 8.69 5.58 2.24
195,000 15.46 8.33 19.20 9.79 16.61 9.01 9.39 2.38

Figure 11: Rank stability of vocabulary sizes under
parameter perturbations for Llama 2-7B. The 140-
token baseline shows the highest consistency, while
the 63,000-token knee point remains within the top two
ranks despite reduced stability due to its position in the
performance–efficiency trade-off zone.

intensity increases, and the original knee point con-975

sistently maintains a top-two average rank under976

noise. This confirms that the BPE paradigm of-977

fers a more predictable decision space by mono-978

tonically mitigating the inherent over-segmentation979

of low-resource languages; moderate vocabulary980

expansion (≈ 60k) can thus achieve an optimal bal-981

ance without the risk of representation disruption982

observed in BBPE.983

C.2 Robustness Analysis of Qwen2.5-7B984

Representing the predecessor architecture to985

Qwen3-8B, Qwen2.5-7B exhibits a pronounced986

discrepancy in knee point identification. As shown987

in Figure 14,Figure 15 and Figure 16, the decision988

knee point for this model is identified at 195, 000989

tokens. This reflects that in earlier architectures,990

the attention mechanism’s efficiency in capturing991

Figure 12: Pareto front of Llama 2-7B (BPE) across
vocabulary sizes, showing the trade-off between down-
stream task performance and model efficiency. The knee
point is consistently located at 63,000 tokens, indicat-
ing the optimal balance point under the standard BPE
paradigm.

morphological features remains heavily dependent 992

on a larger parameter mapping space when han- 993

dling ultra-large vocabularies. Regarding ranking 994

stability, the 18, 000-token configuration (averag- 995

ing 6k per language) is identified as the most stable, 996

with a stability score (1−Entropy) approaching 1.0 997

and a high probability of maintaining a Top-3 rank 998

across various weight distributions. The integrated 999

robustness heatmap reveals that although 195, 000 1000

is marked as the knee point, its stability under high- 1001

intensity parameter perturbation (10%) is slightly 1002

inferior to that of Qwen3. Specifically, the knee 1003

point shift exhibits a more significant upward trend 1004

as noise levels rise. This underscores that while the 1005

7B scale provides sufficient computational capac- 1006

ity, the degree of architectural optimization directly 1007
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Figure 13: Jaccard similarity of the Pareto-optimal set
under increasing perturbation intensity for Llama 2-7B.
The gradual decay demonstrates the robustness and pre-
dictability of the BPE-based decision space, supporting
the reliability of the 63,000-token knee point.

Figure 14: Pareto front for Qwen2.5-7B across vocabu-
lary sizes, illustrating the trade-off between normalized
quality/fairness and efficiency/resource costs. The knee
point is located at 195,000 tokens, indicating a strong
reliance on large vocabularies for performance satura-
tion in this predecessor architecture.

dictates the concentration and reliability of Pareto-1008

optimal solutions.1009

C.3 Validation of Capacity Bottlenecks in1010

Qwen2.5-1.5B1011

The experimental results for the small-scale1012

Qwen2.5-1.5B model strongly support the "capac-1013

ity constraint" hypothesis discussed in the main1014

text. As illustrated in Figure 17,Figure 18 and1015

Figure 19, stability scores for this model are gen-1016

erally low; even the 140-token baseline, identified1017

as the "most stable" configuration, exhibits signif-1018

icantly higher ranking fluctuations under weight1019

uncertainty compared to larger models. The de-1020

cision knee point is situated at 150, 000 tokens.1021

However, in our perturbation analysis, the Jaccard1022

Figure 15: Ranking stability under weight uncer-
tainty for Qwen2.5-7B. The 18,000-token configuration
achieves near-perfect stability (stability score ≈ 1.0)
and consistently ranks in the top three across diverse ob-
jective weightings, indicating robustness to preference
variations.

Figure 16: Parameter sensitivity and knee point robust-
ness for Qwen2.5-7B under increasing perturbation in-
tensity (1%–10%). The 195,000-token knee point shows
greater vulnerability to noise, with a pronounced in-
crease in knee point shift and reduced Pareto set stability
compared to Qwen3-8B.

similarity of its Pareto optimal set plummets to 1023

below 0.4 under 10% noise, and its knee point sta- 1024

bility score is markedly lower than that of 7B-class 1025

models. The integrated robustness heatmap fur- 1026

ther reveals that the high-robustness regions for 1027

the 1.5B model are extremely narrow and frag- 1028

mented. This indicates that architectures with a 1029

disproportionately high embedding layer ratio are 1030

hypersensitive to experimental hyperparameters 1031

and weight allocations. From an engineering per- 1032

spective, this instability demonstrates that forcibly 1033

adopting ultra-large vocabulary configurations in 1034

resource-constrained small models leads to a dra- 1035
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Figure 17: Pareto front of Qwen2.5-1.5B across vocabu-
lary sizes, revealing a knee point at 150,000 tokens. De-
spite achieving competitive performance at large scales,
the model exhibits limited capacity to stabilize trade-
offs between quality, fairness, and efficiency due to its
small parameter budget.

Figure 18: Ranking stability under objective weight
uncertainty for Qwen2.5-1.5B. Even the 140-token
baseline—the most stable configuration—shows sub-
stantial rank fluctuations, with stability scores signifi-
cantly lower than those of 7B-scale models.

matic increase in decision-making risk.1036

Figure 19: Pareto set robustness under parameter pertur-
bations for Qwen2.5-1.5B. The Jaccard similarity drops
below 0.4 at 10% noise intensity, and the knee point
exhibits high sensitivity to hyperparameter shifts, indi-
cating an unreliable decision space.
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