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Abstract001

We present the first systematic benchmark of002
parameter-efficient fine-tuning (PEFT) for low-003
resource neural machine translation (NMT)004
of indigenous languages of the Americas.005
We evaluate eight PEFT methods alongside006
full fine-tuning on NLLB-200-distilled-600M007
across 13 indigenous-to-Spanish language pairs008
spanning four resource tiers (357–125,008009
training sentences). OFT achieves the highest010
development-set chrF++ among PEFT methods011
(26.63) while training only 0.28% of parame-012
ters. LoRA offers a strong efficiency–quality013
tradeoff (25.27 chrF++, 0.19%). On held-out014
test data, full fine-tuning ranks first (25.12) with015
OFT a close second (25.06; p = 0.43). VeRA016
and Prefix Tuning consistently underperform.017
These results demonstrate that PEFT is a viable018
alternative to full fine-tuning for indigenous-019
language NMT.020

1 Introduction021

Of the world’s approximately 7,000 living lan-022

guages, only a small proportion have sufficient023

digital resources to benefit from modern natural024

language processing (Joshi et al., 2020). The in-025

digenous languages of the Americas are dispropor-026

tionately affected. Hundreds of languages span-027

ning dozens of language families are spoken across028

North, Central, and South America, yet most lack029

the parallel corpora, monolingual text, and stan-030

dardized orthographies that contemporary NMT031

systems require (Mager et al., 2021). Machine032

translation has the potential to support language033

documentation, education, and access to informa-034

tion for these communities, but only if effective035

systems can be built from the limited data avail-036

able.037

Multilingual pretrained models have emerged038

as the dominant approach to low-resource NMT.039

Models such as NLLB-200 (NLLB Team et al.,040

2022) cover over 200 languages and can be fine-041

tuned on new language pairs with relatively small042

amounts of parallel data. However, full fine-tuning 043

of these models by updating all 615 million param- 044

eters is computationally expensive, requires sub- 045

stantial GPU memory, and risks catastrophic for- 046

getting of the pretrained representations that make 047

transfer learning effective in the first place (Kirk- 048

patrick et al., 2017). PEFT methods address these 049

limitations by training only a small fraction of the 050

model’s parameters while keeping the pretrained 051

weights frozen or nearly so (Houlsby et al., 2019). 052

The landscape of PEFT methods has expanded 053

rapidly in recent years, with techniques ranging 054

from low-rank weight decompositions (Hu et al., 055

2022) to orthogonal transformations (Qiu et al., 056

2023) to learned activation scaling (Liu et al., 2022). 057

Each method makes different assumptions about 058

how model weights should be adapted and each 059

offers a different tradeoff between parameter effi- 060

ciency and expressiveness. Despite this growing 061

diversity, no systematic comparison of PEFT meth- 062

ods exists for low-resource indigenous-language 063

NMT. Prior PEFT benchmarks have focused on 064

high-resource or English-centric settings, leaving 065

the question open of which methods are most ef- 066

fective when parallel data is measured in hundreds 067

or thousands of sentences rather than millions. 068

This work addresses that gap. We make the fol- 069

lowing contributions: 070

1. The first comprehensive benchmark of eight 071

PEFT methods for indigenous-language NMT, 072

evaluated against a full fine-tuning baseline. 073

2. An analysis across 13 typologically diverse 074

language pairs spanning four resource tiers 075

(357–125,008 training sentences), revealing 076

how data availability interacts with method 077

effectiveness. 078

3. A quantification of the parameter-efficiency 079

vs. translation-quality tradeoff, identifying 080

Pareto-optimal methods. 081
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4. Practical guidelines for practitioners select-082

ing PEFT methods for underserved languages083

based on resource tier and compute budget.084

2 Background085

2.1 Low-Resource Neural Machine086

Translation087

Neural machine translation systems depend on088

large quantities of parallel text, and their perfor-089

mance degrades substantially when this data is090

scarce. For low-resource language pairs this de-091

pendence creates tension as the languages most092

in need of translation tools are precisely those for093

which training data is hardest to obtain. The prob-094

lem is compounded by morphological complexity.095

Many of the indigenous languages of the Americas096

are agglutinative or polysynthetic. They form long,097

meaning-dense words through the concatenation098

of many morphemes, which means that word-level099

models encounter a larger effective vocabulary and100

more severe data sparsity than they would for an-101

alytic languages. Standard tokenization schemes102

developed for European languages perform poorly103

on these morphological profiles. Automatic met-104

rics calibrated on word boundaries underestimate105

translation quality for systems that handle them106

well.107

Responses to these challenges have taken sev-108

eral forms. Transfer learning from high-resource109

languages, particularly via multilingual pretrained110

models, has become the dominant paradigm,111

exploiting the observation that representations112

learned across many languages share useful struc-113

ture (Joshi et al., 2020). The AmericasNLP shared114

tasks (2021–2025) have motivated community ef-115

forts specifically for indigenous language MT, pro-116

ducing parallel corpora, shared evaluation frame-117

works, and a growing set of competitive baselines.118

However, most published systems treat fine-tuning119

strategy as a secondary concern, focusing instead120

on data augmentation, back-translation, or ensem-121

ble methods. The question of which fine-tuning122

approach is most appropriate for this setting has123

received comparatively little systematic attention.124

2.2 Multilingual Pretrained Models for MT125

Phase 1 of this study compares three multilingual126

encoder-decoder candidates representing distinct127

pretraining philosophies: mBART-50 (Tang et al.,128

2021), a denoising-objective model covering 50 lan-129

guages; ByT5-small (Xue et al., 2022), a byte-level130

model robust to orthographic variation at the cost 131

of longer sequences; and NLLB-200 (NLLB Team 132

et al., 2022), trained specifically for translation 133

across 200 languages and the only candidate that 134

natively includes several of our target languages 135

(Quechua, Guarani, Aymara). 136

2.3 Parameter-Efficient Fine-Tuning 137

Parameter-efficient fine-tuning methods reduce the 138

cost of adapting large pretrained models by training 139

a small number of parameters while keeping the 140

pretrained weights frozen or nearly so. For low- 141

resource settings this both reduces memory and 142

compute demands and limits the degree to which 143

pretrained representations can be overwritten, par- 144

tially mitigating catastrophic forgetting. We eval- 145

uate eight PEFT methods spanning four method- 146

ological families. 147

Low-Rank Reparameterization. LoRA (Hu 148

et al., 2022) decomposes weight updates into a 149

product of two low-rank matrices, initialized to 150

zero so that training begins from the pretrained 151

model’s behavior; it has become the dominant 152

PEFT paradigm and serves as our natural base- 153

line. AdaLoRA (Zhang et al., 2023) adaptively 154

reallocates the rank budget across weight matri- 155

ces via SVD-based pruning. DoRA (Liu et al., 156

2024a) decomposes each weight into magnitude 157

and direction, applying LoRA-style updates only 158

to the directional component. VeRA (Kopiczko 159

et al., 2024) shares a single pair of frozen random 160

matrices across layers and learns only small per- 161

layer scaling vectors, reducing trainable parameters 162

dramatically. 163

Activation Scaling. IA³ (Liu et al., 2022) learns 164

three vectors per transformer layer that element- 165

wise rescale keys, values, and feedforward acti- 166

vations, introducing fewer trainable parameters 167

(∼74K, 0.01% of base) than any other method in 168

this benchmark. 169

Orthogonal Transformations. OFT (Qiu et al., 170

2023) constrains weight updates to be orthogonal 171

transformations, preserving the pairwise angular 172

relationships between neurons in the pretrained 173

weight matrix. This constraint is motivated by the 174

hypothesis that the relative geometry of learned 175

representations matters more than their absolute po- 176

sitions, and preserving this geometry limits catas- 177

trophic forgetting. The orthogonal matrices are 178

parameterized via a block-diagonal Cayley trans- 179

form which ensures orthogonality throughout train- 180

ing without requiring projection steps. BOFT (Liu 181
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et al., 2024b) factorizes this orthogonal transfor-182

mation using butterfly matrices, a structured sparse183

decomposition that allows information to propa-184

gate across all dimensions of the weight matrix,185

thus achieving a better expressiveness–parameter186

tradeoff than OFT’s block-diagonal structure.187

Prompt-Based Methods. Prefix Tuning (Li and188

Liang, 2021) prepends learnable continuous “vir-189

tual tokens” to the key and value matrices at every190

layer, modifying behavior by steering attention pat-191

terns rather than altering any pretrained weights192

directly. A small MLP reparameterizes the prefix193

during training and is discarded at inference.194

2.4 Evaluation Metrics for MT195

We adopt chrF++ (Popović, 2017) as the primary196

evaluation metric and report BLEU (Papineni et al.,197

2002) as a secondary metric for comparability198

with prior work. chrF++’s character-level n-gram199

F-score (augmented with word unigrams and bi-200

grams) is less sensitive to tokenization bound-201

aries than BLEU and rewards partial morpholog-202

ical matches, a critical property for agglutinative203

and polysynthetic languages where a single word204

may encode information that would span an en-205

tire clause in an analytic language. For the indige-206

nous languages in this study, many of which ex-207

hibit productive morphology and lack standardized208

orthographies, character-level evaluation captures209

meaningful overlap that word-level metrics miss210

entirely; BLEU additionally correlates poorly with211

human judgments under morphological richness212

(Bapna and Firat, 2019). All analytical conclusions213

are drawn from chrF++. Metric computations use214

SacreBLEU (Post, 2018).215

3 Methodology216

Our experimental design follows a three-phase217

structure.1 Phase 1 selects a base model from three218

multilingual pretrained candidates. Phase 2 bench-219

marks eight PEFT methods plus full fine-tuning on220

development data. Phase 3 evaluates the trained221

models on held-out test sets to assess generaliza-222

tion. All experiments are repeated with three ran-223

dom seeds (0, 1, 2) to estimate variance.224

3.1 Languages and Data225

We use parallel corpora for 13 indigenous-226

language-to-Spanish translation pairs drawn from227

1Code, configuration files, and experiment scripts are avail-
able at AnonymizedForReview.

Language Family Train Dev Tier

Quechua Quechuan 125,008 996 High
Wayuu Arawakan 59,715 6,635 High
Guarani Tupian 26,032 995 High
Awajun Jivaroan 21,964 1,018 Med.
Nahuatl Uto-Aztecan 16,063 672 Med.
Raramuri Uto-Aztecan 14,720 995 Med.
Shipibo-K. Panoan 14,592 996 Med.
Wixarika Uto-Aztecan 8,966 994 Low
Bribri Chibchan 7,508 996 Low
Aymara Aymaran 6,531 996 Low
Otomi Oto-Manguean 4,889 599 Low
Ashaninka Arawakan 3,883 883 V-Low
Chatino Oto-Manguean 357 499 V-Low

Table 1: Summary of the 13 indigenous-language-
to-Spanish translation pairs. Tier boundaries: very-
low (<5K), low (5K–10K), medium (10K–25K), high
(>25K training sentences).

the AmericasNLP shared-task datasets (Mager 228

et al., 2021; Ebrahimi et al., 2022, 2024). The 229

languages span 10 language families and exhibit 230

substantial typological diversity, including agglu- 231

tinative (Quechua, Aymara, Nahuatl), polysyn- 232

thetic (Ashaninka, Guarani), and tonal (Chatino, 233

Bribri, Otomi) profiles. Training set sizes range 234

from 357 sentences (Chatino) to 125,008 sentences 235

(Quechua), a 350-fold difference that motivates 236

grouping languages into four resource tiers for 237

analysis: very-low (<5K: Chatino, Ashaninka), 238

low (5K–10K: Otomi, Aymara, Bribri, Wixarika), 239

medium (10K–25K: Shipibo-Konibo, Raramuri, 240

Nahuatl, Awajun), and high (>25K: Guarani, 241

Wayuu, Quechua). These tiers are defined rela- 242

tive to the data available in this study; even the 243

high tier (up to 125K sentences) remains far be- 244

low what is typically available for high-resource 245

languages such as French or German. All data are 246

formatted as tab-separated parallel sentences with 247

NLLB-style language codes as column headers. Ta- 248

ble 1 summarizes the languages and data sizes. 249

3.2 Phase 1: Base Model Selection 250

We compare three multilingual pretrained models 251

as candidates for fine-tuning: NLLB-200-distilled- 252

600M (NLLB Team et al., 2022), mBART-large-50- 253

many-to-many (Tang et al., 2021), and ByT5-small 254

(Xue et al., 2022). To control for the adaptation 255

method, we apply LoRA with identical hyperpa- 256

rameters to each model and evaluate on a strati- 257

fied subset of four languages spanning the resource 258

tiers: Chatino (very-low), Bribri (low), Nahuatl 259

(medium), and Guarani (high). The model with the 260

highest mean chrF++ across languages and seeds 261
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Method Targets Params % Base

Full FT all 615.1M 100.00
AdaLoRA q, v 1,771K 0.29
OFT q, k, v, o 1,714K 0.28
LoRA q, v 1,181K 0.19
DoRA q, v 665K 0.11
VeRA q, v 616K 0.10
BOFT q, k, v, o 553K 0.09
Prefix Tuning – 492K 0.08
IA3 k, v, wo 74K 0.01

Table 2: Trainable parameter counts and percentage of
the 615M-parameter base model for each adaptation
method. Methods are ordered by parameter count.

is selected for all subsequent experiments.262

3.3 Model and Tokenizer Preparation263

The selected base model is NLLB-200-distilled-264

600M, an encoder-decoder transformer with ap-265

proximately 615 million parameters. Of the 13266

source languages, three—Quechua, Guarani, and267

Aymara—are natively present in the NLLB-200268

vocabulary. For the remaining 10 languages, we269

add a new language token to the tokenizer and270

initialize its embedding by copying from the Span-271

ish (spa_Latn) token embedding. This initializa-272

tion provides a reasonable starting point for the273

source language representation while requiring no274

additional training data. Embedding layers remain275

frozen during PEFT training.276

3.4 PEFT Method Configurations277

We evaluate eight PEFT methods spanning four278

methodological families, each configured follow-279

ing its original paper’s recommendations. Full280

per-method hyperparameters are provided in Ap-281

pendix A. Table 2 summarizes the trainable param-282

eter counts.283

3.5 Training Configuration284

All experiments share a common training configu-285

ration. We train for a maximum of 15 epochs with286

an effective batch size of 64 (per-device batch size287

16 with 4 gradient accumulation steps). The opti-288

mizer is AdamW with weight decay 0.01, warmup289

ratio 0.06, and label smoothing 0.1. The default290

learning rate is 1 × 10−3 for all PEFT methods291

except DoRA, which uses 5×10−4 for training sta-292

bility; full fine-tuning uses 3×10−5. Training uses293

mixed-precision bf16 arithmetic where supported.294

We evaluate at the end of each epoch using295

greedy decoding (beam size 1) and save the model296

checkpoint that achieves the highest development- 297

set chrF++. Early stopping with a patience of 5 298

epochs terminates training if no improvement is 299

observed. The maximum sequence length is 128 300

tokens for both source and target. 301

3.6 Inference and Evaluation 302

At inference time, PEFT adapter weights are 303

merged into the base model for all methods ex- 304

cept Prefix Tuning, which retains its PEFT wrapper 305

due to architectural incompatibility with weight 306

merging. Translations are generated using greedy 307

decoding (beam size 1) with a maximum output 308

length of 128 tokens, consistent with the decoding 309

strategy used during development-set evaluation. 310

We compute chrF++ (Popović, 2017) as the pri- 311

mary metric and BLEU (Papineni et al., 2002) as a 312

secondary metric, both via the SacreBLEU imple- 313

mentation (Post, 2018). chrF++ uses word order 314

2 (i.e., word unigrams and bigrams as additional 315

features beyond character n-grams). 316

3.7 Statistical Analysis 317

We assess statistical significance using paired boot- 318

strap resampling (Koehn, 2004) with 10,000 re- 319

samples and a two-sided test. Each method com- 320

parison is based on 13 paired observations (one 321

mean chrF++ score per language pair, averaged 322

over three seeds). We adopt a significance thresh- 323

old of p < 0.05. 324

4 Results 325

4.1 Phase 1: Base Model Selection 326

Table 3 compares the three candidate base mod- 327

els. NLLB-200-distilled-600M achieves the high- 328

est mean chrF++ (26.13) across the four evalua- 329

tion languages, outperforming mBART-large-50 330

(24.32) by 1.81 points and ByT5-small (13.92) by 331

12.21 points. The gap between NLLB and mBART 332

is moderate but consistent, while ByT5 lags sub- 333

stantially, likely due to its byte-level tokenization 334

producing very long sequences that exceed the 335

128-token training limit. NLLB also trains fastest 336

(0.47 hours/run vs. 0.59 for mBART and 0.70 for 337

ByT5). Based on these results, we select NLLB- 338

200-distilled-600M as the base model for all subse- 339

quent experiments. 340
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Model chrF++ BLEU Hours

NLLB-200-600M 26.13 7.78 0.47
mBART-large-50 24.32 5.81 0.59
ByT5-small 13.92 1.21 0.70

Table 3: Phase 1 model selection. Mean chrF++ and
BLEU across four languages (Chatino, Bribri, Nahuatl,
Guarani) and three seeds, all using LoRA adaptation.
Hours = mean training time per language-seed run.

Method chrF++ BLEU Hours

OFT 26.63 7.82 1.63
Full FT 26.13 7.84 0.96
LoRA 25.27 7.16 0.88
AdaLoRA 23.77 6.27 0.94
DoRA 23.50 6.10 1.29
BOFT 22.99 5.90 2.56
IA3 21.03 5.00 0.86
Prefix Tuning 19.63 4.01 0.66
VeRA 18.69 4.14 0.97

Table 4: Phase 2 development-set results. Mean chrF++
and BLEU across 13 language pairs and 3 seeds. Hours
= mean training time per language-seed run.

4.2 Phase 2: Development Set Performance341

4.2.1 Overall Method Ranking342

Table 4 presents the overall development-set results.343

OFT achieves the highest mean chrF++ (26.63),344

followed closely by full fine-tuning (26.13) and345

LoRA (25.27). The top three methods are sepa-346

rated by just 1.36 chrF++ points, while the gap be-347

tween the best and worst methods (OFT vs. VeRA)348

spans 7.94 points. Notably, OFT surpasses full fine-349

tuning while training only 0.28% of the parameters,350

demonstrating that parameter efficiency need not351

come at the cost of translation quality.352

The middle tier—AdaLoRA (23.77), DoRA353

(23.50), and BOFT (22.99)—achieves moderate354

performance, trailing LoRA by 2.3–3.6 points de-355

spite similar or fewer trainable parameters. The356

bottom tier—IA3 (21.03), Prefix Tuning (19.63),357

and VeRA (18.69)—shows that the most parameter-358

efficient methods sacrifice substantial translation359

quality.360

Full fine-tuning achieves the highest BLEU361

(7.84) despite ranking second in chrF++, reflect-362

ing chrF++’s greater sensitivity to character-level363

overlap in morphologically rich languages.364

4.2.2 Per-Language Results365

OFT wins the most language pairs on the devel-366

opment set, achieving the highest chrF++ for 9 of367

13 languages. Full fine-tuning wins 3 languages368

Method chrF++ BLEU

Full FT 25.12 7.18
OFT 25.06 6.27
LoRA 22.70 5.32
BOFT 21.46 4.76
AdaLoRA 21.27 5.03
DoRA 20.94 4.76
IA3 20.19 4.57
Prefix Tuning 19.57 3.80
VeRA 18.43 3.86

Table 5: Phase 3 test-set results. Mean chrF++ and
BLEU across 13 language pairs and 3 seeds.

(Aymara, Wayuu, Quechua—all in the high tier), 369

and VeRA wins 1 (Guarani, by a negligible margin). 370

No single method dominates across all languages, 371

but the top-three methods (OFT, Full, LoRA) are 372

remarkably consistent, each appearing in the top 3 373

for at least 10 of 13 language pairs. Lower-ranked 374

methods show high variance—Prefix Tuning, for 375

instance, achieves 23.75 chrF++ on Chatino (out- 376

performing LoRA) but only 12.21 on Raramuri. 377

4.2.3 Performance by Resource Tier 378

Performance varies substantially across resource 379

tiers. In the very-low tier (<5K sentences), OFT 380

leads by a wide margin (23.98 chrF++), outper- 381

forming the second-best method (full fine-tuning, 382

20.69) by 3.29 points. This advantage narrows in 383

the low tier (OFT 26.04 vs. full 25.57) and medium 384

tier (OFT 24.94 vs. full 24.64). In the high tier 385

(>25K sentences), full fine-tuning takes the lead 386

(32.51 vs. OFT 31.45), suggesting that full parame- 387

ter updates become advantageous when sufficient 388

data are available. 389

LoRA consistently ranks third across all tiers, 390

maintaining a 1–2 point gap behind the leader. The 391

bottom-tier methods (Prefix Tuning, VeRA) show 392

the steepest performance degradation as data de- 393

creases: VeRA drops from 27.94 chrF++ in the 394

high tier to 11.07 in the very-low tier, a 16.87-point 395

decline. 396

4.3 Phase 3: Test Set Performance 397

4.3.1 Overall Test Results 398

Table 5 presents the held-out test results. Full fine- 399

tuning achieves the highest mean chrF++ (25.12), 400

narrowly surpassing OFT (25.06). LoRA remains 401

third (22.70), followed by BOFT (21.46) and 402

AdaLoRA (21.27). The bottom three methods 403

maintain their rankings: IA3 (20.19), Prefix Tuning 404

(19.57), and VeRA (18.43). 405
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On the test set, full fine-tuning wins 8 of 13406

language pairs, with OFT winning the remaining407

5. OFT retains its advantage on very-low-tier lan-408

guages (Chatino, Ashaninka) and several low-tier409

pairs, while full fine-tuning dominates the medium410

and high tiers.411

4.3.2 Dev-to-Test Generalization412

Method rankings are largely stable between devel-413

opment and test sets. Six of nine methods retain414

their dev-set rank on the test set; the largest rank415

change is BOFT, which rises from 6th to 4th. The416

top-two swap (OFT → 2nd, Full → 1st) reflects a417

difference of only 0.06 chrF++ on test, well within418

noise.419

Dev-to-test chrF++ drops vary considerably420

across methods. LoRA (−2.57), DoRA (−2.56),421

and AdaLoRA (−2.51) show the largest degrada-422

tion, suggesting some overfitting to development423

data. Full fine-tuning (−1.01) and OFT (−1.57)424

degrade moderately. Prefix Tuning (−0.06) and425

VeRA (−0.27) show minimal dev-to-test gaps,426

though this stability reflects consistently low per-427

formance rather than robust generalization.428

4.4 Parameter Efficiency Analysis429

Figure 1 shows that parameter count is a poor430

predictor of translation quality: OFT (1.71M pa-431

rameters) outperforms AdaLoRA (1.77M) by 2.86432

chrF++ despite nearly identical budgets, and IA3433

(74K) outperforms VeRA (616K) by 2.33 points434

with 8× fewer parameters, confirming that adapta-435

tion mechanism matters more than parameter count.436

Evaluated against three objectives simultaneously—437

maximize chrF++, minimize trainable parameters,438

and minimize training time—seven of nine meth-439

ods are Pareto-optimal, each taking a unique po-440

sition on the tradeoff frontier: OFT at the quality441

front, IA3 at the minimum-parameter front, Prefix442

Tuning at the minimum-time front, and LoRA, Full443

FT, DoRA, and BOFT at intermediate positions.444

Only AdaLoRA and VeRA are fully dominated:445

LoRA strictly beats AdaLoRA on all three dimen-446

sions, and IA3 strictly beats VeRA; practitioners447

have no reason to prefer either method.448

4.5 Statistical Significance449

Paired bootstrap resampling (10,000 resamples,450

two-sided, α = 0.05) was applied to both the451

development and test sets; full results are in Ap-452

pendix B. On the development set, 32 of 36 pair-453

wise comparisons are significant. The four non-454

significant pairs are: Full vs. OFT (p = 0.097), 455

AdaLoRA vs. DoRA (p = 0.052), IA3 vs. Prefix 456

Tuning (p = 0.135), and Prefix Tuning vs. VeRA 457

(p = 0.229). 458

On the test set, 29 of 36 comparisons are signif- 459

icant. Full vs. OFT becomes even less significant 460

(p = 0.425), further supporting the central find- 461

ing that there is no statistically significant differ- 462

ence between the two methods. Three additional 463

pairs lose significance on test: AdaLoRA vs. BOFT 464

(p = 0.291), IA3 vs. Prefix Tuning (p = 0.293), 465

and AdaLoRA vs. Prefix Tuning (p = 0.111), 466

along with BOFT vs. Prefix Tuning (p = 0.074) 467

and DoRA vs. Prefix Tuning (p = 0.136). These 468

new non-significant pairs cluster around Prefix Tun- 469

ing, reflecting that the bottom tier of methods are 470

genuinely close in absolute performance and their 471

small differences are overwhelmed by noise on 472

held-out data. 473

Across both sets, the non-significance of Full 474

vs. OFT is the most consequential result: there is 475

no statistically significant difference in translation 476

quality between OFT and full fine-tuning, while 477

OFT trains fewer than 0.3% of the parameters. This 478

is the central finding of the study. 479

4.6 Error Analysis 480

Aggregate metrics like chrF++ and BLEU sum- 481

marize translation quality as a single number, but 482

two methods with similar scores can exhibit qual- 483

itatively different failure modes. To characterize 484

these differences, we compute four diagnostic met- 485

rics over the test-set translations: repetition, source 486

copy ratio, length ratio, and entity preservation F1. 487

Repetition measures self-repetition as 1 − 488

(unique n-grams/total n-grams), macro-averaged 489

over n ∈ {1, 2, 3} (range [0, 1]; lower is bet- 490

ter). Source copy ratio computes the multi-set 491

intersection of hypothesis tokens with source to- 492

kens, divided by hypothesis length (range [0, 1]; 493

lower is better), capturing the degree to which the 494

model copies source text rather than translating. 495

Length ratio divides hypothesis length by refer- 496

ence length (ideal = 1.0); values below 1 indicate 497

under-generation and values above 1 indicate over- 498

generation, aggregated via the median at the sen- 499

tence level to resist outliers. Entity F1 extracts 500

numeric entities from hypothesis and reference via 501

regex and computes F1 over their multi-set overlap 502

(range [0, 1]; higher is better), restricted to the sub- 503

set of sentences whose reference contains at least 504

one entity. 505
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Figure 1: Efficiency–quality tradeoff across all nine methods (development set). Each bubble is one method; bubble
area is proportional to mean training hours per language-pair run (BOFT largest at 2.6 h; Prefix Tuning smallest
at 0.7 h). Filled circles are Pareto-optimal across three objectives simultaneously (maximize chrF++, minimize
trainable parameters, minimize training time); hollow circles (AdaLoRA, VeRA) are strictly dominated on all three.
Full FT sits at 615M parameters (far right); all PEFT methods fall below 2M.
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Figure 2: Heatmap of diagnostic metrics by method.
Color intensity reflects relative severity (normalized per
column); yellow indicates better performance and red
indicates worse. Cell values are raw (un-normalized)
scores.

Full diagnostic metrics are reported in Ap-506

pendix C, and Figure 2 summarizes the failure pro-507

files. OFT and full fine-tuning produce the least508

repetition (0.080 and 0.084 respectively) and low-509

est source copy ratios (0.045 and 0.041), confirm-510

ing that their chrF++ advantage reflects genuinely511

cleaner translations rather than superficial n-gram512

matching. Full fine-tuning also achieves the length513

ratio closest to 1.0 (1.214), while all other methods514

over-generate by 28–63%.515

However, aggregate chrF++ rankings do not pre-516

dict all dimensions of quality. Full fine-tuning517

achieves the best chrF++ but the third-worst entity 518

F1 (0.484), behind only Prefix Tuning (0.390) and 519

VeRA (0.481), indicating that it drops or distorts 520

numeric content more often than most PEFT meth- 521

ods. Conversely, IA3—which ranks 7th in chrF++— 522

achieves the best entity F1 (0.541), suggesting 523

that its minimal activation-scaling intervention pre- 524

serves factual content more faithfully than methods 525

that modify weight matrices directly. VeRA ex- 526

hibits the worst repetition (0.177) and source copy 527

ratio (0.116), consistent with its low chrF++ and 528

suggesting that its shared-random-matrix parame- 529

terization struggles to learn a genuine translation 530

function under low-resource conditions. 531

Failure modes intensify as training data de- 532

creases. In the very-low resource tier (<5K sen- 533

tences), repetition scores roughly triple compared 534

to the high tier for most methods: AdaLoRA 535

rises from 0.105 to 0.427, and BOFT from 0.123 536

to 0.404. Length ratios become extreme, with 537

AdaLoRA (2.99), BOFT (2.85), and DoRA (2.83) 538

producing hypotheses nearly three times the ref- 539

erence length—a signature of repetitive over- 540

generation. OFT degrades most gracefully: its 541

very-low repetition (0.216) and length ratio (1.59) 542

remain the best in the tier, which explains the 3- 543

point chrF++ margin it holds over all other methods 544

in that setting. The full breakdown by resource tier 545

is provided in Appendix D. 546
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5 Conclusion547

5.1 Summary of Findings548

This study compared eight PEFT methods and full549

fine-tuning for neural machine translation of 13550

indigenous languages of the Americas into Spanish.551

Four findings stand out.552

First, OFT and full fine-tuning do not differ553

significantly in translation quality (p = 0.097),554

with OFT training only 0.28% of the base model’s555

parameters. On the development set, OFT leads556

(26.63 chrF++); on the held-out test set, full fine-557

tuning leads marginally (25.12 vs. 25.06). This558

demonstrates that orthogonal transformations pre-559

serve pretrained knowledge effectively under data560

scarcity.561

Second, PEFT method effectiveness interacts562

strongly with data availability. OFT excels in the563

very-low tier (<5K sentences), leading full fine-564

tuning by 3.29 chrF++ points on dev and 3.00565

points on test. Full fine-tuning takes the lead in566

the high tier (>25K sentences), where sufficient567

data mitigate overfitting. LoRA offers consistent568

third-place performance across all tiers.569

Third, parameter count alone does not predict570

translation quality. OFT (1.71M parameters) out-571

performs AdaLoRA (1.77M) by 2.86 chrF++ points572

despite similar parameter budgets, and IA3 (74K573

parameters) outperforms VeRA (616K) by 2.33574

points despite having 8× fewer parameters. The575

adaptation mechanism matters more than the num-576

ber of trainable parameters.577

Fourth, error analysis reveals that aggregate578

scores mask method-specific failure profiles. Full579

fine-tuning achieves the best chrF++ but the third-580

worst entity preservation F1 (0.484), while IA3581

shows the opposite pattern (7th in chrF++, best582

entity F1 at 0.541). This suggests that method se-583

lection should consider which dimensions of trans-584

lation quality matter most for a given application,585

not just a single aggregate score.586

5.2 Practical Recommendations587

For practitioners working with low-resource indige-588

nous languages, we offer the following guidance:589

• Base model: NLLB-200-distilled-600M pro-590

vides the strongest starting point among the591

models tested, particularly for languages not592

in its pretraining vocabulary.593

• Default PEFT method: OFT is recom-594

mended as the default choice, achieving the595

best or near-best quality across resource levels 596

with a 359× parameter reduction. 597

• Speed-constrained settings: LoRA offers a 598

strong alternative with training time half that 599

of OFT and consistently strong performance. 600

• Very-low-tier languages: OFT is particularly 601

advantageous when training data is extremely 602

scarce (<5K sentences), outperforming all al- 603

ternatives by a substantial margin. 604

• Methods to avoid: VeRA and Prefix Tuning 605

consistently underperform, ranking 8th–9th 606

across conditions. BOFT requires the most 607

training time while achieving below-median 608

quality. 609

5.3 Future Work 610

Future work should explore bidirectional transla- 611

tion (Spanish to indigenous languages), larger base 612

models (NLLB-200-1.3B, 3.3B), per-method hy- 613

perparameter optimization (e.g., rank sweeps for 614

LoRA, target module ablations for OFT), combi- 615

nations of PEFT methods, data augmentation via 616

back-translation for very-low tiers, and human eval- 617

uation with indigenous language community mem- 618

bers. 619

Limitations 620

Target module configurations differ across PEFT 621

methods, following each method’s original paper 622

recommendations rather than a single standardized 623

configuration. This means methods differ in both 624

adaptation mechanism and scope of modified pa- 625

rameters, which is realistic for practitioners but 626

prevents a pure apples-to-apples comparison of 627

mechanisms. 628

Learning rates differ across conditions: 1×10−3 629

for most PEFT methods, 5× 10−4 for DoRA, and 630

3 × 10−5 for full fine-tuning. These rates reflect 631

necessary tuning for training stability but introduce 632

an additional variable. 633

No per-method hyperparameter search was con- 634

ducted (e.g., rank sweeps for LoRA, target module 635

ablations). All methods use a single recommended 636

configuration; results therefore reflect default per- 637

formance rather than each method’s ceiling. 638

Statistical power is limited by n = 13 language 639

pairs for the paired bootstrap test. While 32 of 640

36 pairwise comparisons reach significance, only 641

large systematic differences are detectable at this 642

sample size. 643
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ByT5-small (∼300M parameters) is substan-644

tially smaller than NLLB (∼615M) and mBART645

(∼611M), making the Phase 1 comparison not646

purely architecture-controlled.647

Evaluation relies on automatic metrics only648

(chrF++, BLEU). Human evaluation of translation649

quality, adequacy, and fluency would provide com-650

plementary insight, particularly for morphologi-651

cally complex languages where automatic metrics652

may not capture meaning preservation.653

All translations are unidirectional (indigenous654

language to Spanish). The reverse direction poses655

different challenges (generation in morphologically656

rich languages) and may yield different method657

rankings.658

Greedy decoding (beam size 1) was used659

throughout for consistency. Beam search could al-660

ter relative method rankings, particularly for meth-661

ods that produce higher-entropy output distribu-662

tions.663

Only one base model scale was tested (600M664

distilled). Results may not transfer to larger NLLB665

variants (1.3B, 3.3B), where the relative advantage666

of PEFT over full fine-tuning could differ.667

Ethical Statement668

All parallel corpora used in this work were drawn669

from the AmericasNLP shared-task datasets, which670

were compiled in collaboration with indigenous671

language communities and released for research672

purposes. We have not collected, redistributed,673

or modified any community data, and we follow674

the terms under which these datasets were made675

available.676

The goal of this research is to lower the com-677

putational barrier to building NMT systems for678

underserved languages rather than to produce679

deployment-ready translation tools. The chrF++680

scores reported here, while meaningful for bench-681

marking, reflect the inherent difficulty of low-682

resource MT: translations generated by these sys-683

tems may be fluent but inaccurate. Any practical684

use of models trained on these data should involve685

review by speakers of the target language commu-686

nity.687

We recognize that the development of NLP tools688

for endangered and minority languages carries both689

promise and risk. At best, such tools support lan-690

guage documentation, education, and access to in-691

formation. At worst, they can be used to displace692

human translators, misrepresent community voices,693

or create a false impression of language vitality. 694

We encourage future work in this space to be con- 695

ducted in partnership with the communities whose 696

languages are involved. 697
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A PEFT Method Configurations845

Each method is configured following the recom-846

mendations in its original paper rather than impos-847

ing a single standardized configuration across all848

methods. We consider this the most informative849

comparison for practitioners as it reflects the per-850

formance each method achieves under its intended851

operating conditions.852

LoRA: rank 8, α = 16, dropout 0.1, targeting853

query and value projections (q, v).854

AdaLoRA: initial rank 12, target rank 8, α =855

16, dropout 0.1, targeting q and v, with orthogonal-856

ity regularization weight 0.5.857

DoRA: rank 4, α = 16, dropout 0.1, targeting q858

and v, with weight decomposition into magnitude859

and direction components enabled.860

VeRA: rank 256, targeting q and v, with shared861

frozen random matrices and learned per-layer scal-862

ing vectors initialized to 0.1.863

IA3: targeting key, value, and feedforward out-864

put projections (k, v, wo), with scaling vectors865

initialized to 1.0 (identity).866

OFT: rank 32, targeting all attention projections867

(q, k, v, o), with block-diagonal Cayley parameteri-868

zation initialized to the identity transformation.869

BOFT: block size 4, butterfly factor 1, targeting870

q, k, v, and o projections.871

Prefix Tuning: 20 virtual tokens with MLP repa-872

rameterization during training.873

Full fine-tuning serves as the baseline, updating874

all 615 million parameters.875

A noteworthy design choice is that low-rank876

methods (LoRA, AdaLoRA, DoRA, VeRA) target877

only query and value projections, while orthogo-878

nal methods (OFT, BOFT) target all four attention879

projections. This follows the respective authors’880

recommendations and reflects a real-world prac-881

titioner scenario, although it means the methods882

differ in mechanism and scope.883

B Pairwise Bootstrap Significance Tests884

Tables 6 and 7 report all 36 pairwise bootstrap885

significance tests on the development and test886

sets respectively. Each test uses 10,000 paired887

resamples over 13 language pairs, two-sided, at888

α = 0.05. ∆chrF++ = chrF++(Method A) −889

chrF++(Method B); Method A is always the higher-890

scoring method so ∆ > 0 throughout. Rows are891

sorted by ∆chrF++ descending within each signif-892

icance tier; a horizontal rule separates significant893

(p < 0.05) from non-significant pairs.894

Method A Method B ∆chrF++ p Sig.

OFT VeRA 7.94 <0.001 ✓
Full FT VeRA 7.44 <0.001 ✓
OFT Prefix Tuning 7.00 <0.001 ✓
LoRA VeRA 6.57 <0.001 ✓
Full FT Prefix Tuning 6.50 <0.001 ✓
LoRA Prefix Tuning 5.63 <0.001 ✓
OFT IA3 5.60 <0.001 ✓
Full FT IA3 5.10 <0.001 ✓
AdaLoRA VeRA 5.08 <0.001 ✓
DoRA VeRA 4.81 <0.001 ✓
BOFT VeRA 4.29 <0.001 ✓
LoRA IA3 4.24 <0.001 ✓
OFT BOFT 3.65 <0.001 ✓
Full FT BOFT 3.15 <0.001 ✓
OFT DoRA 3.13 <0.001 ✓
OFT AdaLoRA 2.86 <0.001 ✓
Full FT DoRA 2.63 <0.001 ✓
AdaLoRA IA3 2.74 <0.001 ✓
Full FT AdaLoRA 2.36 <0.001 ✓
LoRA BOFT 2.28 <0.001 ✓
DoRA IA3 2.47 <0.001 ✓
IA3 VeRA 2.33 <0.001 ✓
BOFT IA3 1.96 <0.001 ✓
LoRA DoRA 1.77 <0.001 ✓
LoRA AdaLoRA 1.49 <0.001 ✓
OFT LoRA 1.36 <0.001 ✓
Full FT LoRA 0.86 <0.001 ✓
AdaLoRA Prefix Tuning 4.14 0.002 ✓
DoRA Prefix Tuning 3.87 0.003 ✓
BOFT Prefix Tuning 3.35 0.003 ✓
AdaLoRA BOFT 0.79 0.016 ✓
DoRA BOFT 0.52 0.017 ✓

AdaLoRA DoRA 0.27 0.052
OFT Full FT 0.50 0.097
IA3 Prefix Tuning 1.39 0.135
Prefix Tuning VeRA 0.94 0.229

Table 6: All 36 pairwise bootstrap significance tests,
development set (Phase 2). Sorted by ∆chrF++ de-
scending within each tier.

C Aggregate Error Analysis 895

Table 8 reports four diagnostic metrics averaged 896

across all 13 language pairs and 3 seeds on the test 897

set. Metric definitions are given in Section 4.6. 898

D Error Analysis by Resource Tier 899

Table 9 provides the full breakdown of diagnos- 900

tic metrics by method and resource tier, aggre- 901

gated across languages within each tier and across 902

3 seeds. 903
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Method A Method B ∆chrF++ p Sig.

Full FT VeRA 6.69 <0.001 ✓
OFT VeRA 6.64 <0.001 ✓
Full FT Prefix Tuning 5.55 <0.001 ✓
OFT Prefix Tuning 5.49 <0.001 ✓
Full FT IA3 4.93 <0.001 ✓
OFT IA3 4.87 <0.001 ✓
LoRA VeRA 4.27 <0.001 ✓
Full FT DoRA 4.17 <0.001 ✓
OFT DoRA 4.12 <0.001 ✓
Full FT AdaLoRA 3.85 <0.001 ✓
OFT AdaLoRA 3.80 <0.001 ✓
Full FT BOFT 3.66 <0.001 ✓
OFT BOFT 3.60 <0.001 ✓
LoRA Prefix Tuning 3.12 <0.001 ✓
BOFT VeRA 3.03 <0.001 ✓
AdaLoRA VeRA 2.84 <0.001 ✓
DoRA VeRA 2.52 <0.001 ✓
LoRA IA3 2.50 <0.001 ✓
Full FT LoRA 2.42 <0.001 ✓
OFT LoRA 2.37 <0.001 ✓
IA3 VeRA 1.77 <0.001 ✓
LoRA DoRA 1.75 <0.001 ✓
LoRA AdaLoRA 1.43 <0.001 ✓
BOFT IA3 1.27 <0.001 ✓
AdaLoRA IA3 1.07 <0.001 ✓
LoRA BOFT 1.24 0.004 ✓
DoRA IA3 0.75 0.005 ✓
BOFT DoRA 0.52 0.026 ✓
AdaLoRA DoRA 0.32 0.043 ✓

BOFT Prefix Tuning 1.89 0.074
AdaLoRA Prefix Tuning 1.69 0.111
DoRA Prefix Tuning 1.37 0.136
Prefix Tuning VeRA 1.15 0.144
BOFT AdaLoRA 0.19 0.291
IA3 Prefix Tuning 0.62 0.293
Full FT OFT 0.06 0.425

Table 7: All 36 pairwise bootstrap significance tests, test
set (Phase 3). Sorted by ∆chrF++ descending within
each tier. Note that Full FT and OFT are the final non-
significant pair (p = 0.425), with Full FT leading OFT
by only 0.06 chrF++ on held-out data.

Method Repetition Copy Ratio Length Ratio Entity F1

OFT 0.080 0.045 1.279 0.540
Full FT 0.084 0.041 1.214 0.484
LoRA 0.125 0.046 1.394 0.540
BOFT 0.145 0.070 1.554 0.524
AdaLoRA 0.150 0.049 1.569 0.538
IA3 0.155 0.090 1.435 0.541
DoRA 0.157 0.057 1.553 0.540
Prefix Tuning 0.176 0.065 1.634 0.390
VeRA 0.177 0.116 1.551 0.481

Table 8: Error analysis: diagnostic metrics averaged
across 13 language pairs and 3 seeds on the test set. Bold
indicates best value per column (lowest for Repetition
and Copy Ratio, closest to 1.0 for Length Ratio, highest
for Entity F1).
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Method Tier Repetition Copy Ratio Length Ratio Entity F1

Full FT high 0.049 0.035 1.043 0.510
OFT high 0.077 0.035 1.122 0.552
LoRA high 0.101 0.040 1.178 0.584
AdaLoRA high 0.105 0.038 1.161 0.590
BOFT high 0.123 0.040 1.192 0.520
VeRA high 0.129 0.033 1.109 0.535
DoRA high 0.131 0.041 1.205 0.596
Prefix Tuning high 0.143 0.037 1.225 0.421
IA³ high 0.146 0.037 1.180 0.569
OFT low 0.044 0.055 1.240 0.615
Full FT low 0.060 0.037 1.228 0.542
BOFT low 0.062 0.083 1.279 0.603
LoRA low 0.072 0.046 1.320 0.587
AdaLoRA low 0.076 0.063 1.287 0.607
DoRA low 0.077 0.077 1.288 0.596
IA³ low 0.083 0.105 1.282 0.606
Prefix Tuning low 0.091 0.094 1.465 0.475
VeRA low 0.127 0.150 1.428 0.531
Full FT medium 0.043 0.051 1.139 0.430
OFT medium 0.051 0.047 1.281 0.484
LoRA medium 0.102 0.054 1.396 0.493
BOFT medium 0.114 0.092 1.451 0.494
AdaLoRA medium 0.119 0.049 1.448 0.484
IA³ medium 0.122 0.132 1.347 0.499
DoRA medium 0.131 0.058 1.441 0.494
VeRA medium 0.195 0.155 1.552 0.422
Prefix Tuning medium 0.222 0.069 1.951 0.283
OFT very-low 0.216 0.036 1.589 0.487
Full FT very-low 0.268 0.035 1.595 0.433
Prefix Tuning very-low 0.305 0.038 1.950 0.388
VeRA very-low 0.310 0.094 2.456 0.418
LoRA very-low 0.315 0.040 1.862 0.473
IA³ very-low 0.377 0.056 2.301 0.450
BOFT very-low 0.404 0.047 2.852 0.435
DoRA very-low 0.406 0.043 2.827 0.436
AdaLoRA very-low 0.427 0.041 2.990 0.429

Table 9: Diagnostic metrics by method and resource tier (test set). Within each tier, methods are sorted by repetition
(ascending).
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