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Abstract001

Low-resource languages (LRLs) with complex002
morphosyntax and limited usable parallel data003
remain challenging for modern translation sys-004
tems. Although large language models (LLMs)005
enable cross-lingual transfer, their translations006
for LRLs often exhibit unstable decoding under007
weak lexical grounding, leading to semantic008
drift and hallucination. We study this failure009
mode in Lakota, a morphologically rich In-010
digenous language lacking any standard MT011
system, and introduce CART, an inference-012
time Cascade-Augmented Retrieval Transla-013
tion framework that mitigates instability with-014
out finetuning or language-specific analyzers.015
CART progressively constrains model behavior016
through input canonicalization, multi-channel017
retrieval, and stability-aware evidence selec-018
tion, which filters retrieved examples based019
on whether they induce consistent short-form020
translations under minimal prompt perturba-021
tions rather than similarity alone. On a het-022
erogeneous English–Lakota corpus of approx-023
imately 70k mixed-source pairs, CART im-024
proves EN→LKT BLEU by +5.8 over direct025
prompting and by +2.9 over similarity-based026
retrieval, with corresponding BERTScore gains027
of +0.07 and +0.03, respectively. These results028
suggest that generator-aware evidence selection029
can reduce hallucination and improve robust-030
ness in morphologically rich LRL settings, with031
Lakota serving as an illustrative case study.032

1 Introduction033

Recent advances in large language models have034

shifted machine translation (MT) away from purely035

parameter-centric learning and toward inference-036

time reasoning. Modern systems increasingly037

blend generation with external evidence, reflecting038

a broader recognition that many translation errors039

arise not simply from limited model capacity but040

from insufficient alignment between the model’s041

internal representations and the linguistic patterns042

present in the input (Haddow et al., 2022). Re- 043

trieval provides a way to inject context explicitly, 044

but its reliability varies depending on the linguis- 045

tic and resource conditions of the target language 046

(Ranathunga et al., 2023). In low-resource settings, 047

insufficient grounding often manifests behaviorally 048

as unstable decoding. 049

For LRLs, these conditions differ sharply from 050

those of high-resource settings. Many LRLs ex- 051

hibit rich morphology, flexible constituent order, 052

and orthographic variation, all of which complicate 053

surface-level matching and reduce the reliability of 054

generation (Ataman and Federico, 2018). Lakota, 055

a Plains Siouan language spoken in the northern 056

United States, exemplifies these challenges (Mager 057

et al., 2023). It employs primarily SOV order, en- 058

codes argument structure through intricate verbal 059

morphology, and contains highly productive affix- 060

ation and phonological alternation, features that 061

cause the same lexical item to appear in multiple 062

shapes (Nzeyimana, 2024). Under these conditions, 063

semantically similar but structurally incompatible 064

retrieved examples may encode incompatible mor- 065

phological or argument-structure realizations, caus- 066

ing similarity-based retrieval to destabilize genera- 067

tion instead of supporting it (Hangya et al., 2023). 068

Languages like Lakota face acute scarcity of 069

digitized text and parallel corpora, and existing 070

materials often consist of dictionaries, learning re- 071

sources, and scattered community efforts rather 072

than large-scale parallel data (Chen and Abdul- 073

Mageed, 2023). Under such constraints, design- 074

ing systems that maximize the utility of available 075

evidence becomes more important than develop- 076

ing increasingly complex architectures tailored to 077

high-resource conditions (Ranjith et al., 2023). 078

These challenges also complicate evaluation. 079

Languages with rich morphology and flexible word 080

order permit multiple valid surface realizations, 081

which can limit the interpretability of surface- 082

oriented metrics such as BLEU (Lakew et al., 2020; 083
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Adelani et al., 2022). We therefore report multi-084

ple metrics and complement them with qualitative085

analysis.086

Finally, many Indigenous and endangered lan-087

guages are central to collective identity and cultural088

continuity (Mager et al., 2023). In communities089

working to maintain or revitalize such languages,090

access to reliable technological support can influ-091

ence whether future learners engage with the lan-092

guage at all. As fluent speakers age and archival093

resources remain limited, the window for creating094

usable tools is narrowing. Developing translation095

methods that are accurate, adaptable, and respect-096

ful of linguistic norms therefore has implications097

beyond technical performance.098

These considerations illustrate one viable design099

approach for translation systems in low-resource100

settings. Rather than modifying core architectures,101

we focus on inference-time mechanisms that pro-102

gressively constrain model behavior. In particu-103

lar, we study how normalization, retrieval, and104

evidence filtering can be composed to remove ex-105

amples that destabilize decoding, yielding more106

faithful translations in morphologically rich, low-107

resource settings.108

2 Related Works109

Research on low-resource MT spans data augmen-110

tation, multilingual transfer, structural modeling,111

and, more recently, retrieval-augmented generation112

(RAG) and retrieval-augmented prompting with113

large language models. We group related work114

into two strands most relevant to our approach:115

(1) data-centric and multilingual strategies, and (2)116

structure-aligned and retrieval-based methods.117

2.1 Data-Centric Approaches118

A large body of work addresses low-resource MT119

by increasing effective data scale. Back-translation120

(Sennrich et al., 2016) augments parallel corpora121

using synthetic data, while multilingual parameter122

sharing (Johnson et al., 2017) and massively multi-123

lingual models (Aharoni et al., 2019; Arivazhagan124

et al., 2019) leverage cross-lingual transfer from125

high-resource languages. Pretrained sequence-to-126

sequence models such as mBART (Liu et al., 2020)127

and large multilingual MT systems such as M2M-128

100 (Fan et al., 2021) further extend this paradigm129

through joint training and cross-lingual denoising.130

However, these approaches rely on assumptions131

that frequently fail for endangered or structurally132

complex languages, including the availability of 133

substantial monolingual data and the presence of 134

closely related, well-represented languages (Ran- 135

jith et al., 2023). When these assumptions do 136

not hold, multilingual systems may exhibit severe 137

degradation under domain shift or typological diver- 138

gence, often producing ungrammatical or semanti- 139

cally incoherent output when the target language is 140

absent from training data (Kocmi and Federmann, 141

2023). These limitations motivate inference-time 142

methods that incorporate external evidence rather 143

than relying solely on parameter scaling. 144

2.2 Structure-Aware and Retrieval-Based 145

Methods 146

A complementary line of work incorporates lin- 147

guistic structure to better handle morphologically 148

rich languages. Morphology-aware encodings (Ata- 149

man and Federico, 2018) and systems incorporat- 150

ing explicit morphological features (Nzeyimana, 151

2024) reduce sparsity, while language-specific pre- 152

trained encoders such as Kinyabert (Nzeyimana 153

and Rubungo, 2022) capture finer-grained regulari- 154

ties. In practice, however, such approaches often re- 155

quire morphological analyzers, annotated corpora, 156

or standardized orthography, resources that are un- 157

available for many low-resource languages. 158

Retrieval-based methods instead introduce ex- 159

ternal evidence at inference time. Parallel cor- 160

pus mining with multilingual embeddings (Artetxe 161

and Schwenk, 2019) demonstrates that targeted re- 162

trieval can outperform larger but noisier datasets. 163

More recent work on retrieval-augmented prompt- 164

ing and fragment-based in-context learning (Merx 165

et al., 2024; Frontull and Ströhle, 2025) shows 166

that providing aligned exemplars can improve con- 167

sistency in low-resource translation. In-context 168

learning studies (Agrawal et al., 2023; Cahyawi- 169

jaya et al., 2024) further demonstrate that structure- 170

aligned examples can guide generation in the ab- 171

sence of task-specific training. 172

Related work has also explored self-consistency 173

decoding (Wang et al., 2022) and uncertainty-aware 174

generation using confidence or log-probability 175

statistics, primarily by resampling or aggregating 176

multiple outputs at decoding time. 177

However, existing retrieval-augmented ap- 178

proaches typically select evidence based on se- 179

mantic or structural similarity alone and treat re- 180

trieval as independent of the generator’s decod- 181

ing behavior. This assumption can break down 182

in low-resource settings, where semantically sim- 183

2



ilar but structurally incompatible examples may184

induce divergent or unstable outputs. Unlike self-185

consistency or uncertainty-based decoding meth-186

ods, which resample or aggregate outputs at decod-187

ing time, prior retrieval-based MT work has not188

systematically treated decoding instability under189

minimal prompt perturbations as a first-class fail-190

ure mode. In contrast, our work explicitly treats191

instability under minimal prompt perturbations as192

a negative signal and introduces generator-aware193

evidence filtering to discard retrieved examples that194

consistently destabilize generation prior to decod-195

ing.196

Together, these findings suggest that while re-197

trieval and structural alignment are valuable, effec-198

tive low-resource MT also requires mechanisms199

that account for how retrieved evidence interacts200

with the generator’s decoding behavior, particularly201

in languages characterized by rich morphology, sur-202

face variation, and sparse supervision.203

3 Methodology204

3.1 Task Setting and Design Rationale205

We consider the bidirectional translation task be-206

tween English and Lakota using an LLM aug-207

mented with external linguistic evidence, where208

the input is x and the output is y. In this setting,209

weak lexical grounding often leads the model to210

entertain multiple competing interpretations, which211

manifests behaviorally as unstable decoding. Small212

prompt perturbations can yield divergent transla-213

tions, and CART is designed around this failure214

mode. Supporting steps such as normalization and215

multi-channel retrieval improve evidence coverage216

and alignment, while the primary control signal217

comes from discarding examples that destabilize218

generation, yielding a compact and reliable context219

for deterministic decoding. CART follows a staged,220

inference-time cascade in which each component221

progressively constrains the model’s hypothesis222

space, from input normalization and retrieval to223

stability-aware filtering and deterministic decod-224

ing.225

3.2 Candidate Evidence Preparation226

3.2.1 Segmentation227

Inputs exceeding sentence length are segmented us-228

ing punctuation-based sentence boundary detection229

prior to normalization and retrieval. This segmenta-230

tion is applied uniformly to both source inputs and231

reference materials, ensuring that retrieval operates232

over comparable linguistic units. Paragraph-level 233

translation is supported by translating segments in- 234

dependently and concatenating outputs; however, 235

we focus on sentence-level translation in this work. 236

3.2.2 Normalization 237

Normalization applies lightweight, surface- 238

preserving transformations that reduce ortho- 239

graphic variability in Lakota while maintaining 240

linguistic identity. Lakota sources exhibit substan- 241

tial variation in the representation of diacritics, 242

nasalization, and digraphs, causing forms that 243

correspond to the same underlying units to 244

fragment across embedding space and weaken 245

retrieval reliability. 246

To mitigate this effect, we apply a canonical- 247

ization procedure that standardizes common ortho- 248

graphic variants without introducing linguistic anal- 249

ysis. Specifically, we perform: 250

• unification of diacritics for acute vowels and 251

nasalization; 252

• conversion of digraphs into precomposed char- 253

acters when available; 254

• replacement of unambiguous ASCII approxi- 255

mations (e.g., “sh” → š, “ng” → N); 256

• consistent casing across sources; 257

• removal of punctuation artifacts prior to tok- 258

enization. 259

We deliberately avoid operations that alter lin- 260

guistic structure, such as lemmatization or mor- 261

phological segmentation. While normalization im- 262

proves lexical alignment and retrieval consistency, 263

it does not resolve downstream decoding instability 264

on its own; subsequent stages of the cascade fur- 265

ther filter misleading evidence based on the model’s 266

generative behavior. 267

3.2.3 Multi-Channel Retrieval 268

Retrieval is used to assemble two complementary 269

forms of evidence: lexical grounding and struc- 270

tural exemplars. Because the LLM has minimal 271

intrinsic knowledge of Lakota vocabulary, lexical 272

coverage must be provided explicitly, while struc- 273

tural examples serve to constrain morphosyntactic 274

interpretation. 275

Lexical evidence is drawn solely from dictionary- 276

style entries and word–gloss pairs whose normal- 277

ized Lakota forms match tokens or subword seg- 278

ments in the input. These entries provide direct 279

lexical grounding and are treated as mandatory 280

when available. Lexical entries are treated as high- 281

precision grounding anchors and are included ex- 282
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Segmented +
Normalized Input

Lexical grounding
(dictionary)

Structural channels
Estruct(x) =

Esem(x) ∪ Elex-overlap(x)

Glex

Probe → score
y(1), y(2) E∗

struct

Structured prompt
P(x)

Decoding

Figure 1: CART pipeline with stability-aware selection. Structural candidates from semantic and lexical-overlap
retrieval are probed using instruction-level paraphrases, scored by normalized character edit distance between probe
outputs, and filtered to the top-m most stable exemplars. Lexical grounding entries Glex are included exhaustively
and bypass stability filtering. The final structured prompt P(x) combines Glex with E∗

struct (along with the instruction
and source sentence) for deterministic decoding.

haustively when available. Although they condition283

generation, they primarily serve to supply vocab-284

ulary that the model lacks intrinsically. Stability-285

aware filtering is therefore applied only to struc-286

tural exemplars, whose interaction with the genera-287

tor can induce instability. Lexical grounding entries288

do not refer to the lexical-overlap retrieval chan-289

nel as the grounding entries operate at the word290

level, are included exhaustively, and are not subject291

to stability-aware filtering; whereas, the lexical-292

overlap channel retrieves sentence- or phrase-level293

structural exemplars that are later combined with294

the output of the semantic channel and filtered295

based on their effect on decoding behavior.296

Structural evidence is drawn from sentence- and297

phrase-level parallel fragments, glossed examples,298

and constructional patterns. These items are in-299

tended to illustrate morphosyntactic and deriva-300

tional patterns rather than to provide exhaustive301

lexical coverage. We encode the normalized input302

sentence and all reference items using a frozen mul-303

tilingual sentence encoder (LaBSE) and perform304

approximate nearest-neighbor search with cosine305

similarity over a FAISS index. This semantic chan-306

nel provides high recall but may surface structurally307

incompatible examples in low-resource settings.308

To complement embedding-based retrieval, we309

additionally include a lightweight lexical overlap310

channel that surfaces structurally relevant examples311

sharing stems or fixed expressions after normal-312

ization. This channel improves recall for related313

constructions but does not guarantee compatibility.314

The retrieved structural candidates form a high-315

recall set Estruct(x) that may contain both helpful316

and misleading examples. No attempt is made at317

this stage to assess correctness or compatibility.318

Instead, structural evidence quality is evaluated319

in the subsequent stability-aware selection step,320

which explicitly measures how candidate examples321

affect the model’s decoding behavior. 322

3.3 Stability-Aware Evidence Selection 323

The retrieved candidate set Estruct(x) produced by 324

multi-channel retrieval is intentionally permissive 325

and may contain both supportive and misleading 326

examples. In morphologically rich low-resource 327

settings, similarity-based retrieval alone is insuf- 328

ficient to guarantee that conditioning on a given 329

example will stabilize generation. We therefore in- 330

troduce a generator-aware evidence selection mech- 331

anism that evaluates retrieved candidates based on 332

their effect on the model’s decoding behavior. This 333

mechanism operates entirely at inference time and 334

requires no additional training or language-specific 335

analyzers. 336

3.3.1 Instability Probe Design 337

We treat instability as a behavioral property of 338

the generator: an example is considered destabi- 339

lizing if minimal instruction-level paraphrases to 340

the prompt induce divergent outputs. To test this, 341

we design a minimal instability probe that mea- 342

sures the sensitivity of the model’s output to minor 343

instruction-level variation. 344

For each retrieved structural candidate ei ∈ 345

Estruct(x), we construct two probe prompts that 346

differ only in instruction phrasing while preserving 347

identical content. For example, the two prompts 348

may use alternative but semantically equivalent 349

instructions such as “Translate the following sen- 350

tence:” and “Provide an English translation of:” 351

followed by the same input and candidate example. 352

No additional context or information is introduced. 353

Each probe prompt is decoded deterministically 354

using greedy decoding with temperature 0 and top- 355

p set to 1, producing two short outputs: 356

y
(1)
i , y

(2)
i . 357
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Decoding is capped at a fixed maximum length358

of N tokens to ensure consistent and comparable359

outputs. Because decoding is deterministic, any360

divergence between y
(1)
i and y

(2)
i reflects sensi-361

tivity to the prompt perturbation rather than sam-362

pling noise. We focus on instruction-level para-363

phrases rather than input-level noise because they364

constitute a semantically invariant perturbation that365

preserves both the source sentence and retrieved366

evidence. Perturbations to the input or evidence367

content would confound decoding sensitivity with368

genuine ambiguity or information loss. Instruction369

phrasing varies naturally across prompting inter-370

faces and deployment contexts, making it a prac-371

tical and controlled axis along which to probe be-372

havioral instability induced by retrieved examples.373

3.3.2 Instability Metric374

We quantify instability using normalized character-375

level edit distance between the two probe outputs.376

Character-level (rather than token-level) distance377

avoids tokenizer artifacts and better captures fine-378

grained morphological variation. Let d(·, ·) denote379

Levenshtein distance and let | · | denote character380

length. The instability score for candidate ei is381

defined as:382

D(ei) =
d
(
y
(1)
i , y

(2)
i

)
max

(
|y(1)i |, |y(2)i |

) .383

This metric captures surface-level divergence384

between the two outputs, which is particularly sen-385

sitive to morphological variation, stem substitution,386

and affixal changes common in Lakota translations.387

Normalization by output length ensures compara-388

bility across candidates of different lengths.389

Low values of D(ei) indicate that the candidate390

induces consistent decoding behavior under mini-391

mal perturbation, whereas high values indicate in-392

stability. Importantly, instability is used strictly as393

a negative signal to identify potentially misleading394

evidence; it is not treated as a proxy for correctness,395

adequacy, or semantic quality.396

3.3.3 Evidence Ranking and Filtering397

For each input sentence x, we compute instability398

scores D(ei) for all retrieved structural candidates.399

Candidates are ranked in ascending order of insta-400

bility:401

e(1), e(2), . . . , e(|Estruct(x)|),402

where D(e(1)) ≤ D(e(2)) ≤ · · · .403

We retain the top m most stable candidates and 404

discard the remainder: 405

E∗
struct(x) = {e(1), . . . , e(m)}. 406

Unless otherwise noted, we fix m = 5 across all 407

experiments. Threshold-based filtering is a natural 408

alternative but is not explored in this work. 409

3.3.4 Computational Cost 410

Stability-aware evidence selection requires addi- 411

tional inference-time computation in the form of 412

short probe decodes. For each input sentence, two 413

short deterministic decodes are performed for each 414

retrieved structural candidate in Estruct(x). The re- 415

sulting overhead therefore scales linearly with the 416

retrieval depth k = |Estruct(x)|. 417

In our experiments, we retrieve k = 20 structural 418

candidates and generate probe outputs capped at 419

N = 30 tokens, resulting in at most 2kN = 1200 420

probe tokens per input. This cost is small relative 421

to full-sequence decoding and dominates neither 422

retrieval nor final generation. 423

Probe decodes are short, bounded, and indepen- 424

dent across candidates, enabling efficient batching 425

or parallelization when resources permit. No high 426

additional cost is incurred at decoding time beyond 427

standard prompting. 428

3.4 Prompt Construction and Decoding 429

Prompt construction integrates lexical ground- 430

ing Glex and stability-filtered structural evidence 431

E∗
struct into a compact context that conditions final 432

generation. Lexical and structural evidence serve 433

distinct roles and are presented separately to the 434

model. 435

Lexical entries matching the input are included 436

as a glossary-style component that provides direct 437

word-level grounding. These entries are included 438

exhaustively when available and are not ranked 439

or filtered by stability, ensuring lexical coverage 440

even when the model lacks prior knowledge of the 441

language. 442

Structural evidence is drawn from the filtered set 443

E∗
struct(x) produced by stability-aware selection. A 444

small number of structurally compatible examples 445

are included as parallel fragments or glossed pairs 446

and ordered by increasing instability score, biasing 447

the model toward the most stable evidence while 448

preserving limited exposure to alternative realiza- 449

tions. Structural examples are intended to constrain 450

derivational and argument-structure interpretation 451

rather than to encode explicit rules. 452
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Prompt content is fixed across inputs and does453

not depend on test-time tuning. Where appropriate,454

we include brief, generic contextual cues informed455

by common error patterns observed during devel-456

opment (e.g., stem repetition or misinterpretation457

of kinship terms). These cues apply uniformly and458

do not encode language-specific rules.459

Decoding is deliberately conservative. Because460

destabilizing structural evidence has already been461

removed, the decoder’s role is to select a consistent462

realization rather than explore alternative continua-463

tions. We therefore use greedy decoding with tem-464

perature set to 0 and top-p set to 1. In preliminary465

experiments, sampling-based decoding introduced466

increased semantic drift and derivational variation467

without clear gains in adequacy.468

Post-processing is minimal. Generated outputs469

undergo only light normalization or formatting ad-470

justments when required for presentation. No rule-471

based correction or reranking is applied after gen-472

eration, preserving transparency in the end-to-end473

pipeline.474

4 Experiments475

We evaluate CART in a memory-based transla-476

tion setting designed for low-resource conditions,477

where no parametric training is performed and478

all linguistic evidence is supplied at inference479

time. Experiments focus on isolating the effect480

of stability-aware evidence selection while control-481

ling for retrieval, prompting, and decoding.482

4.1 Data483

Our experiments use a heterogeneous Lakota–484

English parallel reference pool containing approx-485

imately 70,000 bilingual items. The data consist486

of common words and short phrases (∼34k), nar-487

rative and verse-style materials drawn from pub-488

licly accessible sources (∼18k), and dictionary en-489

tries, elicited examples, and pedagogical resources490

(∼21k). All data are openly available or permis-491

sively licensed for non-commercial research use.492

Because no large curated parallel corpus ex-493

ists for Lakota, these materials are consolidated494

into a single heterogeneous reference pool that495

serves as retrievable memory for inference-time496

conditioning, including lexical grounding entries497

and sentence- or phrase-level exemplars. To pre-498

vent evaluation leakage, reference items with close499

surface overlap to test examples were removed500

through manual screening.501

We construct a held-out test set of 620 Lakota– 502

English pairs drawn from unrelated sources not 503

included in the reference pool. Test items include 504

everyday expressions, short narrative passages, and 505

culturally grounded terms that are challenging for 506

general-purpose language models. Reference data 507

are retrievable at inference time, while test items 508

are not. 509

4.2 Models and Retrieval Setup 510

All experiments use frozen models. For retrieval, 511

we employ LaBSE to obtain dense representations 512

of normalized inputs and reference items. Embed- 513

dings are indexed using FAISS IVF-Flat for ap- 514

proximate nearest-neighbor search with cosine sim- 515

ilarity. For each input, we retrieve the top k = 20 516

candidates, which serve as input to the stability- 517

aware selection procedure described in Section 3.3. 518

For generation, we use LLaMA-3-8B-Instruct 519

as a representative, publicly available instruction- 520

tuned LLM that is large enough to support in- 521

context reasoning while remaining practical for 522

controlled inference-time experiments. No finetun- 523

ing or parameter updates are performed, and all 524

systems use identical decoding settings for compa- 525

rability. Unless otherwise noted, we retain the top 526

m = 5 most stable examples for prompting, and 527

instability probes generate at most N = 30 tokens 528

using deterministic decoding; all hyperparameters 529

are fixed across experiments and are not tuned on 530

the test set. 531

4.3 Baselines 532

We compare CART against prompting-based base- 533

lines and ablated variants that isolate the contri- 534

bution of stability-aware evidence selection. All 535

systems use the same underlying LLM and decod- 536

ing configuration. 537

Direct Prompting. The model receives only a 538

translation instruction and the source sentence, 539

with no retrieved evidence. 540

Similarity-Based Retrieval. Retrieved examples 541

are included in the prompt based solely on similar- 542

ity ranking, without stability-aware filtering. 543

CART (Full). Our full system applies normal- 544

ization, multi-channel retrieval, stability-aware evi- 545

dence selection, and structured prompting prior to 546

deterministic decoding. 547

We do not compare against pretrained multi- 548

lingual MT systems (e.g., mBART, M2M-100, 549
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Table 1: Automatic evaluation on the held-out test set. “CART w/o stability selection” removes the stability-aware
evidence filtering step (Section 3.3) while keeping retrieval and prompting fixed. ∆BLEU is measured relative to
Similarity-Based Retrieval.

EN→LKT LKT→EN

System BLEU chrF BERTScore ∆BLEU BLEU chrF BERTScore ∆BLEU

Direct Prompting 3.9 25.6 0.84 – 10.8 41.2 0.89 –
Similarity-Based Retrieval 6.8 30.1 0.88 – 12.6 43.6 0.91 –
CART w/o stability selection 7.4 30.6 0.89 +0.6 13.0 43.9 0.91 +0.4
CART (Full) 9.7 33.0 0.91 +2.9 14.4 45.1 0.92 +1.8

NLLB), as Lakota is absent from their training550

data and zero-shot application produces incoherent551

or degenerate output in preliminary experiments552

(Costa-jussà et al., 2022). Prompting-based base-553

lines therefore provide the most meaningful com-554

parison in this setting.555

4.4 Evaluation Metrics556

We report BLEU, chrF, and BERTScore for com-557

parability with prior MT literature. We compute558

BERTScore using the xlm-roberta-large model559

with IDF weighting and default layer selection,560

following the standard multilingual configuration561

provided in the official reference implementation.562

Given Lakota’s rich morphology and flexible word563

order, we interpret surface-level metrics cautiously564

and rely more heavily on semantic similarity and565

complement them with qualitative analysis and566

stability-focused evaluations in Section 6.567

5 Results568

Table 1 reports automatic evaluation results on the569

held-out test set for both translation directions.570

We compare direct prompting, similarity-based571

retrieval, and CART, along with an ablated vari-572

ant that removes stability-aware evidence selection573

while keeping retrieval and prompting fixed.574

Across all metrics and both directions, CART575

consistently outperforms the baselines. Similarity-576

based retrieval yields substantial improvements577

over direct prompting, confirming that access to578

external evidence is critical in this low-resource579

setting. However, retrieval alone is insuffi-580

cient: removing stability-aware selection results in581

markedly smaller gains, particularly for EN→LKT582

translation. Incorporating stability-aware evi-583

dence filtering yields an additional improvement584

of +2.9 BLEU over similarity-based retrieval in the585

EN→LKT direction and +1.8 BLEU in the reverse586

direction.587

Improvements are larger for EN→LKT than for 588

LKT→EN, reflecting the greater difficulty of mor- 589

phologically grounded generation when translating 590

into Lakota. Gains are consistent across BLEU, 591

chrF, and BERTScore, with BERTScore exhibiting 592

steady increases that suggest reduced semantic di- 593

vergence. Although absolute BLEU values remain 594

modest, they are consistent with prior observations 595

for severely low-resource, morphologically rich 596

languages evaluated with single-reference metrics. 597

Overall, these results demonstrate that generator- 598

aware evidence selection provides benefits beyond 599

standard similarity-based retrieval, yielding more 600

robust and consistent translation behavior without 601

modifying model parameters or training data. 602

6 Analysis and Discussion 603

This section analyzes how stability-aware evidence 604

selection influences model behavior and explains 605

the empirical trends observed in Section 5. We 606

focus on (i) the contribution of stability-aware fil- 607

tering, (ii) its effect on decoding robustness, and 608

(iii) qualitative differences in error behavior across 609

systems. 610

6.1 Stability-Aware Evidence Selection 611

The ablated variant “CART w/o stability selection” 612

isolates the effect of generator-aware evidence fil- 613

tering while keeping normalization, retrieval, and 614

prompting fixed. As shown in Table 1, removing 615

stability-aware selection leads to a substantial per- 616

formance drop, particularly for EN→LKT transla- 617

tion, where BLEU decreases by 2.3 points relative 618

to the full system. The effect is smaller but consis- 619

tent in the reverse direction. 620

This asymmetry reflects the differing demands 621

of the two translation directions. When translat- 622

ing into a morphologically richer target language 623

such as Lakota, retrieved examples must better sup- 624

port grounded generation, including stem choice 625

7



Table 2: Instruction-level robustness measured as nor-
malized character-level edit distance between final trans-
lations produced under two instruction paraphrases.
Lower values indicate greater robustness.

Instability (↓)

System EN→LKT LKT→EN

Similarity-Based Retrieval 0.41 0.29
CART w/o stability selection 0.36 0.27
CART (Full) 0.26 0.23

and derivational structure that are absent from the626

English source. Structurally incompatible exam-627

ples can therefore destabilize decoding even more628

prominently. Stability-aware filtering thus better629

helps mitigate this effect by discarding retrieved ev-630

idence that induces divergent behavior under mini-631

mal prompt perturbations.632

Stability is used strictly as a negative signal: ex-633

amples that destabilize generation are removed, but634

stability itself is not treated as a proxy for correct-635

ness. The observed gains thus arise from eliminat-636

ing misleading evidence rather than reinforcing the637

model’s preferred output.638

6.2 Instruction-Level Robustness639

To quantify robustness directly, we measure the640

normalized character-level edit distance between641

final translations produced under the two probe642

instruction variants. Compared to similarity-based643

retrieval, CART reduces average instruction-level644

divergence by 37% for EN→LKT and 21% for645

LKT→EN, indicating that stability-aware filtering646

narrows the model’s effective hypothesis space.647

6.3 Decoding Robustness648

Stability-aware selection reduces sensitivity to649

prompt phrasing by filtering evidence that induces650

inconsistent short-form outputs. Compared to651

similarity-based retrieval alone, the full system pro-652

duces more consistent translations under controlled653

perturbations, indicating a narrower and more sta-654

ble hypothesis space.655

While instability is not optimized directly, its656

reduction aligns with improvements in translation657

quality metrics. Character-level divergence is used658

as a diagnostic signal to accommodate Lakota’s659

rich morphology, where small orthographic differ-660

ences may correspond to meaningful morphemic661

variation. These results support the view that con-662

trolling behavioral instability is an effective mech-663

anism for preventing misleading evidence from in- 664

fluencing generation in low-resource settings. 665

6.4 Qualitative Behavior 666

Qualitative inspection reveals clear differences be- 667

tween systems. In EN→LKT translation, the full 668

system more reliably selects appropriate deriva- 669

tional forms and avoids overproducing marked mor- 670

phology. Similarity-based retrieval often surfaces 671

semantically related but structurally incompatible 672

examples, leading to inconsistent stem selection or 673

argument realization. 674

In LKT→EN translation, improvements primar- 675

ily reflect more stable sense disambiguation and 676

recovery of participant roles encoded in Lakota 677

verbal morphology. Retrieval-only prompting re- 678

duces hallucination but remains sensitive to ex- 679

ample mismatch, whereas stability-aware filtering 680

yields more consistent interpretations. 681

A small round-trip diagnostic further illustrates 682

this effect. English inputs translated into Lakota 683

and then back into English using the same sys- 684

tem exhibit substantially less semantic drift un- 685

der the full system than under prompting-only or 686

similarity-based retrieval. While not a formal eval- 687

uation, this diagnostic highlights differences in ro- 688

bustness under compounding uncertainty. 689

7 Conclusion 690

We presented CART, an inference-time re- 691

trieval–prompting cascade for Lakota–English 692

translation that addresses a key failure mode of 693

LLM-based MT in low-resource settings: unsta- 694

ble decoding under weak lexical and structural 695

grounding. The central contribution of this work 696

is stability-aware evidence selection, which filters 697

retrieved examples based on their effect on the gen- 698

erator’s behavior rather than similarity alone. 699

Our results demonstrate that, in morphologically 700

rich low-resource languages, how evidence is se- 701

lected can matter more than how much evidence 702

is retrieved. While Lakota serves as a focused 703

case study, the approach is applicable to other set- 704

tings where parallel data are scarce and example 705

mismatch can actively degrade generation. More 706

broadly, this work suggests a practical path toward 707

MT systems that support Indigenous and endan- 708

gered languages by leveraging existing lexical re- 709

sources and community-curated examples to guide 710

modern language models in a controlled and trans- 711

parent manner. 712

8



Limitations713

The proposed approach relies on a retrieval memory714

whose coverage is constrained by the availability of715

Lakota linguistic resources. Although the system716

can incorporate heterogeneous materials, including717

dictionary entries and example translations, many718

constructions, derivational patterns, and idiomatic719

expressions remain sparsely represented. As a re-720

sult, the system may struggle with rare or highly721

complex forms that are absent from the reference722

pool.723

The approach further assumes access to lexi-724

cally comprehensive word-level resources. Be-725

cause large language models exhibit limited in-726

trinsic knowledge of Lakota, lexical grounding727

is primarily provided by dictionary-style entries728

rather than by the model’s pretrained representa-729

tions. Stability-aware selection operates on struc-730

tural examples and does not address lexical cov-731

erage, which remains dependent on external re-732

sources.733

Evaluation is also constrained by the lack of stan-734

dardized MT benchmarks for Lakota. Reference735

translations often permit multiple valid realizations,736

and surface-oriented metrics such as BLEU and737

chrF therefore capture only coarse trends. While738

we complement these metrics with qualitative anal-739

ysis and stability-focused diagnostics, the study740

does not include targeted evaluation of specific741

morphological categories or controlled human judg-742

ments.743

Finally, stability-aware evidence selection intro-744

duces additional inference-time cost due to short745

probing decodes and remains a heuristic mecha-746

nism. While it reduces the influence of misleading747

evidence, it does not guarantee correctness and748

cannot resolve ambiguity that is genuinely under-749

specified by the input. Although Lakota serves as a750

representative case study of morphologically rich,751

low-resource languages, further empirical evalua-752

tion is needed to assess the generality of the ap-753

proach across typologically diverse settings and754

larger models.755
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