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Abstract001

Extending large language models (LLMs) to002
low-resource languages often incurs an “align-003
ment tax”: improvements in the target lan-004
guage come at the cost of catastrophic forget-005
ting in general capabilities. We argue that this006
trade-off arises from the rigidity of supervised007
fine-tuning (SFT), which enforces token-level008
surface imitation on narrow and biased data009
distributions. To address this limitation, we010
propose a semantic-space alignment paradigm011
powered by Group Relative Policy Optimiza-012
tion (GRPO), where the model is optimized us-013
ing embedding-level semantic rewards rather014
than likelihood maximization. This objective015
encourages meaning preservation through flex-016
ible realizations, enabling controlled updates017
that reduce destructive interference with pre-018
trained knowledge. We evaluate our approach019
on Tibetan–Chinese machine translation and Ti-020
betan headline generation. Experiments show021
that our method acquires low-resource capa-022
bilities while markedly mitigating alignment023
tax, preserving general competence more effec-024
tively than SFT. Despite producing less rigid025
surface overlap, semantic RL yields higher se-026
mantic quality and preference in open-ended027
generation, and few-shot transfer results indi-028
cate that it learns more transferable and ro-029
bust representations under limited supervision.030
Overall, our study demonstrates that reinforce-031
ment learning with semantic rewards provides032
a safer and more reliable pathway for inclusive033
low-resource language expansion.034

1 Introduction035

Large language models (LLMs) have achieved re-036

markable performance across a wide range of tasks037

and languages through large-scale pretraining and038

post-training alignment (DeepSeek-AI et al., 2025;039

Yang et al., 2025a; Team et al., 2025; OpenAI,040

2025; Comanici et al., 2025). However, their ca-041

pabilities remain highly uneven across languages:042

Figure 1: Token-level alignment versus semantic-space
alignment in low-resource language expansion. Token-
level supervised fine-tuning enforces surface-form imi-
tation under teacher forcing, often causing catastrophic
forgetting and high alignment tax. In contrast, semantic-
space alignment optimizes meaning preservation with
constrained reinforcement learning policy updates, al-
lowing flexible realizations while preserving pretrained
knowledge.

many languages are weakly supported, particularly 043

for generation and reasoning-intensive tasks that 044

require semantic abstraction rather than surface 045

pattern matching. Improving model performance 046

in such low-resource language settings therefore 047

remains an important and challenging problem. 048

A common approach to improving low-resource 049

language performance is further training on 050

language-specific data, including continual pre- 051

training and supervised instruction fine-tuning. De- 052

spite differences in data sources and training pro- 053

tocols, these methods share a common optimiza- 054

tion paradigm: they rely on teacher-forced learning 055

with token-level likelihood objectives, aligning the 056

model to a target data distribution through surface- 057

form imitation. Figure 1 illustrates the contrast 058

between token-level alignment via surface-form 059

imitation and semantic-space alignment based on 060

meaning preservation, highlighting how different 061

objectives lead to fundamentally different update 062

behaviors under data scarcity. Much recent work 063

on language expansion and adaptation follows this 064
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paradigm, using supervised or weakly supervised065

finetuning to inject new linguistic capabilities into066

pretrained models (Csaki et al., 2024; Zhao et al.,067

2024). Related efforts based on continued pre-068

training or language-specific model construction069

similarly perform strong distribution-level updates070

on limited and domain-constrained data (Almeida071

et al., 2025; Bari et al., 2025).072

While effective under abundant and diverse su-073

pervision, token-level distribution matching be-074

comes problematic in low-resource language set-075

tings. Available training data are often limited076

in size, narrow in domain, and distributionally077

biased. Optimizing likelihood on such data en-078

courages overly confident and rigid parameter up-079

dates, amplifying overfitting and interfering with080

representations learned during pretraining. Empir-081

ically, this interference often manifests as catas-082

trophic forgetting: improvements in the target lan-083

guage are accompanied by degradation in existing084

high-resource language capabilities, a phenomenon085

that has been systematically observed in multilin-086

gual fine-tuning and low-resource representation087

learning settings (Liu and Niehues, 2025; Schmidt,088

2025).089

We argue that this phenomenon is not merely an090

optimization artifact but a structural outcome of091

the alignment objective itself. When alignment is092

equated with surface-form imitation on narrow dis-093

tributions, representational capacity is aggressively094

reallocated, leading to an alignment tax: gains in095

low-resource language performance achieved at the096

expense of general competence. This issue persists097

regardless of the adaptation method (e.g., contin-098

ual pretraining or instruction tuning) as long as the099

objective enforces token-level matching on sparse100

data (Yamaguchi et al., 2025).101

Consequently, we propose shifting perspective to102

view language expansion not merely as adaptation,103

but as an alignment problem under sparse super-104

vision. To address this, we introduce a semantic-105

space alignment paradigm that prioritizes mean-106

ing preservation over rigid surface-form imitation.107

We operationalize this framework using Group108

Relative Policy Optimization (GRPO) (Shao109

et al., 2024), employing embedding-level seman-110

tic similarity as the primary reward signal. Unlike111

teacher-forced training, this approach encourages112

the model to explore diverse linguistic realizations113

that maintain semantic equivalence. Crucially, by114

optimizing based on relative rewards within a sam-115

pled group, our method inherently incorporates116

the stability constraints of trust-region optimiza- 117

tion (Schulman et al., 2017; Rafailov et al., 2023), 118

enabling the acquisition of low-resource capabili- 119

ties while strictly limiting the destructive interfer- 120

ence typical of unconstrained likelihood maximiza- 121

tion. 122

We evaluate our approach on Tibetan–Chinese 123

machine translation (MT) and Tibetan headline 124

generation (HG). Empirical results demonstrate 125

that semantic-reward-driven GRPO achieves a su- 126

perior trade-off between adaptation and preserva- 127

tion. In the MT task, our method substantially re- 128

duces alignment tax, outperforming the strong SFT 129

baseline by +5.15 points on the dominant-language 130

CMRC benchmark. Similarly, in the HG task, de- 131

spite lower n-gram overlap, our model is preferred 132

by LLM-based judges with a +16.1% higher win 133

rate compared to SFT. These findings suggest that 134

semantic-space alignment offers a safer and more 135

robust paradigm for improving low-resource lan- 136

guage performance under data scarcity. 137

In summary, the main contributions of this paper 138

are: 139

• We propose a semantic-space alignment 140

paradigm that utilizes Group Relative Policy 141

Optimization (GRPO) with embedding-level re- 142

wards to decouple meaning preservation from 143

surface-form imitation. 144

• We demonstrate that this approach virtually elimi- 145

nates the alignment tax, enabling significant low- 146

resource gains while maintaining the model’s 147

general capabilities and pretrained knowledge. 148

• We show that our method produces semantically 149

superior outputs that are preferred by LLM 150

judges over SFT baselines, despite having lower 151

n-gram overlap with rigid references. 152

• We validate that semantic RL yields more 153

transferable representations, as evidenced by 154

stronger few-shot generalization to downstream 155

tasks compared to supervised methods. 156

2 Related Work 157

2.1 Low-Resource Language Adaptation and 158

Expansion 159

Post-training language expansion andadaptation 160

typically start from a pretrained foundation model 161

and further train on language-specific data. Prior 162

work studies supervised fine-tuning or instruction 163

tuning for transferring language capabilities and 164

scaling with data and model size (Csaki et al., 2024; 165

Zhao et al., 2024), as well as continued pretraining 166
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and language-specific model construction that em-167

phasize corpus selection and composition (Almeida168

et al., 2025; Bari et al., 2025). Across these set-169

tings, selective adaptation on narrow distributions170

can induce catastrophic forgetting, degrading per-171

formance on non-target languages or tasks (Liu and172

Niehues, 2025; Schmidt, 2025).173

Several mitigation strategies focus on constrain-174

ing update magnitude or protecting previously175

learned capabilities, such as parameter-efficient176

finetuning (e.g., LoRA-style low-rank updates) and177

source-shielded adaptation (Yang et al., 2025b; Ya-178

maguchi et al., 2025). While these methods can179

reduce interference, they generally retain teacher-180

forced token-level likelihood objectives. Our work181

is complementary: we reconsider the alignment182

objective itself by optimizing semantic consistency183

via embedding-level rewards, aiming to improve184

weak-language capability with lower alignment185

tax.186

2.2 Reinforcement Learning for LLM187

Alignment188

Reinforcement learning (RL) is commonly used189

in LLM alignment when optimization objectives190

are sequence-level or non-differentiable, enabling191

learning beyond token-level supervised imitation192

(Christiano et al., 2017; Ouyang et al., 2022). A193

core advantage of RL-based alignment methods194

is the use of constrained policy updates, such as195

trust-region or KL-regularized optimization, which196

limits drift from pretrained representations and im-197

proves stability (Schulman et al., 2015, 2017).198

Recent variants retain this constrained-update199

principle while improving efficiency or flexibility,200

including direct preference optimization (Rafailov201

et al., 2023) and group-based policy optimization202

methods (Shao et al., 2024), which we adopt in203

this work to enable controlled alignment towards204

semantic-level objectives.205

3 Method206

3.1 Problem Formulation: Semantic-Space207

Alignment208

We study low-resource language expansion as an209

alignment problem. Given a pretrained instruction-210

following language model πbase, our goal is to ac-211

quire new capabilities in a low-resource language212

while preserving existing competencies in domi-213

nant, high-resource languages.214

Conventional supervised fine-tuning aligns mod- 215

els by maximizing token-level likelihood under a 216

target data distribution. In low-resource settings, 217

where the distribution is narrow and biased, this 218

objective enforces surface-form imitation and often 219

leads to overconfident updates and catastrophic for- 220

getting. We instead frame alignment as semantic- 221

space alignment: model outputs are considered cor- 222

rect if they preserve meaning, regardless of their 223

specific surface realization. This formulation ex- 224

plicitly decouples semantic adequacy from token- 225

level matching and allows multiple valid expres- 226

sions of the same intent. 227

Under this perspective, alignment is defined 228

by semantic consistency rather than distribution 229

matching. Our objective is therefore to optimize 230

the model to produce outputs that are semantically 231

equivalent to reference texts, while limiting inter- 232

ference with representations learned during pre- 233

training. 234

3.2 Two-Stage Training Paradigm 235

To operationalize semantic-space alignment in low- 236

resource settings, we adopt a two-stage training 237

paradigm. 238

Stage 1: Cold-start supervised fine-tuning. We 239

first perform a lightweight supervised fine-tuning 240

step on a small subset of low-resource data to ob- 241

tain an initial policy πinit. Specifically, we fine-tune 242

the base model on 5k training instances for two 243

epochs. The goal of this stage is not to achieve 244

strong task performance, but to bootstrap minimal 245

output competence in the target language, such 246

as producing text in the correct script and main- 247

taining basic language consistency. This cold-start 248

initialization allows the model to reliably generate 249

non-degenerate outputs in the low-resource lan- 250

guage, ensuring that subsequent semantic rewards 251

are meaningful and that reinforcement learning 252

does not collapse into uninformative exploration. 253

Stage 2: Reinforcement learning with semantic 254

rewards. Starting from πinit, we perform rein- 255

forcement learning to align the model in seman- 256

tic space. In this stage, we utilize the remaining 257

training data to drive learning through semantic 258

rewards rather than token-level supervision. Rein- 259

forcement learning is conducted for a single epoch, 260

during which the model is encouraged to explore 261

diverse surface realizations while preserving se- 262

mantic equivalence to reference texts. Constrained 263

policy optimization is applied throughout training 264
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to control update magnitude, enabling the model to265

acquire low-resource language capabilities while266

minimizing destructive interference with pretrained267

representations.268

3.3 Reinforcement Learning for Semantic269

Alignment270

Optimizing semantic alignment is inherently a271

sequence-level problem over discrete outputs. The272

embedding-based semantic rewards used in our273

framework are not directly differentiable with re-274

spect to model parameters, making standard super-275

vised learning objectives unsuitable. Reinforce-276

ment learning therefore provides a natural and277

principled framework for optimizing such non-278

differentiable, sequence-level objectives, allowing279

direct optimization of semantic consistency rather280

than token-level likelihood.281

Beyond enabling optimization of semantic re-282

wards, reinforcement learning also plays a criti-283

cal role in preserving pretrained knowledge during284

low-resource adaptation. In contrast to supervised285

fine-tuning, which performs unconstrained likeli-286

hood maximization on narrow data distributions,287

constrained reinforcement learning methods explic-288

itly limit policy updates. This controlled optimiza-289

tion is crucial for reducing destructive interference290

and mitigating catastrophic forgetting, making re-291

inforcement learning particularly well-suited for292

semantic-space alignment under data scarcity.293

We instantiate reinforcement learning using294

Group Relative Policy Optimization (GRPO, Shao295

et al., 2024), a value-free variant of PPO-style con-296

strained optimization. For each input prompt x,297

we sample a group of candidate outputs {y(k)}Kk=1298

from the current policy πθ(· | x), compute their cor-299

responding rewards, and update the policy based300

on relative comparisons within the group. GRPO301

inherits the key stabilization mechanisms of PPO,302

including trust-region-style constraints that limit303

policy drift between updates, while avoiding the304

need for an explicit value function. These prop-305

erties make GRPO a practical and stable choice306

for semantic alignment, enabling effective learning307

from semantic rewards while maintaining existing308

language capabilities.309

3.4 Semantic Reward Design310

A central component of our framework is a se-311

mantic reward that explicitly defines the alignment312

objective for low-resource language expansion. Un-313

like supervised fine-tuning, which implicitly aligns314

models through token-level likelihood, our goal is 315

to directly guide learning toward semantic consis- 316

tency. The reward therefore serves not merely as an 317

optimization signal, but as the primary mechanism 318

that determines what the model is encouraged to 319

learn. 320

Semantic embedding model and suitability for 321

reinforcement learning. To instantiate the se- 322

mantic reward, we employ a multilingual sentence- 323

level embedding model trained under a contrastive 324

bilingual alignment objective. The model is 325

adapted on parallel sentence pairs, where trans- 326

lations are treated as positive examples and in- 327

batch samples provide implicit negatives. Rather 328

than training an encoder from scratch or enforc- 329

ing surface-form similarity, this adaptation strategy 330

emphasizes meaning preservation and fine-grained 331

semantic discriminability across different linguistic 332

realizations. 333

We empirically observe that bilingual contrastive 334

training yields stronger semantic structure than 335

monolingual adaptation, improving both cross- 336

lingual alignment and intra-language separability. 337

This property is particularly important for reinforce- 338

ment learning, where the reward signal must reflect 339

graded semantic differences rather than coarse top- 340

ical similarity. As a sanity check, we construct a 341

small diagnostic set of sentence pairs spanning dif- 342

ferent degrees of semantic equivalence and find that 343

the embedding model assigns similarity scores that 344

consistently correlate with these graded relation- 345

ships. This indicates that the resulting embedding 346

space is suitable for use as a semantic reward for 347

guiding alignment in reinforcement learning. 348

3.4.1 Embedding-Level Semantic Similarity 349

Reward 350

The primary learning signal in our framework is an 351

embedding-level semantic similarity reward. Let 352

f(·) denote the sentence embedding model de- 353

scribed above, which maps text to normalized vec- 354

tor representations. Given a generated output y 355

and a reference text y∗, we compute their semantic 356

similarity using cosine similarity: 357

s(y, y∗) = cos (f(y), f(y∗)) . (1) 358

This reward directly reflects our desired learning 359

direction: outputs are encouraged to preserve mean- 360

ing, regardless of surface realization. In contrast 361

to token-level likelihood objectives, this formula- 362

tion treats semantically equivalent paraphrases as 363
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equally valid and explicitly avoids overfitting to364

reference form. To stabilize optimization and focus365

learning on meaningful improvements beyond min-366

imal adequacy, we apply a threshold-and-rescale367

shaping function:368

Rsim(y, y
∗) =

{
0, s(y, y∗) ≤ τ,
s(y,y∗)−τ

1−τ , s(y, y∗) > τ,
(2)369

where τ corresponds to a minimal semantic ade-370

quacy level achieved after cold-start fine-tuning.371

This shaping ensures that reinforcement learning372

primarily refines semantic quality rather than am-373

plifying noise from low-quality generations.374

3.4.2 Language Consistency Reward375

Because the embedding model is multilingual, op-376

timizing semantic similarity alone may reward377

mixed-language or partially off-target outputs. To378

prevent this reward hacking behavior, we intro-379

duce a language consistency reward based on a380

rule-based script check using Unicode ranges and381

regular expressions:382

Rlang(y) =

{
0, language mixed,
1, language consistent.

(3)383

This acts as a hard constraint, ensuring that seman-384

tic optimization is carried out strictly within the385

target low-resource language space.386

Final reward. The final reward combines seman-387

tic similarity and language consistency:388

R(y, y∗) = λsimRsim(y, y
∗) + λlangRlang(y). (4)389

Together, these components define our semantic390

alignment objective: the model is encouraged to391

improve semantic adequacy while being strictly392

constrained to produce linguistically consistent393

outputs in the low-resource language. In prac-394

tice, we assign a larger weight to semantic sim-395

ilarity (λsim = 1.5) than to language consistency396

(λlang = 1.0), reflecting our design choice that se-397

mantic preservation constitutes the primary learn-398

ing objective, while language consistency serves399

as a necessary constraint to prevent degenerate or400

off-language generations.401

4 Experiments402

We conduct a series of experiments to evalu-403

ate whether semantic-reward-driven reinforcement404

learning (RL) provides a better trade-off between405

low-resource language adaptation and preservation 406

of existing capabilities compared to supervised fine- 407

tuning (SFT). Our experiments are designed to an- 408

swer three research questions: (1) whether RL ef- 409

fectively acquires low-resource language capabil- 410

ities, (2) how RL and SFT differ in the trade-off 411

between task performance and alignment tax, and 412

(3) whether RL learns more transferable represen- 413

tations under data scarcity. 414

4.1 Experimental Setup 415

Base model and adaptation. All experiments 416

are conducted on Qwen3-4B with parameter- 417

efficient fine-tuning via LoRA (Hu et al., 2022). 418

Unless otherwise specified, we apply LoRA to all 419

linear projection layers in self-attention and MLP 420

blocks. We use a LoRA rank of r = 64, scaling 421

factor α = 128, and dropout rate of 0.05. 422

Supervised fine-tuning (SFT). SFT is trained 423

for three epochs in BF16 with a global batch size 424

of 32, using AdamW (Loshchilov and Hutter, 2019) 425

with learning rate 2× 10−5 and a cosine schedule 426

(warmup ratio 0.1). 427

Semantic reward model. The semantic reward 428

described in Section 3.4 is instantiated using a bilin- 429

gual sentence-embedding model built on top of 430

CINO (Yang et al., 2022), a Tibetan-enhanced ex- 431

tension of XLM-R (Conneau et al., 2020). We 432

adapt CINO into a sentence-level encoder using 433

SENTENCETRANSFORMER, and further special- 434

ize it on Chinese–Tibetan parallel data to produce 435

embedding-based semantic similarity scores. The 436

resulting encoder is used as a frozen reward model 437

during RL and is not jointly optimized with the 438

policy model. 439

Reinforcement learning (GRPO). Reinforce- 440

ment learning is performed with GRPO (Shao et al., 441

2024) starting from the SFT checkpoint, trained for 442

one epoch in BF16 with AdamW and learning rate 443

5× 10−7 (effective global batch size 32). For each 444

prompt, we sample 8 candidates with temperature 445

0.8 and top-p 0.9, using max prompt/completion 446

lengths of 256 tokens. 447

Controlled comparison. This unified setup en- 448

sures that observed differences primarily reflect 449

the alignment strategy (semantic-reward-driven RL 450

vs. SFT), rather than mismatched optimization or 451

adaptation configurations. Training and hyperpa- 452

rameter details are provided in Appendix A. 453
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4.1.1 Tasks and Datasets454

We evaluate our approach on two representative Ti-455

betan low-resource generation tasks: cross-lingual456

machine translation (MT) and monolingual head-457

line generation (HG).458

Machine Translation (MT). For Tibetan–459

Chinese machine translation, we use an internal460

parallel corpus collected for training a vision–461

language model (Wu et al., 2019). Specifically,462

the corpus consists of Tibetan–Chinese sentence463

pairs translated as part of the pretraining data464

construction pipeline for the VLM, rather than465

annotations produced by the model itself. We466

repurpose this parallel data as supervised training467

material for machine translation in our experiments.468

As the corpus was originally curated to support469

VLM pretraining, a large portion of the data470

is grounded in visual descriptions, resulting471

in a relatively narrow and domain-constrained472

distribution. While this dataset does not aim to be473

a comprehensive translation benchmark, it reflects474

a realistic low-resource scenario with limited475

domain diversity and is therefore suitable for476

studying alignment behavior under data scarcity.477

Headline Generation (HG). For Tibetan head-478

line generation, we use the Tibetan subset of the479

CMHG dataset (Xu et al., 2025). Due to the fine-480

grained tokenization of Tibetan in the Qwen to-481

kenizer, raw samples often result in excessively482

long sequences and high memory consumption.483

We therefore filter out samples exceeding 1024484

tokens and retain shorter instances for both training485

and evaluation. After filtering, the dataset con-486

tains 16,449 training samples and 621 test samples,487

which are used consistently across all headline gen-488

eration experiments.489

4.1.2 Evaluation Protocols490

We adopt a multi-dimensional evaluation proto-491

col to capture both surface-level accuracy and se-492

mantic quality. For task performance, we report493

standard reference-based metrics (BLEU for MT494

and ROUGE for HG) as well as embedding-based495

semantic similarity. To assess semantic quality496

beyond reference matching, we conduct blind pair-497

wise evaluations using an LLM-as-a-Judge, where498

judgments are produced by GPT-5.2 under a fixed499

evaluation prompt; the full judging prompt and500

evaluation policy are provided in Appendix B.501

To quantify alignment tax, we evaluate all mod-502

els on a dominant-language benchmark (Chinese503

Model BLEU-4 Similarity
Cold-start SFT 0.3953 0.5593
RL (Ours) 0.4519 0.7164

Table 1: Experiment 1 results on Tibetan–Chinese ma-
chine translation.

Model ROUGE-L Similarity
Cold-start SFT 0.2204 0.5774
RL (Ours) 0.2530 0.6404

Table 2: Experiment 1 results on Tibetan headline gen-
eration.

CMRC, Cui et al., 2019) before and after adapta- 504

tion and report performance changes relative to the 505

base model. 506

4.2 Experiment 1: Effectiveness of 507

Semantic-Reward RL 508

We first evaluate whether semantic-reward-driven 509

reinforcement learning (RL) effectively acquires 510

low-resource language capabilities beyond mini- 511

mal supervised initialization. Specifically, we com- 512

pare RL against the cold-start SFT model on both 513

Tibetan–Chinese machine translation (MT) and Ti- 514

betan headline generation (HG). 515

Machine Translation. Table 1 reports the results 516

on Tibetan–Chinese MT. Starting from the same 517

cold-start SFT checkpoint trained on 5k parallel 518

sentence pairs, RL is further trained on approxi- 519

mately 90k additional samples using semantic re- 520

wards. Compared to the cold-start baseline, RL 521

yields consistent improvements in both reference- 522

based accuracy and semantic similarity. BLEU-4 523

increases from 0.3953 to 0.4519, while semantic 524

similarity improves substantially from 0.5593 to 525

0.7164. 526

Headline Generation. We observe a similar 527

trend on Tibetan headline generation. As shown 528

in Table 2, the RL model trained on approximately 529

15k samples consistently outperforms the cold-start 530

SFT baseline in both ROUGE-L and semantic sim- 531

ilarity. In particular, ROUGE-L improves from 532

0.2204 to 0.2530, while semantic similarity in- 533

creases from 0.5774 to 0.6404. 534

Analysis. Across both translation and generation 535

tasks, semantic-reward-driven RL consistently im- 536

proves performance over the cold-start SFT base- 537

line. Notably, the improvements are particularly 538

pronounced in semantic similarity, suggesting that 539

6



RL primarily refines meaning preservation rather540

than merely increasing surface-level overlap with541

references. These results confirm that embedding-542

level semantic rewards constitute a sufficiently in-543

formative alignment signal, enabling effective low-544

resource language learning beyond minimal super-545

vised initialization.546

4.3 Experiment 2: Trade-off Between Task547

Performance and Alignment Tax548

In this experiment, we compare semantic-reward-549

driven RL with a Strong SFT baseline to charac-550

terize the trade-off between task performance and551

preservation of existing general capabilities (i.e.,552

alignment tax). Unlike the cold-start SFT model553

used in Experiment 1 — which is trained only on554

a small 5k subset of low-resource data and serves555

solely as the initialization policy for RL — the556

Strong SFT model is trained on the full available557

training data (i.e., the same combined dataset558

used by cold-start SFT + RL) under the same559

optimization and LoRA configuration, represent-560

ing the best-effort supervised adaptation outcome.561

Table 3 reports results on Tibetan–Chinese machine562

translation (MT) and Tibetan headline generation563

(HG), including task metrics, semantic similarity,564

and dominant-language performance on CMRC as565

a proxy for alignment tax. We additionally report566

LLM-based preference as a reference-free measure567

of semantic quality.568

Task 1: Tibetan–Chinese Machine Transla-569

tion (MT). On MT, Strong SFT achieves higher570

reference-based scores, improving BLEU from571

0.4519 (RL) to 0.6006 and semantic similarity from572

0.7164 to 0.8282, reflecting stronger surface align-573

ment to references. However, this advantage is less574

pronounced under LLM-based judgment: Strong575

SFT is preferred in 59.2% of cases, while the RL-576

aligned model still wins 33.5%, indicating compet-577

itive semantic quality despite lower BLEU.578

These metric gains come with a substantial579

alignment tax. After adaptation, SFT suffers580

marked degradation on CMRC (41.82 Avg / 62.99581

F1), whereas RL preserves general capability sig-582

nificantly better (46.97 Avg / 65.79 F1). Overall,583

token-level imitation inflates reference-based MT584

metrics at the cost of forgetting, while constrained585

semantic alignment via RL yields safer updates586

with lower alignment tax.587

Task 2: Tibetan Headline Generation (HG).588

On HG, Strong SFT again achieves higher589

reference-based scores (ROUGE-L 0.3095 vs. 590

0.2530 for RL), while the semantic similarity gap 591

remains small (0.6499 vs. 0.6404). Both methods 592

largely preserve dominant-language performance, 593

with only minor differences in CMRC. However, 594

under LLM-based judgment, RL is strongly pre- 595

ferred: it wins 51.2% of pairwise comparisons ver- 596

sus 35.1% for SFT (+16.1 points). This suggests 597

that in open-ended generation, semantic-reward- 598

driven RL learns generation behaviors that go be- 599

yond reference imitation, capturing alternative yet 600

semantically appropriate realizations that are more 601

human-preferred despite lower n-gram overlap. 602

Overall analysis. Across both tasks, Table 3 re- 603

veals a consistent pattern: supervised fine-tuning 604

excels at maximizing reference-based metrics, 605

while semantic-reward-driven RL better preserves 606

general capabilities and improves semantic qual- 607

ity under preference-based evaluation. In MT, 608

this trade-off manifests primarily as alignment tax, 609

where SFT’s metric gains coincide with substantial 610

forgetting. In HG, where multiple valid realizations 611

exist, RL is consistently preferred by LLM judges 612

despite lower ROUGE, indicating that it learns gen- 613

eration patterns not anchored to a single reference 614

form. 615

Together, these results suggest a fundamental 616

mismatch between reference-based metrics and 617

true semantic quality in low-resource settings. By 618

aligning models in semantic space rather than en- 619

forcing surface imitation, constrained RL enables 620

the acquisition of alternative, semantically valid 621

generation paradigms that are poorly reflected by n- 622

gram metrics but better capture human preferences. 623

4.4 Experiment 3: Few-Shot Transferability 624

Finally, we examine whether the stronger MT met- 625

rics observed for SFT in Experiment 2 translate 626

into better cross-task generalization. While SFT 627

achieves higher reference-based scores on MT, Ex- 628

periment 2 also reveals a clear mismatch between 629

such metrics and semantic quality, as reflected by 630

alignment tax and LLM-based judgment. This 631

raises a natural question: do higher MT scores in- 632

dicate genuinely stronger Tibetan representations, 633

or do they primarily capture task- and reference- 634

specific surface patterns that are unlikely to trans- 635

fer? 636

To answer this, we design a few-shot transfer 637

test from MT to HG. 638

Concretely, we take the best MT checkpoints 639

7



Model Task Performance General Capability (Alignment Tax) Semantic Quality
Metric Similarity CMRC Avg CMRC F1 LLM-Judge Win (%)

Task 1: Tibetan–Chinese Machine Translation (MT)

Strong SFT 0.6006 0.8282 41.82 62.99 59.2
RL (Ours) 0.4519 0.7164 46.97 65.79 33.5

Gap (RL vs. SFT) -0.1487 -0.1118 +5.15 +2.80 -25.7

Task 2: Tibetan Headline Generation (HG)

Strong SFT 0.3095 0.6499 44.20 65.30 35.1
RL (Ours) 0.2530 0.6404 45.10 65.20 51.2

Gap (RL vs. SFT) -0.0565 -0.0095 +0.90 -0.10 +16.1

Table 3: Trade-off Analysis: Task Performance vs. Alignment Tax. For machine translation, Strong SFT achieves
higher task metrics but incurs a heavy alignment tax, reflected by a significant drop in CMRC performance. In
contrast, RL preserves general language capabilities with substantially higher CMRC scores while sacrificing
surface-level metrics. For headline generation, both methods exhibit comparable general capability preservation,
but RL significantly outperforms SFT in semantic quality as measured by LLM-based judgment, despite lower
n-gram-based scores.

Initialization ROUGE-L Similarity
Base Model 0.1585 0.4695
MT-SFT 0.1935 0.5456
MT-RL (Ours) 0.1918 0.5690

Table 4: Few-shot transfer from MT to HG with 1,000
HG training samples.

produced by Strong SFT and by RL, and fine-tune640

each of them on the HG task using only 1,000 train-641

ing samples under identical training settings. This642

setting stresses representation reuse: with limited643

HG supervision, a model that learns more general644

and semantically grounded Tibetan features during645

MT should adapt more effectively than a model646

whose gains are dominated by task-specific imita-647

tion.648

Table 4 reports the results. Both MT-adapted649

models improve substantially over the base model,650

confirming that MT training provides useful Ti-651

betan signal for downstream generation. However,652

despite MT-SFT’s strong MT performance, it does653

not retain a corresponding advantage in transfer.654

The RL-initialized model achieves a higher seman-655

tic similarity score (0.5690 vs. 0.5456), while main-656

taining comparable ROUGE-L (0.1918 vs. 0.1935).657

This indicates that the MT-SFT model’s improve-658

ments are, at least in part, tied to MT-specific sur-659

face alignment and do not generalize as strongly660

to a different open-ended generation task, whereas661

semantic-reward-driven RL yields representations662

that transfer better under limited supervision.663

Overall, this experiment supports our central664

claim that semantic-space alignment provides a665

safer and more effective adaptation paradigm in 666

low-resource settings: while SFT can produce 667

larger in-task metric gains, RL achieves more ro- 668

bust generalization across tasks, consistent with the 669

practical needs of low-resource language expan- 670

sion. 671

5 Conclusion 672

This paper argues that low-resource language ex- 673

pansion should be treated as an alignment prob- 674

lem, where the core objective is semantic con- 675

sistency rather than token-level imitation. We 676

propose a semantic-space alignment paradigm in- 677

stantiated with reinforcement learning driven by 678

embedding-level semantic similarity and a strict 679

language-consistency constraint. Experiments on 680

Tibetan–Chinese machine translation and Tibetan 681

headline generation show that semantic-reward- 682

driven RL acquires low-resource language capabili- 683

ties while substantially reducing alignment tax, pre- 684

serving dominant-language competence with near- 685

zero forgetting. We further observe a consistent 686

mismatch between reference-based metrics and se- 687

mantic quality: despite weaker n-gram overlap, RL 688

is often preferred by LLM-based judges in open- 689

ended generation and yields more transferable rep- 690

resentations under few-shot transfer.Taken together, 691

these findings suggest that semantic-space align- 692

ment offers a scalable path for extending LLMs 693

to weakly supported languages under data scarcity, 694

shifting low-resource adaptation from distribution 695

matching toward meaning-centered alignment. 696
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Limitations697

While modern LLMs nominally support many lan-698

guages, identifying a language with weak model699

performance often implies severe data scarcity, as700

in the case of Tibetan. The limited and domain-701

narrow nature of available data (e.g., translation cor-702

pora) may cause supervised fine-tuning to achieve703

artificially high in-domain metrics that do not fully704

reflect real-world generalization, making some de-705

gree of overfitting unavoidable.706

Ethical Considerations707

This work promotes inclusive language modeling708

by extending LLMs to low-resource languages such709

as Tibetan. All data are publicly available or inter-710

nally licensed and contain no personal or sensitive711

information. No human participants were involved,712

and all evaluations were performed automatically713

using LLM-based judges. While our method re-714

duces overfitting and potential bias from narrow715

supervision, residual pretrained biases may persist.716

Future research should further assess fairness and717

bias in low-resource settings.718
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A Training and Hyperparameter Details856

A.1 Base model and LoRA configuration857

We adopt Qwen3-4B-Instruct as the base model858

and apply LoRA for all SFT and RL experiments.859

Unless otherwise specified, LoRA adapters are in-860

serted into:861

• Self-attention projections: q_proj, k_proj,862

v_proj, o_proj863

• MLP projections: gate_proj, up_proj,864

down_proj865

We use LoRA rank r = 64, scaling factor α = 128,866

and dropout 0.05 throughout all experiments.867

A.2 Supervised fine-tuning (SFT) details868

• Initialization: Qwen3-4B-Instruct869

• Precision: BF16870

• Training length: 3 epochs871

• Optimizer: AdamW872

• Learning rate: 2× 10−5873

• Scheduler: cosine decay with warmup ratio874

0.1875

• Global batch size: 32 (2 GPUs × per-device876

batch size 8 × gradient accumulation 2)877

• Sequence length: determined by the data and878

model defaults, typically 1024–2048 tokens879

A.3 Reinforcement learning (GRPO) details880

We perform reinforcement learning using881

GRPO (Shao et al., 2024) starting from the882

cold-start SFT checkpoint.883

• Initialization: SFT checkpoint (cold-start)884

• Precision: BF16885

• Training length: 1 epoch886

• Optimizer: AdamW887

• Learning rate: 5× 10−7888

• Effective global batch size: 32 (per-device889

batch size 16, gradient accumulation 2)890

• Group size: 8 sampled candidate generations891

per input prompt892

• Max prompt length: 256 tokens 893

• Max completion length: 256 tokens 894

• Sampling temperature: 0.8 895

• Nucleus sampling: top-p = 0.9 896

A.4 Rationale for unified configuration 897

Across SFT and RL, we keep the base model, 898

LoRA configuration, precision, and batch scale 899

as aligned as possible. This reduces confounding 900

factors and supports attributing performance differ- 901

ences to the alignment paradigm itself. 902

B LLM-judge Prompt 903

B.1 LLM-judge Prompt for Headline 904

Generation Task 905

For the Tibetan headline generation task (HG), we 906

used prompt in Figure 2 to evaluate two candidate 907

headlines generated for a Tibetan news article. The 908

evaluation was conducted using GPT-5.2 as the 909

LLM-judge. 910

B.2 LLM-judge Prompt for Machine 911

Translation Task 912

For the Tibetan-Chinese machine translation task 913

(MT), we used the prompt in Figure 3 to evaluate 914

two candidate translations. This evaluation was 915

also conducted using GPT-5.2 as the LLM-judge. 916

In both tasks, the evaluation process was con- 917

ducted blind, with no direct reference to the model 918

outputs, ensuring an unbiased comparison of the 919

candidate results. 920
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LLM Judge Prompt for headline generation

You are an expert linguist specializing in Tibetan-Chinese journalism.
Your task is to evaluate two candidate headlines (Candidate 1 and Candidate 2) generated for a
Tibetan news article.

### Article:
[Source Text]:
{src}

[Candidate 1]:
{cand_1}

[Candidate 2]:
{cand_2}

### Task:
Compare the two candidates.
- If Candidate 1 is significantly better, output: [[1]]
- If Candidate 2 is significantly better, output: [[2]]
- If both are equally good or bad, output: [[0]]

Provide a brief reason (in Chinese) before your decision.

### Output Format:
Reason: <brief explanation>
Decision: [[1]] or [[2]] or [[0]]

Figure 2: Prompt for headline generation evaluation.
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LLM Judge Prompt for machine translation

You are an expert linguist specializing in Tibetan-Chinese translation.
Your task is to evaluate two candidate translations (Candidate 1 and Candidate 2) for a Tibetan text.

### Article:
[Source Text]:
{src}

[Candidate 1]:
{cand_1}

[Candidate 2]:
{cand_2}

### Task:
Compare the two translations.
- If Candidate 1 is significantly better, output: [[1]]
- If Candidate 2 is significantly better, output: [[2]]
- If both are equally good or bad, output: [[0]]

Provide a brief reason (in English) before your decision.

### Output Format:
Reason: <brief explanation>
Decision: [[1]] or [[2]] or [[0]]

Figure 3: Prompt for machine translation evaluation.
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