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Abstract001

Vision–language models (VLMs) have pro-002
gressed rapidly, but Tibetan remains largely003
underserved due to the lack of infrastructure004
for reproducible training and evaluation. To005
help address this gap, we introduce FTibSuite,006
a resource-centric foundation for Tibetan VLM007
research that provides an end-to-end training-008
and-evaluation workflow and includes human-009
verified multimodal annotations, partially fill-010
ing a long-standing shortage of Tibetan multi-011
modal resources. FTibSuite comprises FTib-012
Data, FTibBench, and a reproducible base-013
line model, FTibVLM, built on Qwen3-VL-014
8B-Instruct. FTibVLM adopts a three-stage015
adaptation pipeline consisting of Tibetan con-016
tinual pretraining, image–text alignment, and017
multimodal instruction tuning. For system-018
atic evaluation, FTibBench adapts five estab-019
lished multimodal benchmarks to Tibetan and020
offers a reproducible evaluation protocol to021
support consistent comparisons across models.022
Specifically, FTibBench includes Tibetan ver-023
sions of MMBench, MME, POPE, BinaryVQA,024
and COREVQA. Experiments on FTibBench025
demonstrate that FTibVLM consistently im-026
proves Tibetan multimodal performance. For027
instance, FTibVLM attains 76.01 accuracy on028
BinaryVQA, indicating that Tibetan perfor-029
mance can be competitive with high-resource030
settings on this diagnostic task. We also ob-031
serve substantial gains on other benchmarks,032
including an improvement on MMBench (dev)033
from 42.97 to 67.78 and an increase in POPE-034
random accuracy from 47.53 to 80.56, under-035
scoring the practical value of the proposed036
workflow and resources.037

1 Introduction038

In recent years, large language models (LLMs)039

and their multimodal extensions, such as vi-040

sion–language models (VLMs) and multimodal041

large language models (MLLMs), have achieved042

remarkable progress in dialogue, reasoning, and043

Figure 1: Panel (a) shows the input image featuring
traditional Tibetan elements. Panel (b) displays a two-
round interaction where the model accurately responds
to Tibetan instructions on scene recognition by veri-
fying the number of people, and fine-grained visual
understanding by identifying the clothing style. English
translations are provided in gray for reference.

visual understanding and generation (Achiam et al., 044

2023). These advances have been largely driven by 045

the continuous accumulation of high-quality pre- 046

training data and the maturation of large-scale train- 047

ing paradigms (Kaplan et al., 2020; Hoffmann et al., 048

2022). However, such capability gains are uneven 049

across languages: high-resource languages like En- 050

glish and Chinese continue to benefit from a posi- 051

tive feedback loop of data availability and ecosys- 052

tem development, whereas many low-resource lan- 053

guages face the dual constraints of scarce high- 054

quality training data and a lack of standardized, re- 055

producible evaluation protocols (Costa-Jussà et al., 056

2022; Conneau et al., 2020). This, in turn, hampers 057

effective adaptation and undermines the compara- 058

bility and reproducibility of different methods. 059

Tibetan is a typical low-resource language. Al- 060

though progress has been made on certain text- 061

based tasks (e.g., neural machine translation and 062

text classification) (An, 2023; Chen et al., 2025), 063

the scale and quality of publicly accessible data 064

remain markedly insufficient (Huang et al., 2025). 065

Meanwhile, differences in the Tibetan writing sys- 066

tem and its punctuation/whitespace conventions, as 067

well as frequent code-mixing with Chinese and En- 068

glish, further complicate data processing, making 069
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automatic data collection and cleaning more prone070

to failure (Li et al., 2024).071

In the multimodal era, this challenge is further072

amplified. Building and evaluating VLMs requires073

not only text corpora, but also large-scale, high-074

quality image–text alignment data, multimodal in-075

struction datasets, and standardized benchmarks076

with reproducible experimental setups. However,077

in the Tibetan setting, publicly available resources078

for image–text alignment, multimodal instruction079

data, and systematic evaluation protocols remain080

scarce (Alam et al., 2025). As a result, progress in081

Tibetan VLM research and reproducibility has been082

slow, and it is difficult to conduct reliable and fair083

capability assessments under unified conditions.084

Figure 1 provides a motivating example of Tibetan085

multi-turn vision-languageinteraction, where the086

model is required to follow Tibetan instructions087

and perform fine-graineavisual qrounding. This088

also highlights the need for reliable training signals089

and standardizedevaluation infrastructure tailored090

to Tibetan.091

To fill this longstanding infrastructure gap, we092

propose a resource suite for Tibetan multimodal093

research, collectively named FTibSuite. FTibSuite094

consists of three components: (i) FTibVLM, a095

reproducible Tibetan vision–language model base-096

line built upon the strong open-source backbone097

Qwen3-VL-8B-Instruct, trained via a general098

staged adaptation pipeline consisting of contin-099

ued pretraining, multimodal alignment, and mul-100

timodal instruction fine-tuning; (ii) FTibData, a101

Tibetan data collection that supports both training102

and instruction tuning; and (iii) FTibBench, a high-103

quality evaluation suite constructed by translat-104

ing and adapting multiple mainstream multimodal105

benchmarks to the Tibetan setting, enabling sys-106

tematic evaluation of Tibetan VLMs.107

Because translating and adapting benchmarks108

can easily introduce noise, the credibility of the109

evaluation suite is particularly critical. To improve110

the quality and reliability of FTibBench, we adopt111

a hierarchical quality-control pipeline. We first use112

a large model for automatic verification and scoring113

to identify inconsistencies in translations, incorrect114

mappings between answers and options, and other115

high-risk issues such as numerical errors and nega-116

tion mismatches. We then submit high-risk samples117

to manual review by Tibetan experts as the final118

safeguard, reducing potential systematic biases. To119

improve the quality and reliability of FTibBench,120

we adopt a hierarchical quality-control pipeline.121

We first utilize DeepSeek-V3 for automatic verifi- 122

cation and scoring to identify inconsistencies and 123

high-risk issues. We then submit these samples 124

to manual review by Tibetan experts as the final 125

safeguard, reducing potential systematic biases. 126

Experimental results show that this reproducible, 127

data-and-benchmark-centric pipeline substantially 128

improves Tibetan multimodal capabilities on top of 129

the backbone baseline, and provides the first com- 130

prehensive and reproducible experimental evidence 131

for systematic evaluation of Tibetan VLMs. 132

Our contributions are summarized as follows: 133

• We release FTibVLM, the first reproducible 134

Tibetan VLM baseline built upon a strong open- 135

source backbone model. 136

• We construct and open-source FTibData, a 137

training data collection covering the key data 138

types required throughout the full adaptation 139

pipeline, including Tibetan text corpora for con- 140

tinual pretraining, Tibetan image–text data for 141

multimodal alignment, and Tibetan instruction 142

data for multimodal instruction fine-tuning. 143

• We build FTibBench, a systematic benchmark 144

suite for Tibetan VLMs, by translating and 145

adapting five widely used multimodal bench- 146

marks, including BinaryVQA and MMBench, 147

to the Tibetan setting, enabling comprehensive 148

evaluation of Tibetan VLMs across diverse ca- 149

pability dimensions. 150

2 Related Work 151

2.1 Vision-Language Models 152

The development of vision–language models has 153

been largely driven by two complementary lines 154

of research: large-scale image–text pretraining and 155

unified generative modeling. Early work typically 156

learns cross-modal representations from web-scale 157

image–text pairs via contrastive objectives, exem- 158

plified by CLIP (Radford et al., 2021), ALIGN (Jia 159

et al., 2021), and BLIP (Li et al., 2022, 2023a). 160

As instruction following has emerged as a de 161

facto interface for LLMs, multimodal research has 162

increasingly shifted toward LLM-centric, genera- 163

tive VLMs. For example, Flamingo (Alayrac et al., 164

2022) introduces cross-modal connector modules 165

between vision and language backbones, while 166

PaLI (Chen et al., 2022) emphasizes joint scal- 167

ing of vision and language. In the open-source 168

ecosystem, LLaVA (Liu et al., 2023) and Instruct- 169

BLIP (Dai et al., 2023) demonstrate that converting 170

heterogeneous multimodal tasks into an “instruc- 171
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tion–response” format is a key step toward building172

general-purpose visual assistants, while Qwen-VL173

(Bai et al., 2023) systematically highlights the im-174

portance of a strong backbone, multi-stage training,175

and curated multilingual multimodal corpora for176

general capabilities.177

2.2 Data and Evaluation for VLMs178

The advancement of VLMs has been largely en-179

abled by the joint maturation of high-quality in-180

struction data and diagnostic evaluation suites. For181

extremely low-resource languages such as Tibetan,182

the availability of a reusable data pipeline span-183

ning continual pretraining to instruction tuning is184

often a key determinant of whether an open and185

sustainable research ecosystem can be established.186

On the data side, instruction construction is in-187

creasingly moving beyond purely synthetic QA to-188

ward broader task coverage and higher annotation189

quality. Vision-Flan (Xu et al., 2024), for example,190

reformulates a wide range of academic datasets191

into a unified visual instruction format and demon-192

strates the effectiveness of a two-stage instruction-193

tuning recipe, first leveraging high-quality human-194

labeled tasks and then scaling with synthetic align-195

ment data. LoResMT (Xiao et al., 2025) further196

explores systematic pipelines that transform par-197

allel text corpora into multimodal training data in198

low-resource settings.199

On the evaluation side, benchmarks are shift-200

ing from coarse-grained leaderboards toward diag-201

nostic and reliability-oriented assessments. POPE202

(Li et al., 2023b) evaluates object hallucination in203

VLMs. MME (Fu et al., 2025), in contrast, of-204

fers a more comprehensive capability profile by205

covering both perception- and cognition-level sub-206

tasks. Beyond these, BinaryVQA (Borji, 2023)207

probes out-of-distribution generalization and bias,208

while COREVQA (Chintapatla et al., 2025) targets209

fine-grained observation and reasoning in crowded210

scenes, further revealing the brittleness of current211

VLMs under challenging visual conditions. More212

recently, UPD (Miyai et al., 2025) highlights that213

high multiple-choice VQA scores alone do not nec-214

essarily imply genuine understanding. However,215

despite the abundance of existing evaluations, they216

are predominantly English-centric, and there is no217

widely adopted, publicly released Tibetan counter-218

part of mainstream multimodal benchmarks.219

2.3 Low-Resource Language Adaptation and 220

Resources 221

Low-resource language capability is typically 222

achieved through strong backbone plus target- 223

distribution adaptation strategy, such as continual 224

pretraining (Gururangan et al., 2020). The same 225

principle applies in the multimodal setting: rather 226

than training from scratch, it is often more effective 227

and cost-efficient to start from a strong multimodal 228

backbone and perform distribution alignment and 229

stage-wise adaptation. 230

For adaptation efficiency and stability, 231

parameter-efficient fine-tuning provides a solu- 232

tion for low-resource and multi-stage training. 233

Adapters enable multi-task expansion by inserting 234

lightweight modules while keeping the backbone 235

frozen (Houlsby et al., 2019), and LoRA (Hu et al., 236

2022) substantially reduce memory and parameter 237

overhead through low-rank updates and quantized 238

training, making iterative development feasible 239

under limited compute budgets. BranchLoRA 240

(Zhang et al., 2025) further mitigates catastrophic 241

forgetting in continual learning via structured 242

routing and freezing mechanisms. Taken together, 243

these studies suggest that effective low-resource 244

adaptation should not only acquire new capabili- 245

ties, but also preserve existing ones and support 246

controllable transfer. 247

From the perspective of resource development, 248

there has been notable progress on Chinese mi- 249

nority languages in terms of textual corpora and 250

pretrained models. MC2 (Zhang et al., 2023) sys- 251

tematically constructs multilingual corpora for mi- 252

nority languages in China, while CINO (Yang et al., 253

2022) and XLM-SWCM (Su et al., 2025) train ded- 254

icated multilingual language models for Chinese 255

minority languages. However, these efforts primar- 256

ily focus on text-only resources. Publicly available 257

multimodal alignment data, instruction-tuning data, 258

and standardized evaluation pipelines for Tibetan 259

remain absent. 260

3 Constructing a Comprehensive VLM 261

Suite for Tibetan 262

This section builds and releases the first compre- 263

hensive Tibetan research resource and evaluation 264

infrastructure suite for vision–language models 265

(VLMs), FTibSuite, for the Tibetan community. 266

It aims to address three long-standing foundational 267

gaps in Tibetan multimodal research: (i) the lack 268

of reusable training corpora, (ii) the lack of Tibetan 269
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Figure 2: FTibSuite overview. which consists of three coupled components: FTibData, providing reusable
multilingual and multimodal training signals; FTibVLM, a staged adaptation pipeline that incrementally adapts a
vision-language backbone to Tibetan via continual pretraining (CP), multimodal alignment (MA), and instruction
tuning (MIT) and FTibBench, unified evaluation framework with standardized protocols and hierarchical .

evaluation benchmarks that are aligned with main-270

stream English benchmarks and whose quality can271

be verified, and (iii) the lack of baseline models that272

are reproducible and comparable under a unified273

evaluation protocol.274

To this end, we organize the resources produced275

in this work following a “data–evaluation–baseline”276

structure, as summarized in Figure 2. FTibData277

provides reusable training signals for staged adap-278

tation; FTibVLM instantiates these signals into re-279

producible reference checkpoints; and FTibBench280

standardizes evaluation with a unified protocol ac-281

companied by a hierarchical quality-control work-282

flow, whose feedback is used to refine translation283

and parsing rules for subsequent iterations.284

3.1 Training corpus285

To introduce stable Tibetan generation capabili-286

ties without modifying the model architecture, we287

first conduct Tibetan-oriented continual pretrain-288

ing. The goal of this stage is to explicitly shift289

the backbone’s language distribution toward the290

Tibetan text space, enabling more reliable Tibetan291

language modeling and providing a solid linguistic292

foundation for subsequent multimodal alignment293

and instruction fine-tuning.294

We use three categories of text data: a Tibetan295

subset from MC2(Zhang et al., 2024), publicly296

available Tibetan instruction data (e.g., tibetan-297

mix-instruction-tuning-60K), and the Chinese LC-298

STS corpus. After unified cleaning, the combined299

dataset contains approximately 2.2 million sam-300

ples, with about 70% Tibetan and 30% Chinese.301

Under the low-resource setting, we retain a certain302

proportion of Chinese data for two main reasons: 303

first, preserving the backbone’s original Chinese 304

capability is practically valuable; second, we in- 305

terleave source-language data during cross-lingual 306

continual pretraining as data replay, motivated by 307

discussions on mitigating catastrophic forgetting in 308

continual pretraining.(Zheng et al., 2024) 309

We construct the cross-modal image–text align- 310

ment corpus based on the Chinese captioning data 311

of AI Challenger (Wu et al., 2017), using a fixed 312

pool of 100k images. In total, we build 150k one- 313

image–one-caption pairs: 100k Tibetan pairs trans- 314

lated from primary Chinese captions as the main 315

grounding signal, 30k original Chinese pairs re- 316

tained to stabilize training, and 20k additional Chi- 317

nese pairs with alternative captions to enhance ex- 318

pression diversity. 319

We build the multimodal instruction fine-tuning 320

corpus based on Vision-Flan (Xu et al., 2024), with 321

fixed task-type ratios (caption 25%, VQA 40%, 322

classification 20%, counting 5%, others 10%). We 323

translate 30k sampled instances into Tibetan as the 324

primary instruction set, and translate another 10k 325

instances (with the same ratios) into Chinese to 326

maintain Chinese capability. We further create a 327

10k Tibetan–Chinese parallel subset by translating 328

the same image-conditioned instances into both 329

languages, and normalize all data into a unified 330

multimodal instruction–response format. 331

3.2 Tibetan visual-linguistic baseline 332

We build FTibVLM on top of the multimodal back- 333

bone Qwen3-VL-8B-Instruct (Yang et al., 2025) 334

and adopt a unified conversational interface of “im- 335
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age + textual instruction” for both training and336

inference. The adaptation process follows a three-337

stage pipeline driven by the three data modules in338

FTibData.339

Stage A — Continual Pretraining (CP). This340

stage adapts the backbone’s language distribution341

toward Tibetan through text-only continual pre-342

training. The goal is to establish a stable linguistic343

foundation for Tibetan generation and understand-344

ing, while retaining the backbone’s original Chi-345

nese capability boundary.346

Stage B — Multimodal Alignment (MA).347

Given the linguistic prior obtained in CP, this stage348

performs caption-based image–text alignment to349

strengthen the correspondence between visual se-350

mantics and Tibetan expressions. This improves351

cross-modal grounding stability when the model is352

prompted in Tibetan.353

Stage C — Multimodal Instruction Tuning354

(MIT). The final stage fine-tunes the model on355

multimodal instruction data to enhance instruction356

following, multi-task execution, and interactive357

usability. Beyond task accuracy, MIT stabilizes358

response format and decision behaviors under Ti-359

betan prompts.360

To support controlled analysis, we save check-361

points after each stage and evaluate three variants362

under the same backbone starting point: Base (no363

Tibetan adaptation), CP+MA, and CP+MA+MIT364

(the final FTibVLM). These variants correspond365

one-to-one to the three stages above and together366

constitute the full staged adaptation pipeline.367

3.3 Benchmarks and Metrics368

FTibBench is designed to address the lack of369

widely adopted and publicly released multimodal370

benchmarks for Tibetan. Direct translation from371

English benchmarks often introduces systematic372

noise (e.g., negation mismatch, numerical drift,373

entity misalignment, and option–answer mapping374

errors), which undermines the reliability of evalua-375

tion results. Rather than merely localizing existing376

datasets, FTibBench aims to provide a reproducible377

and auditable evaluation protocol with controlled378

differences across models.The full judging prompt379

and evaluation policy are provided in Appendix F.380

Benchmark Suite. FTibBench covers five major381

multimodal benchmarks in Tibetan: POPE (ran-382

dom / popular / adversarial subsets), BinaryVQA,383

COREVQA, MME, and MMBench-dev. During384

translation and adaptation, we preserve the orig- 385

inal task definitions and answer spaces as much 386

as possible, and expose all benchmarks through a 387

unified execution interface to facilitate reuse, ex- 388

tension, and controlled comparison. Details about 389

FTibBench can be found in Appendix A. 390

Evaluation Protocol. To ensure comparability 391

across models, FTibBench standardizes evaluation 392

along three components: prompt formatting, decod- 393

ing configuration, and output normalization. All 394

models are evaluated under an identical Tibetan 395

prompt template and a fixed inference configura- 396

tion. For classification-style tasks, we restrict the 397

answer space to reduce ambiguity: multiple-choice 398

benchmarks require outputting only the option sym- 399

bol, while binary tasks are normalized to a 0/1 de- 400

cision space. Outputs are subsequently processed 401

through a unified normalization and parsing proce- 402

dure, and we additionally report the proportion of 403

unmappable outputs as a stability indicator; in our 404

experiments, this invalid rate is 0. 405

Annotation and Quality Control. To improve 406

the credibility of translated benchmarks, we adopt 407

a hierarchical quality-control workflow. For each 408

benchmark, all of instances are first screened via 409

automated consistency checking, and an additional 410

10% are manually reviewed by Tibetan-language 411

experts as a final gate. Automated verification 412

follows a unified rubric scoring accuracy (0–2), 413

completeness (0–2), and Tibetan linguistic natu- 414

ralness (0–1), yielding a traceable quality score in 415

0–5. We conducted small-scale comparative tests 416

across multiple large models together with Tibetan 417

experts, and selected DeepSeek-V3 (DeepSeek-AI 418

et al., 2025) as the primary automatic verifier due to 419

its stability in Tibetan semantic judgment. Manual 420

inspection focuses on high-risk error categories (en- 421

tity alignment, negation, numerics, option–answer 422

mapping), and all confirmed issues are fed back 423

to refine translations and parsing rules.The LLM- 424

judge prompt can be found in Appendix F. 425

Taken together, FTibBench provides not only 426

Tibetan counterparts of mainstream multimodal 427

benchmarks, but also a controlled and auditable 428

evaluation protocol, enabling fair, reproducible, 429

and stability-aware comparison of Tibetan VLMs. 430
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4 Experiments431

4.1 Experimental Setup432

Model Setup. We use Qwen3-VL-8B-Instruct433

(Yang et al., 2025) as the backbone model, adopt434

the same three-stage adaptation pipeline as main-435

stream open-source VLMs, and keep the model ar-436

chitecture unchanged. The three training stages in-437

clude continual pretraining, cross-modal alignment438

training, and multimodal instruction fine-tuning.439

Our key motivation for choosing a strong back-440

bone is that its general visual understanding and441

instruction-following capabilities provide a higher442

starting point for transferring to low-resource lan-443

guages, allowing us to focus our primary efforts on444

completing the Tibetan data and evaluation pipeline445

rather than training an entire multimodal system446

from scratch.447

Implementation details. All three training448

stages use parameter-efficient fine-tuning with449

LoRA, are run in bf16 precision, and are trained450

with DDP on 8× RTX 4090 GPUs. We use the451

AdamW optimizer, adopt a cosine learning-rate452

schedule, and set the gradient clipping threshold to453

1.0. To match the training budget with the objec-454

tives of each stage, we apply stage-specific configu-455

rations of frozen and trainable modules. In the con-456

tinual pretraining stage, which focuses on language-457

distribution adaptation, we freeze the visual en-458

coder and the multimodal projection layer, and459

inject LoRA only into the language components460

to enable low-cost transfer. In the cross-modal461

alignment and instruction fine-tuning stages, which462

target visual alignment and improved instruction-463

following ability, we freeze the visual encoder464

while keeping the projection layer trainable, so465

that we can stably preserve the backbone’s visual466

representations while more effectively adapting the467

cross-modal mapping and instruction behaviors.468

Training and hyperparameter details are pro-469

vided in Appendix B.470

Benchmarks This paper proposes FTibBench to471

evaluate models’ Tibetan multimodal capabilities,472

covering POPE (random, popular, adversarial), Bi-473

naryVQA, COREVQA, MME, and MMBench-474

BO (all in Tibetan; each benchmark follows the475

official default data split, or uses the official dev476

set). Chinese capability retention is reported on477

MMBench-CN (dev). POPE, BinaryVQA, and478

COREVQA report Accuracy and F1. MME strictly479

follows the official evaluation procedure and re-480

ports Acc as well as the stricter Acc+. MMBench 481

and MMBench-CN (dev) use standard multiple- 482

choice evaluation and report the overall score. 483

Evaluation protocols. All experiments strictly 484

adhered to a unified standard, including Tibetan 485

prompt templates, deterministic decoding settings, 486

a constrained output space, and unified parsing 487

rules. Specifically, multiple-choice questions re- 488

quired the model to output only the letter of the 489

option; the binary classification task normalized 490

the answer space to 1 and 0. The invalid rate was 0 491

in the experiments, indicating that the output pars- 492

ing is stable under this protocol, and the scoring is 493

unaffected by parsing failures. 494

4.2 Experimental Results 495

Tables 1 to 3 summarize the systematic evaluation 496

results on FTibBench in the Tibetan setting. Over- 497

all, FTibVLM achieves substantial improvements 498

over Base on POPE, BinaryVQA, COREVQA, 499

MME, and MMBench-BO. 500

As shown in Table 1, on POPE, which focuses 501

on diagnosing object hallucination, FTibVLM con- 502

sistently outperforms Base across all three subsets. 503

Specifically, on POPE-random, accuracy increases 504

from 47.53 to 80.56, and F1 increases from 43.62 505

to 80.51. On the more challenging POPE-popular 506

and POPE-adversarial subsets, accuracy reaches 507

81.70 and 78.63, and F1 reaches 73.40 and 78.49. 508

These results indicate that after Tibetan-side adap- 509

tation, the model is more robust under the image- 510

consistency and hallucination-sensitive conditions 511

captured by POPE, and the gains remain consistent 512

across subsets of different difficulty levels. 513

On BinaryVQA, FTibVLM also delivers consis- 514

tent gains. Accuracy increases from 54.46 to 76.01, 515

and F1 increases from 53.08 to 73.25, indicating 516

that the model’s discriminative ability is substan- 517

tially strengthened in the binary VQA setting with a 518

constrained answer space. For COREVQA, which 519

emphasizes fine-grained observation and reasoning 520

in crowded scenes, accuracy improves from 31.49 521

to 50.85. 522

Table 2 reports the comparison results on MME, 523

a multi-task evaluation organized by capability di- 524

mensions. Overall, FTibVLM improves both ac- 525

curacy and the stricter accuracy plus metric across 526

multiple subtasks. For example, on basic per- 527

ception tasks such as existence and color, accu- 528

racy reaches 88.33 and 78.33, while accuracy plus 529

reaches 80.00 and 63.33. On tasks closer to scene 530
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Model POPE(random) POPE(popular) POPE(adversarial) BinaryVQA COREVQA

Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

Base 47.53 43.62 46.30 60.65 46.22 60.49 54.46 53.08 31.49 42.16
FTibVLM(ours) 80.56 80.51 81.70 73.40 78.63 78.49 76.01 73.25 50.85 35.52

Table 1: Main results on Tibetan hallucination robustness and binary VQA benchmarks.

Model existence color posters scene count

Acc Acc+ Acc Acc+ Acc Acc+ Acc Acc+ Acc Acc+

Base 50.00 33.33 55.00 10.00 63.95 34.69 60.25 31.50 50.00 0.00
FTibVLM(ours) 88.33 80.00 78.33 63.33 77.55 59.18 75.75 53.00 66.70 33.33

Table 2: Main results on MME for Tibetan multimodal capability profiling.

Model Overall LR AR RR FP-S FP-C CP

Base 42.97 52.57 40.14 38.01 43.54 42.00 43.41
FTibVLM(ours) 67.78 61.65 63.23 66.07 65.16 68.29 76.01

Table 3: Main results on MMBench(dev) for Tibetan multimodal understanding and reasoning.

Model Overall LR AR RR FP-S FP-C CP

Base 88.50 84.47 88.41 85.17 91.87 84.80 89.72
FTibVLM(ours) 88.15 83.50 87.12 84.04 91.42 84.05 90.80

Table 4: Chinese capability retention on MMBench-CN(dev) after Tibetan adaptation.

Model MMBench(dev) POPE
random popular adversarial

Base 42.97 47.53 46.38 46.22
CP + MA 60.87 71.10 73.83 69.35
FTibVLM 67.78 80.56 81.70 78.63

Table 5: Stage-wise ablation on MMBench(dev) and
POPE for Tibetan adaptation (base. vs. caption align-
ment. vs. + instruction SFT).

understanding such as posters and scene, FTibVLM531

also achieves steady gains, with scene improving532

from 60.25 to 75.75. On the more challenging533

count task, accuracy rises from 50.00 to 66.70 and534

accuracy plus rises from 0.00 to 33.33. A finer-535

grained MME subtask analysis is reported in Ap-536

pendix C (Table 8), which shows that improve-537

ments are most pronounced on basic perception538

and decision-oriented dimensions, while OCR- and539

text-related subtasks remain comparatively chal-540

lenging. Given that OCR appears to be a primary541

bottleneck, we further conduct a targeted Tibetan542

OCR adaptation study; details are provided in Ap-543

pendix E. 544

FTibVLM increases the overall score from 42.97 545

to 67.78, demonstrating a substantial gain on the 546

Tibetan multiple-choice comprehensive evaluation. 547

Breaking down by dimensions, the model achieves 548

61.65, 63.23, and 66.07 on LR, AR, and RR, and 549

65.16, 68.29, and 76.01 on FP-S, FP-C, and CP. 550

These results indicate that the multi-dimensional ca- 551

pability categories covered by MMBench reliably 552

capture the overall improvements of the model in 553

Tibetan multimodal understanding and reasoning. 554

To complement the coverage of the main evaluation 555

on cross-modal semantic consistency and visual en- 556

tailment reasoning, we conduct an additional diag- 557

nostic study on SNLI-VE; the experimental setup 558

and full results are reported in Appendix D. 559

Overall, the experimental results show that the 560

unified evaluation protocol and hierarchical quality- 561

control pipeline established by FTibBench can re- 562

liably differentiate Tibetan multimodal capabili- 563

ties across models under the same setting. Within 564

this evaluation loop, FTibVLM exhibits consistent 565
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and substantial improvements over Base across the566

core tasks in FTibBench, demonstrating that our567

stage-wise adaptation driven by FTibData effec-568

tively enhances Tibetan multimodal understanding569

and reasoning, and provides a reproducible and570

diagnosable strong baseline for future work.571

4.3 Ablation Studies572

4.3.1 Stage-Wise Ablation573

To quantify the marginal contributions of different574

data modules in FTibData and conduct an inter-575

pretable comparison under the unified evaluation576

protocol established by FTibBench, we evaluate577

three stage-wise checkpoints on FTibBench: Base,578

CP+MA (after continual pretraining and multi-579

modal alignment), and the final model FTibVLM580

(further incorporating multimodal instruction tun-581

ing on top of CP+MA). As shown in Table 5, over-582

all performance exhibits a consistent upward trend583

as modules are introduced, with larger gains from584

Base to CP+MA and additional robust improve-585

ments from CP+MA to FTibVLM.586

This stage-wise improvement aligns with the587

functional division of the three supervision signals.588

CP establishes a Tibetan language-distribution589

foundation while reducing cross-lingual forgetting,590

MA strengthens the alignment between visual se-591

mantics and Tibetan expressions to improve cross-592

modal consistency and discriminative stability, and593

MIT further boosts performance in interactive and594

multi-task settings by shaping instruction follow-595

ing and overall capability. Overall, these controlled596

results support a resource-module-driven and in-597

terpretable improvement conclusion: under a uni-598

fied evaluation protocol and a fixed implementation599

setup, performance gains emerge steadily as mod-600

ules are added, and can be further attributed to601

the incremental contributions of different modules602

across diagnostic dimensions of the benchmarks.603

4.3.2 Chinese Capability Retention604

Stage-wise adaptation can inject target-language605

capability, but it may also introduce cross-lingual606

degradation. To examine whether our training607

pipeline affects Chinese multimodal performance,608

we compare our Tibetan multimodal model FTib-609

VLM with the baseline Base on MMBench-CN610

(dev). As shown in Table 4, FTibVLM achieves an611

overall score of 88.15, which is essentially on par612

with Base at 88.50, exhibiting only minor fluctua-613

tions and no consistent downward trend. Notably,614

FTibVLM even improves on the CP dimension, 615

increasing from 89.72 to 90.80. 616

These results validate that the mixed-corpus de- 617

sign of FTibData is both effective and necessary. 618

We retain a certain proportion of Chinese in the text 619

corpus and introduce a Chinese anchor subset in the 620

image–text alignment and instruction fine-tuning 621

stages, with the goal of providing cross-lingual 622

stability constraints during training and mitigat- 623

ing cross-lingual forgetting and output degradation 624

caused by ccontinual pretraining and subsequent 625

multi-stage adaptation. Overall, while substantially 626

strengthening Tibetan multimodal capability, FTib- 627

VLM does not exhibit a noticeable loss in overall 628

Chinese multimodal competence, providing a more 629

stable capability boundary for cross-lingual reuse 630

and real-world deployment in Tibetan scenarios. 631

5 Conclusion 632

In this paper, we introduce FTibSuite, a resource 633

suite for Tibetan vision–language modeling that 634

integrates FTibData, FTibBench, and the first Ti- 635

betan VLM baseline FTibVLM, together with a 636

reproducible training and evaluation pipeline built 637

upon Qwen3-VL-8B-Instruct. We construct FTib- 638

Data and adopt a three-stage adaptation pipeline— 639

Tibetan continual pretraining, image–text align- 640

ment, and multimodal instruction tuning—to equip 641

FTibVLM with Tibetan generation, grounding, and 642

instruction-following abilities in a reproducible 643

manner. We build FTibBench by migrating five es- 644

tablished multimodal benchmarks into the Tibetan 645

setting, covering hallucination robustness, binary 646

decision stability, dense-scene understanding, capa- 647

bility profiling, and multiple-choice reasoning. To 648

improve benchmark reliability, we use DeepSeek- 649

V3 for automatic verification and rubric-based scor- 650

ing, and conduct Tibetan-expert review and anno- 651

tation for high-risk cases, helping partially fill the 652

infrastructure gap for Tibetan multimodal research. 653

Experiments show consistent Tibetan gains with 654

minimal degradation of the backbone’s Chinese ca- 655

pability, and staged checkpoints support controlled 656

analysis of how different adaptation signals con- 657

tribute to improvements. Future work will focus on 658

improving Tibetan multimodal supervision quality, 659

expanding benchmark coverage, and developing 660

more robust multilingual adaptation strategies, es- 661

pecially for OCR and in-image text understanding. 662
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Limitations663

This work focuses on data- and training-driven664

adaptation on top of a strong open-source back-665

bone, rather than proposing new model architec-666

tures, so the improvements are bounded by the ca-667

pabilities of the underlying design. In addition, the668

current training pipeline still has room to improve:669

some Tibetan multimodal supervision is obtained670

through translation and dataset repurposing, which671

may introduce noise and limit robustness. Future672

work could strengthen these aspects with higher-673

quality Tibetan-native multimodal data and more674

principled multilingual adaptation strategies.675

Ethical Considerations676

This work aims to promote inclusive vi-677

sion–language modeling by extending Tibetan mul-678

timodal research through a resource suite that sup-679

ports more reproducible training and evaluation.680

The resources in FTibSuite are constructed by681

adapting existing datasets and benchmark designs;682

we make efforts to respect original licenses and683

document provenance and usage constraints for684

each component. To improve benchmark reliabil-685

ity, we employ a tiered quality-control workflow686

with large-model automatic verification and scor-687

ing followed by Tibetan-expert review and anno-688

tation for high-risk cases. While these procedures689

reduce common adaptation errors and evaluation690

noise, residual artifacts and pretrained biases may691

persist, and benchmark scores should not be taken692

as complete evidence of real-world Tibetan multi-693

modal competence. Finally, stronger Tibetan VLM694

capability may be misused, such as for generating695

misleading content, and we therefore encourage696

transparent reporting of limitations and careful de-697

ployment in high-stakes settings.698
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A FTibBench benchmark adaptation and912

quality control details913

A.1 Benchmark Composition, Splits, and Scale914

FTibBench currently includes Tibetan versions of915

five representative multimodal evaluation bench-916

marks, covering complementary dimensions such917

as hallucination robustness, binary decision mak-918

ing, dense-scene understanding, multi-dimensional919

capability profiling, and comprehensive multiple-920

choice understanding.921

POPE. POPE contains three splits (adversarial,922

popular, and random) and is used to evaluate hallu-923

cination tendencies and robustness under question924

answering about target existence.925

BinaryVQA. BinaryVQA is a binary-926

classification VQA benchmark whose answer927

space is strictly 0/1, and is used to evaluate928

decision stability and output controllability.929

COREVQA. COREVQA targets fine-grained930

observation and reasoning in dense/complex931

scenes, emphasizing counting, relations, and local932

entity understanding.933

MME. MME is a multi-dimensional capability934

profiling benchmark, used to diagnose a model’s ca-935

pability structure across multiple task dimensions.936

It includes 14 category subsets: artwork, celebrity,937

code_reasoning, color, commonsense_reasoning,938

count, existence, landmark, numerical_calculation,939

OCR, position, posters, scene, and text_translation.940

MMBench-BO. MMBench-BO is a multiple-941

choice benchmark for overall comparison of multi-942

modal understanding and reasoning abilities.943

A.2 Translation and Adaptation Principles944

To maximize fairness in cross-model comparisons,945

we follow the principle of “unchanged task def-946

inition, unchanged answer space, and structure947

aligned as much as possible” during translation948

and adaptation. We strictly maintain answer-space949

consistency: for binary tasks, we uniformly use950

0/1 (1 denotes “yes/present/true,” and 0 denotes951

“no/absent/false”); for multiple-choice tasks, we952

keep the original option set unchanged and restrict953

outputs to A/B/C/D. Meanwhile, we ensure that954

structural fields are traceably mappable, facilitat-955

ing subsequent alignment analyses and audits.956

A.3 High-Risk Error Types and Checklist 957

As is shown in Table 6, we treat the following error 958

types as high risk and prioritize them for automated 959

screening and manual review. 960

A.4 Automated Quality Control: Evaluation 961

Rubric and Field-Level 962

We rate each sample along three dimensions includ- 963

ing accuracy, completeness, and expression fluency, 964

with a total score ranging from 0 to 5, and record 965

brief diagnostic comments to support revision and 966

regression analysis. The scoring dimensions are 967

listed in the Table 7. 968

A.5 Score-Triggered Revision and Manual 969

Review Strategy 970

We adopt a tiered quality-control strategy of “au- 971

tomatic scoring + human fallback” to balance 972

quality and cost: 973

• Total ≤ 2: mandatory revision and manda- 974

tory human review. Such samples typically 975

exhibit missing key terms, semantic drift, or 976

clearly unnatural phrasing, which may com- 977

promise evaluation consistency and fairness. 978

They are therefore prioritized for correction 979

and verified by human reviewers. 980

• Total ≥ 3: entered into a spot-check review 981

pool. Issues are usually minor, such as slight 982

verbosity, minor over-translation, or less-than- 983

natural wording. We randomly sample 10% 984

from this pool for human review: annotators 985

re-score and label the samples, and we check 986

whether the human judgments are consistent 987

with the model-generated scores. 988

To improve the verifiability of Tibetan 989

translation/adaptation quality, we log, for 990

sampled BinaryVQA instances, the English 991

question (question_en), the Tibetan ques- 992

tion (question), the three dimension scores 993

(accuracy/completeness/tibetan_expression), 994

the total score (total, 0-5), and a brief diagnostic 995

comment (comment). During human review, 996

we cross-check the automatic scoring results. 997

Except for a small number of cases that require 998

additional explanation, human judgments are 999

largely consistent with the automatic scores. 1000

As is shown in Figure 3, we further present three 1001

representative low-scoring examples to illustrate 1002

common translation error types and the correspond- 1003

ing reasons for score deductions. 1004
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Figure 3: Three representative low-scoring English–Tibetan translation examples with automatic scores and human
review rationales.

Error Type Risk Description & Criteria
Negation Flip Negation markers (e.g., not/no/non-) are dropped or weakened, resulting in a complete

reversal of the intended meaning.
Numerical Drift Quantities, comparison relations (e.g., greater/less than), or boundary constraints (e.g.,

at least/at most) are altered.
Entity Misalignment Key entity attributes (e.g., color, position/direction, category) or proper nouns (e.g.,

person/place names) become inconsistent or mis-referenced.
Option Mismatch (Multiple-choice only) The order of translated option texts changes, causing the correct

answer label (e.g., A/B) to point to the wrong content.
Option Collapse (Multiple-choice only) Distinct options are translated into near-synonymous expres-

sions, reducing discriminability and causing overlap in the choice space.
Terminology Error Key objects are not translated into standardized Tibetan terminology, or neologisms

are used, leading to referential ambiguity.
Repetition Redundant phrasing (e.g., synonym stacking or unnatural repetition of stems) appears,

degrading the model’s ability to parse the instruction.

Table 6: Taxonomy of translation error types and risk description & criteria.

B FTibVLM Three-Stage Training Setup1005

This section presents the end-to-end, three-stage1006

adaptation training setup for FTibVLM, cover-1007

ing key reproducibility factors such as the train-1008

ing framework, hardware environment, optimizer1009

and learning-rate schedule, LoRA configuration,1010

batch/length settings, freezing strategy, and image1011

resolution range.1012

Stage A(CP): LoRA r=10, α=16, dropout= 0;1013

learning rate 5× 10−5; trained for 3 epochs; global1014

batch size = 64 (per-GPU batch = 1, gradient ac-1015

cumulation = 8); max sequence length = 2056,1016

with packing enabled; freeze the vision tower1017

and the multimodal projector; image pixel range1018

[1024, 262144].1019

Stage B(CP+MA): LoRA r=10, α=16,1020

dropout= 0; learning rate 5 × 10−5; trained for 1021

2 epochs; global batch size = 64 (per-GPU batch 1022

= 1, gradient accumulation = 8); max sequence 1023

length = 2048 (packing disabled); freeze the vi- 1024

sion tower while keeping the multimodal projector 1025

trainable; image pixel range [1024, 589824]. 1026

Stage C(MIT): LoRA r=4, α=16, dropout= 0; 1027

learning rate 5× 10−5; trained for 2 epochs; global 1028

batch size = 256 (per-GPU batch = 2, gradient ac- 1029

cumulation = 16); max sequence length = 2024; 1030

gradient checkpointing enabled; freeze the vision 1031

tower while keeping the multimodal projector train- 1032

able; image pixel range [1024, 262144]. 1033
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Dimension Score Criteria

Accuracy
2 Semantically accurate: Faithfully conveys the core meaning; key information remains

consistent.
1 Deviations present: Largely correct, but with issues such as missing/incorrect termi-

nology, unclear correspondences, or semantic drift.
0 Incorrect: Meaning is distorted; key content is wrong or there are severe mistranslation

errors.

Completeness
2 Complete information: No obvious omissions.
1 Minor missing: The main message is present, but some details are missing, which may

introduce slight ambiguity.
0 Severe missing: Key information is missing, changing the question intent or the answer

space.

Expression Fluency
1 Natural: Fluent and natural expression, with no obvious traces of literal translation.
0 Awkward: Stilted or unnatural phrasing; hard to read or with clear literal-translation

artifacts.

Table 7: Scoring rubric for translation quality across accuracy, completeness, and expression fluency.

C MME Subtask Evaluation Results1034

As shown in Table 8, compared with the base1035

model, FTibVLM improves MME Overall Acc1036

from 63.98% to 75.02% (+11.04 percentage1037

points), and raises the stricter Acc+ from 33.28%1038

to 54.51% (+21.23 percentage points). From a task-1039

level breakdown, the model shows particularly pro-1040

nounced gains in existence, color, and count,1041

basic perception and decision-oriented tasks with1042

clear improvements in Acc+ and output stability.1043

In contrast, OCR and text_translation, which1044

rely more heavily on the text-recognition and cross-1045

lingual translation pipeline, remain the main bottle-1046

necks. Future work could further strengthen these1047

capabilities by incorporating higher-quality Tibetan1048

OCR and in-image text alignment data, as well as1049

enforcing translation-consistency constraints.1050

D Additional Diagnostic Benchmark:1051

SNLI-VE1052

To complement the evaluation coverage of1053

FTibBench, we additionally evaluate the model1054

on the Tibetan three-way classification set of1055

SNLI-VE to assess cross-modal logical con-1056

sistency and visual entailment reasoning abil-1057

ity. This task requires the model to deter-1058

mine the relationship between an image and a1059

textual hypothesis and output one of three la-1060

bels: contradiction/neutral/entailment (encoded1061

as 0/1/2). We adopt a unified scoring setup (ro-1062

bust candidates + better gate) and filter and ag-1063

gregate predictions under a strict gating strategy1064

(Gate: mode=strict_entailment, min_conf_2=0.62,1065

min_margin_2=0.1). The evaluation contains1066

17,901 samples, with no invalid outputs, no missing 1067

images, and no skipped samples. 1068

As shown in Table 9, compared with Base, FTib- 1069

VLM achieves a substantial improvement on this 1070

additional diagnostic task: overall Accuracy in- 1071

creases from 0.3715 to 0.5432, and Macro-F1 also 1072

rises from 0.3072 to 0.5400. At the class level, the 1073

base model tends to over-predict contradiction 1074

(class 0), whereas FTibVLM produces a more 1075

balanced prediction distribution and attains higher 1076

overall F1 on the neutral and entailment classes. 1077

These results indicate that the three-stage adapta- 1078

tion yields clear gains in cross-modal semantic con- 1079

sistency and reasoning stability. 1080

E Tibetan OCR Adaptation 1081

E.1 Motivation 1082

In our main experiments, we observe that although 1083

the three-stage training substantially improves Ti- 1084

betan multimodal understanding and reasoning 1085

(e.g., on MME and VQA), the gains on tasks in- 1086

volving in-image text recognition (OCR) are not 1087

apparent. To examine whether language adapta- 1088

tion can directly improve Tibetan OCR recognition 1089

ability, and whether a small amount of Tibetan OCR 1090

instruction data can compensate for this capabil- 1091

ity, we conduct additional targeted experiments on 1092

Tibetan OCR. The results indicate that adapting a 1093

VLM to the target language, even when mixing in 1094

a small amount of OCR data into the existing in- 1095

struction fine-tuning set, which does not effectively 1096

improve the model’s OCR recognition ability for 1097

that language. OCR therefore remains one of the 1098

primary bottlenecks. 1099
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SubTask Base(ACC) Base(ACC+) FTibVLM(ACC) FTibVLM(ACC+)
Existence 50.00% 3.33% 88.33% 80.00%
Color 55.00% 10.00% 78.33% 63.33%
Code Reasoning 62.50% 30.00% 80.00% 60.00%
Count 50.00% 0.00% 66.67% 33.33%
Artwork 52.00% 8.00% 68.50% 46.00%
Scene 60.25% 31.50% 75.75% 53.00%
Posters 63.95% 34.69% 77.55% 59.18%
Commonsense 52.86% 14.29% 64.29% 34.29%
Numerical Calc 52.50% 5.00% 62.50% 25.00%
Landmark 65.50% 37.50% 72.50% 51.00%
Position 50.00% 0.00% 51.67% 20.00%
Celebrity 94.12% 88.82% 93.24% 86.47%
Text Translation 52.50% 10.00% 50.00% 10.00%
OCR 90.00% 80.00% 77.50% 55.00%
OVERALL 63.98% 33.28% 75.02% 54.51%

Table 8: The performance of FTibVLM and Qwen3-VL-8B-Instruct (Base) across MME subtasks.

Model Accuracy Macro-P Macro-R Macro-F1 Prediction Distribution (0/1/2)
Base 0.3715 0.3813 0.3716 0.3716 13626/1971/2304
FTibVLM 0.5432 0.5703 0.5432 0.5400 6503/7974/3424

Table 9: The performance of FTibVLM and Qwen3-VL-8B-Instruct (Base) across SNLI-VE.

E.2 Data and Model1100

OCR training data. We collect approximately1101

30k (30,000) Tibetan OCR instruction instances1102

from our in-house resources, and mix them into1103

the existing multimodal instruction tuning (MIT)1104

training data for continual training, in order to test1105

the marginal benefit of incremental OCR data.1106

Mixing strategy. We train with a 3:5 mixture1107

ratio between the OCR data and the MIT data.1108

Compared model settings. We evaluate the fol-1109

lowing three model configurations on our private1110

OCR test set:1111

• FTibVLM + OCR mixed-in training: Start-1112

ing from the existing three-stage trained1113

model, we further train by mixing 30k OCR1114

instruction samples into the original instruc-1115

tion fine-tuning data.1116

• Qwen3-VL-8B Instruct + OCR-only train-1117

ing on 30k: Starting from the base instruction-1118

tuned model, we train using only the 30k OCR1119

instruction dataset.1120

Model CER Exact Match
Base 2.1594 0.0010

Base + OCR-Only 0.3283 0.0907
CP + MA + OCR-MIT 0.2803 0.3617

Table 10: CER and Exact Match on the Tibetan OCR
benchmark for different OCR training variants.

• Base model (without the above OCR train- 1121

ing): Used as a lower-bound reference for 1122

OCR capability. 1123

E.3 Experiments Results 1124

CER (Character Error Rate) is computed as the 1125

character-level edit distance divided by the total 1126

number of characters, where lower is better. Exact 1127

Match measures the proportion of samples whose 1128

predicted text matches the reference string exactly, 1129

where higher is better. As is shown in Figure 10, the 1130

results indicate a substantial gain in line-level us- 1131

ability after introducing OCR supervision: the base 1132

model almost never produces correct Tibetan text 1133
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on this OCR test set (Exact Match = 0.0010), while1134

FTibVLM with mixed OCR supervision (OCR-1135

Mix) increases Exact Match to 0.3617, i.e., an ab-1136

solute improvement of +36.07 percentage points.1137

This suggests that, after adding OCR data, the1138

model can fully recognize entire text lines correctly1139

for a considerable fraction of samples, leading to1140

a tangible improvement in practical usability. In1141

comparison, continuing training the base instruc-1142

tion model using only the 30k OCR dataset yields1143

a smaller gain (Exact Match = 0.0907), and OCR-1144

Mix achieves a clearly higher line-level accuracy.1145

Despite this, CER remains relatively high, im-1146

plying that OCR performance is not yet stable or1147

uniformly reliable across samples. Although OCR-1148

Mix reduces CER to 0.2803, this value still indi-1149

cates non-trivial character-level errors for many1150

instances. Notably, the changes in CER and Ex-1151

act Match are not perfectly aligned: the large1152

jump in Exact Match resembles a shift where a1153

subset of samples moves from “almost entirely1154

wrong” to “entirely correct,” rather than a uni-1155

form reduction of character errors across all sam-1156

ples. This pattern typically suggests that train-1157

ing primarily benefits easier sub-distributions (e.g.,1158

clear fonts, regular layouts, higher resolution, and1159

less background clutter), while difficult cases (low1160

resolution, occlusion, complex backgrounds, and1161

font/style variations) still suffer from frequent char-1162

acter mistakes. Moreover, the base model some-1163

times exhibits CER> 1, indicating extremely large1164

character-level divergence from the target (e.g.,1165

many deletions/substitutions or irrelevant outputs),1166

which is consistent with its near-zero Exact Match.1167

E.4 Discussion and Implications1168

This supplementary experiment suggests that1169

language-side adaptation alone is insufficient to1170

obtain stable Tibetan OCR capability; improving1171

OCR still requires dedicated supervision signals1172

targeting visual text recognition. Even with 30k1173

OCR instruction instances, although line-level cor-1174

rectness increases markedly, the character error rate1175

indicates that OCR remains far from “stable and1176

reliable.” To systematically improve Tibetan OCR1177

in future work, it may be necessary to incorporate:1178

• Larger-scale Tibetan OCR data that better1179

matches real-world scene distributions.1180

• Higher-resolution inputs and stronger text-1181

region alignment supervision, e.g., line-level1182

and box-level alignment, as well as text-region 1183

augmentation. 1184

• OCR-oriented training strategies and 1185

model/component adaptations. 1186

F LLM-judge Prompt 1187

F.1 LLM-judge Prompt for Translation 1188

Quality Control 1189

For the Tibetan translation quality-control set- 1190

ting, we used the prompt in Figure 4 to score an 1191

English→Tibetan translation. The evaluation was 1192

conducted using DeepSeek-V3 as the LLM-judge. 1193
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LLM Judge Prompt for Translation Quality Control

You are a strict machine-translation quality inspector. Please score the following English→Tibetan
translation, strictly following the rubric.

[Scoring Dimensions]
1) Accuracy (0–2): 2 = no substantive semantic errors; 1 = minor deviation; 0 = clearly misleading.
2) Completeness (0–2): 2 = no obvious omission/addition; 1 = minor omission/addition; 0 =
harms the core meaning.
3) Tibetan Expression (0–1): 1 = fluent and natural; 0 = disfluent/awkward/ambiguous.

[Output Requirements]

• Output only a single JSON object.

• Fields: accuracy, completeness, tibetan_expression, total, comment.

• total = sum of the three scores.

• comment: a brief explanation in English ( ≤ 40 words).

Figure 4: Prompt for English→Tibetan translation quality scoring.
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