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Abstract001

Multilingual domain adaptation (ML-DA) is002
widely used to learn new domain knowledge003
across languages into large language models004
(LLMs). Although many methods have been005
proposed to improve domain adaptation, the006
mechanisms of multilingual knowledge acquisi-007
tion, how domain knowledge is learned within008
a language and transferred across languages,009
remain underexplored. This gap leads to subop-010
timal performance, particularly in low-resource011
settings. This work examines the learning dy-012
namics of LLMs during ML-DA. Because prior013
ML-DA studies often train and evaluate on014
datasets with mismatched knowledge cover-015
age, we propose AdaXEval, an adaptive eval-016
uation method that builds multiple-choice QA017
datasets from the same bilingual domain cor-018
pus used for training, thereby directly studying019
multilingual knowledge acquisition. Through020
continual training of LLMs with diverse data021
recipes, we track how LLMs acquire domain022
facts and pinpoint the mechanism behind the023
transformation process from domain training024
data to knowledge. Our experiments on a 13B025
English-Japanese bilingual LLM reveal that026
cross-lingual transfer remains challenging de-027
spite a high-quality bilingual corpus. The code028
has been released. § MLDA-Eval029

1 Introduction030

Large language models (LLMs) trained on general-031

domain corpora perform well on diverse tasks032

but struggle in specialized domains (Jang et al.,033

2022b,a). Domain adaptation addresses this by con-034

tinually training LLMs on domain-specific data to035

enhance expertise (Jiang et al., 2024a; Laï-king and036

Paroubek, 2024; Xie et al., 2024b). Although prior037

work has explored strategies such as data augmen-038

tation and cross-lingual transfer to improve adapta-039

tion efficiency on low-resource settings (Fang et al.,040

2023; Gao et al., 2024a), the mechanisms under-041

lying effective domain knowledge acquisition and042

transfer remain insufficiently understood.043

Understanding domain adaptation requires ex- 044

amining how LLMs acquire and internalize facts 045

from domain data. Prior studies show that factual 046

knowledge accumulates gradually through repeated 047

exposures, shaped by data frequency and model 048

scale (Chang et al., 2024; Liu et al., 2025; Zhao 049

et al., 2024b). Moreover, multilingual settings in- 050

troduce additional complexity, as equivalent facts 051

may be encoded differently across languages (Mon- 052

dal et al., 2025; Zhao et al., 2024b). However, Most 053

analyses focus on predefined relational probes 054

rather than real domain facts with complex struc- 055

tures and specialized terminology. Moreover, the 056

link between training data and acquired knowledge 057

also remains underexplored, which is crucial to 058

optimizing domain adaptation strategies. 059

Our work aims to investigate the process of 060

knowledge acquisition in domain adaptation from 061

a mechanistic perspective. Specifically, we seek to 062

understand, during the continual-training process 063

on the domain corpus, how domain facts are mem- 064

orized and generalized across different linguistic 065

contexts, including both intralingual (within a lan- 066

guage) and interlingual (across languages) varia- 067

tions, and to identify the key factors that facilitate 068

effective knowledge acquisition and transfer. To 069

achieve the goal, we focus on three questions: 070

RQ1: How to effectively evaluate the domain 071

knowledge acquisition from diverse aspects? 072

RQ2: What is the mechanism behind the transfor- 073

mation from training data to knowledge? 074

RQ3: What factors are critical to achieve cross- 075

lingual transfer? 076

Existing approaches to evaluate domain knowl- 077

edge primarily rely on public benchmarks (Singhal 078

et al., 2022; Jiang et al., 2025) or training loss 079

analysis (Zucchet et al., 2025; Liu et al., 2025). 080

However, such benchmarks offer limited cover- 081

age for low-resource settings and fail to capture 082

knowledge generalization abilities. Moreover, the 083
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misalignment between training data and bench-084

mark knowledge coverage makes evaluation an085

imperfect reflection of acquired knowledge. To086

address these gaps and resolve RQ1, we propose087

AdaXEval, an adaptive domain knowledge evalua-088

tion data generation pipeline. AdaXEval automati-089

cally constructs multiple-choice datasets to evalu-090

ate knowledge memorization, intralingual general-091

ization (paraphrase), and interlingual generaliza-092

tion (cross-lingual transfer). AdaXEval operates093

on either a monolingual or a bilingual domain cor-094

pus, where the latter is required for cross-lingual095

transfer evaluation, ensuring broad applicability096

across rare domains and low-resource languages.097

Human annotation from multiple perspectives con-098

firms that AdaXEval provides reliable evaluation.099

We next investigate how training data is dy-100

namically transformed into knowledge (RQ2).101

Specifically, we conduct a case study of Japanese102

biomedicine domain adaptation using a 13B En-103

glish/Japanese bilingual LLM (LLM-jp et al.,104

2024), with English serving as a comparison and105

source for knowledge transfer. We begin with106

monolingual continual training on both English107

and Japanese using the J-STAGE corpus, which108

contains biomedical documents for both languages.109

By evaluating training checkpoints with AdaXEval-110

generated datasets, we observe a gradual knowl-111

edge acquisition process for cloze queries and para-112

phrases; however, LLM struggles to achieve cross-113

lingual transfer. Further analysis reveals that knowl-114

edge is acquired as losses of correct options are115

shielded from rapid growth due to the model’s116

overfitting to training data, which we term loss117

shielding. This acquisition eventually plateaus as118

training causes the model to overfit significantly to119

the training data, resulting in a substantial increase120

in loss across all options in evaluation instances.121

Examining losses on perturbed training data reveals122

that LLMs readily overfit to fixed token sequences123

in the training data, even under minor noise.124

Finally, we investigate key factors influenc-125

ing cross-lingual transfer of domain knowledge126

through multilingual continual training with di-127

verse data recipes (RQ3). We focus on transla-128

tion and romanization strategies to enhance trans-129

fer. Our results show that cross-lingual token130

overlap in related domains is crucial for effec-131

tive knowledge transfer. Nonetheless, even with132

high-quality alignment signals such as translations,133

cross-lingual transfer remains challenging, under-134

scoring the need for more effective methods.135

2 Knowledge Acquisition Evaluation 136

To effectively evaluate domain adaptation in low- 137

resource scenarios, we propose AdaXEval, an adap- 138

tive pipeline for generating evaluation datasets. 139

2.1 AdaXEval Pipeline 140

AdaXEval is an adaptive evaluation pipeline that 141

evaluates domain knowledge acquisition by gener- 142

ating evaluation datasets directly from the training 143

corpus, ensuring evaluated facts stay aligned with 144

the training data. The pipeline includes four steps: 145

fact detection, question crafting, distractor genera- 146

tion and quality filtering, as illustrated in Figure 11. 147

2.1.1 Fact Detection 148

AdaXEval first detects sentences that may contain 149

domain facts through a two-step strategy: named- 150

entity-recognization (NER)-based sentence filter- 151

ing and multi-agent fact detection. First, domain- 152

specific NER tools and linguistic heuristics are em- 153

ployed to identify sentences in the training corpora 154

that contain multiple named entities. Next, we 155

design Chain-of-Thought (CoT) instructions to de- 156

tect sentences containing domain facts from the 157

filtered sentences, and extract triples in the format 158

⟨subject, relation, object⟩ as the reference 159

for question crafting. Specifically, AdaXEval em- 160

ploys a multi-LLM agent for fact detection and 161

triple extraction, estimating the overall confidence 162

of the outputs, and adapting the top-confident ex- 163

traction result to improve evaluation reliability. 164

2.1.2 Queries Crafting 165

Given the factual sentence and referenced triple, 166

we first prompt the LLM to generate reliable do- 167

main factual triples (e.g., ⟨blood sugar level, can 168

be controlled by, insulin⟩). As complex domain 169

knowledge cannot be easily formalized into named 170

entities or predefined relations, subjects and objects 171

are preferably named entities, though descriptive 172

phrases are acceptable. AdaXEval uses advanced 173

LLMs to generate diverse question-answer pairs 174

measuring three knowledge acquisition abilities. 175

1) Knowledge memorization uses a cloze prompt 176

with [BLANK] as the placeholder for the object (e.g., 177

Blood sugar level can be controlled by [BLANK].). 178

Given the original sentence and refined triple as 179

reference, we prompt the LLM to generate a cloze 180

question that closely matches the original sentence 181

to assess memorization exclusively. 182

2) Intralingual generalization assesses LLMs’ 183
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ability to acquire knowledge using linguistic ex-184

pressions that vary from those in the training cor-185

pus. We design CoT instructions to let LLMs para-186

phrase the cloze queries into question-like style187

questions where different vocabulary is encouraged188

(e.g., Which substance helps manage glycemic189

levels in the body?)190

3) Interlingual generalization measures how191

learned facts can be transferred across languages.192

While translation is a strong candidate, translating193

sentences that express domain knowledge is chal-194

lenging due to the presence of specialized named195

entities, terminology, and concepts that lack direct196

equivalents across languages (Liang et al., 2024).197

To address this, we adapt AdaXEval to a bilingual198

domain corpus containing languages X and Y , us-199

ing the paraphrased dataset from language X to200

evaluate cross-lingual transfer capabilities in Y .201

2.1.3 Distractor Generation202

AdaXEval then generates three plausible yet incor-203

rect answer options that remain topically related204

but unambiguously wrong, while explicitly instruct-205

ing the advanced LLM to avoid surface-level cues206

such as sequence length.207

2.1.4 Quality Filtering208

Finally, AdaXEval uses the LLM to filter low-209

quality multiple-choice QA instances that fail to210

meet the requirements in § 2.1.1,2.1.2,2.1.3.211

2.2 Evaluation metric212

For each evaluation dataset, we follow Gao et al.213

(2023) to compute the average cross-entropy loss214

over the target tokens of possible answers and se-215

lect the one with the highest generation possibility216

as the final answer. Specifically, for loss calculation217

of cloze queries, we use tokens before the [BLANK]218

as context and compute loss on the following to-219

kens. For paraphrases, we treat the question as220

context and measure only the loss of answer to-221

kens. We use prediction accuracy as the metric for222

knowledge acquisition. See Appendix B.2 for the223

mathematical formulation of the evaluation metric.224

2.3 Experimental Setup225

Domain corpus: Our study investigates biomed-226

ical domain adaptation in English–Japanese as a227

case study. Specifically, we utilize the J-STAGE, an228

English-Japanese bilingual biomedical corpus (see229

§ 3.1), as the data source for both model training230

and AdaXEval generation.231

Details of Generation: We randomly sampled 232

10,000 bilingual documents to generate the evalua- 233

tion dataset. We split abstracts into sentences and 234

filter out sentences with fewer than two biomedical 235

entities. For fact detection of filtered sentences, 236

we use three open-source LLMs 1 from different 237

families to assess the confidence of whether the sen- 238

tence is factual for each language. We then sum the 239

confidence scores across the three LLMs and retain 240

sentences with combined confidence scores greater 241

than 2 (maximum 3). Finally, we use GPT-4.1 to 242

generate cloze queries, paraphrases, and three dis- 243

tractors for each instance. See Appendices B.1 and 244

C for details of the generation process and statisti- 245

cal report of generated datasets. 246

Human Evaluation: To assess the quality of our 247

generated datasets, we conduct a comprehensive 248

human evaluation across four key components of 249

the knowledge extraction and question generation 250

pipeline, including triple extraction quality evalua- 251

tion, cloze prompt evaluation, paraphrased question 252

evaluation, and distractor quality evaluation. Over- 253

all, the evaluation result indicates that AdaXEval is 254

able to generate high-quality evaluation data, meet- 255

ing the requirements for assessing diverse knowl- 256

edge acquisition abilities. See Appendix C for 257

evaluation results and dataset examples, and Ap- 258

pendix G for the human evaluation guideline. 259

3 Tracing Knowledge Acquisition 260

This section examines the training dynamics of 261

domain adaptation and explores the mechanism 262

underlying the transformation from training data 263

to knowledge in the monolingual setting. We per- 264

form monolingual continual training on English 265

and Japanese using a bilingual biomedical dataset. 266

3.1 Experimental Setup 267

Data preparation: We utilize a subset of the 268

J-STAGE corpus, which comprises Japanese re- 269

search papers with some abstracts translated into 270

English.2 Specifically, we select 614,444 Japanese 271

and 404,643 English biomedical documents, paired 272

one-to-one. These bilingual pairs provide source 273

data for AdaXEval generation. To strengthen do- 274

main adaptation and enable fine-grained analysis, 275

1We employ open-source LLMs for local inference, as the
large number of candidate sentences would otherwise incur
substantial computational costs.

2Access to the dataset is restricted by the J-STAGE license,
so it cannot be publicly released.
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Figure 1: Dynamic knowledge acquisition evaluation
after monolingual pretraining.

we apply instruction pretraining as a data augmen-276

tation baseline (Jiang et al., 2024b). Biomedical277

instructions are generated from raw text using both278

rule-based mining patterns (Cheng et al., 2024b)279

and LLM-based question-answer generation (Jiang280

et al., 2024b). The raw documents are then com-281

bined with the generated instructions for continual282

training. Details of the training dataset construction283

are provided in Appendix E.1.284

Training setup: We adopt llm-jp-3-13B (LLM-jp285

et al., 2024), a strong Japanese–English bilingual286

LLM, as the base model for pretraining, owing to287

its superior language ability in both languages, par-288

ticularly Japanese. For each language, we cut off289

0.5B tokens from the constructed corpus and train290

the data on llm-jp-3-13B for four epochs. Training291

hyperparameters are detailed in Appendix E.2.292

3.2 Tracing Performance Dynamics293

Figure 1 reports AdaXEval results for English and294

Japanese monolingual training. The results indi-295

cate that domain knowledge is gradually acquired296

during training in both languages.297

Memorization evaluation: Accuracy increases298

from 36.1% to 59.6% (+23.5%) in English and299

from 45.7% to 75.9% (+30.2%) in Japanese. The300

higher post-training accuracy in Japanese partly301

reflects the stronger medical knowledge base of302

llm-jp-3-13B. However, since the factual instances303

used for evaluation differ between languages, direct304

cross-lingual comparison is not strictly fair.305

Intralingual generalization: Both languages306

exhibit strong performance on the paraphrased307

datasets, with accuracy increasing from 32.6% to308

54.7% (+22.1%) in English and from 34.9% to309

53.8% (+18.9%) in Japanese. Notably, the im-310

provement in English paraphrases parallels the311
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(a) Loss dynamics of correct query–answer sequences.
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Figure 2: Loss dynamics of datasets generated by AdaX-
Eval during monolingual training.

memorization gain, whereas it is about 10% lower 312

in Japanese, suggesting that the difficulty of in- 313

tralingual generalization differs across languages. 314

Interlingual generalization: Figure 1 reveals 315

that monolingual training results in limited cross- 316

lingual knowledge transfer, yielding only 3.6% im- 317

provement in English-to-Japanese and 3.1% im- 318

provement in Japanese-to-English transfer. 319

3.3 Knowledge Acquisition via Loss Shielding 320

To elucidate the mechanisms of knowledge acqui- 321

sition, this section analyzes the sequence loss of 322

evaluation data to understand how knowledge is 323

acquired during training. We analyze loss as it 324

directly drives predictions on our multiple-choice 325

datasets (see § 2.2) and reflects the model’s genera- 326

tion behavior, where sequences with lower loss are 327

more likely to be generated. 328

(1) Training overfits to data, but the loss shield- 329

ing drives knowledge memorization. We cal- 330

culate the sequence loss of queries paired with 331

correct answers in the evaluation dataset obtained 332

by AdaXEval. Figure 2a shows the loss trajec- 333

tory across training checkpoints for English and 334

Japanese training. On the cloze prompt dataset, the 335

loss decreases in early training but rises in later 336

training, suggesting that training causes the model 337

to overfit to the training corpus. However, Figure 1 338

reveals that memorization accuracy continues to 339
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Figure 3: Instance state transitions before/after training.

improve until the 10K-th iteration. To investigate340

this divergence, we measure the ratio of the correct-341

sequence loss to the total loss across all four op-342

tions. As shown in Figure 2b, this ratio mirrors the343

accuracy trend, suggesting that knowledge can still344

be memorized even under overfitting, since correct345

sequences are shielded from rapid loss growth, a346

phenomenon we term loss shielding. Figure 2b347

also explains the gap between cloze prompts and348

paraphrases, which the significant loss ratio gap in349

Japanese predicts, as shown in Figure 1.350

(2) A trade-off exists between knowledge acqui-351

sition and forgetting. For each instance, we check352

its state transition before and after training by ex-353

amining the loss. Figure 3 shows the proportions354

of instances retained, acquired, forgotten, or un-355

acquired during training. Forgetting remains lim-356

ited in monolingual evaluations, including both357

memorization and intralingual generalization. In358

contrast, cross-lingual transfer exhibits a notable359

increase in forgotten cases, offsetting gains from360

newly acquired knowledge. This suggests that361

while training in one language can introduce trans-362

ferable knowledge, it also causes a decline in per-363

formance in other languages due to forgetting.364

(3) Instance-level case studies show diverse365

knowledge acquisition patterns. We then exam-366

ine the loss dynamics of instances acquired after367

training, analyzing all four options. We observe368

that the loss dynamics of correct answers follow dis-369

tinct patterns: they either decrease steadily (Stable-370

Gain), increase while remaining lower than incor-371

rect options (Loss-Shielding), or exhibit unstable372

behavior. Figure 4 illustrates three examples corre-373

sponding to the three loss change patterns.374

4 From Training Data to Knowledge375

This section investigates how knowledge of unseen376

queries is derived from the training data. Previous377

analyses have shown that the model tends to in-378
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Figure 4: Acquired instances with different loss shapes.
The line with bright circles indicates the correct answer.

crease the loss for sequences that express the same 379

domain knowledge as the training data but in dif- 380

ferent linguistic forms. Although loss shielding 381

allows the model to continue acquiring knowledge 382

even as the loss for such sequences rises, this ef- 383

fect eventually fades once the loss grows too large. 384

Understanding what sustains and what breaks this 385

shielding effect is therefore essential for develop- 386

ing more robust training strategies. To this end, 387

we introduce controlled perturbations into the train- 388

ing data by injecting noise under different rules, 389

and track how their loss evolves during training. 390

Specifically, we randomly sample 2,000 sequences 391

from Japanese monolingual training data and apply 392

perturbations at both the token and sequence levels. 393

4.1 Token-level Perturbation 394

Token sequences are perturbed after tokenization 395

using the methods described below. 396

• mask-X: Replace X% tokens with <unk> token. 397

• random-X: Replace X% tokens with randomly 398

sampled tokens from the tokenizer vocabulary. 399

• delete-X: Delete X% tokens. 400

• reorder-X@Y: Reorder tokens to achieve an 401

edit distance equal to X% of the sequence length, 402

with swaps restricted to a window of size Y. 403

• monosyn-X: Replace with Japanese synonyms. 404

• mltlsyn-X: Replace with English synonyms. 405

Specifically, we set X = 21,...,5 and Y = 20,...,4. 406

Synonym substitutions use the Japanese Word- 407

Net 2.0 (Bond and Kuribayashi, 2023) to retrieve 408

Japanese or English synonyms. Additional imple- 409

mentation details are provided in Appendix D. 410
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Figure 5: Loss dynamics of token-level perturbation.

(1) More token edits cause larger loss harm. Tak-411

ing mask-X as an example, Figure 5(a) illustrates412

the loss dynamics across edited sequences com-413

pared to their original counterparts. Triangles (▲)414

mark the overfitting onset, the point where min-415

imum loss is attained before overfitting induces416

an upward trend. The results indicate that while417

the loss of original sequences decreases steadily,418

masking tokens introduce a substantial initial loss419

increase and accelerate the onset of overfitting. The420

analysis of other perturbation patterns leads to the421

same conclusion. See Appendix D for more results.422

(2) Loss sensitivity varies with vocabulary and423

structural perturbations. Figure 5(b) illustrates424

the loss variations across sequences with 8% of425

tokens perturbed using diverse methods. Semanti-426

cally aligned modifications (monosyn and mltlsyn),427

exhibit the least impact on loss, followed by struc-428

tural alterations (reorder, delete) that avoid intro-429

ducing new vocabulary. Perturbations introducing430

irrelevant tokens (mask, random) inflict the greatest431

harm, significantly increasing the initial loss and432

accelerating the onset of overfitting.433

4.2 Sentence-level Perturbation434

We further perturb target sequences at the sentence435

level to simulate more realistic noise patterns, con-436

sidering the following perturbation strategies.437

• partial-a: Split each training document into four438

segments, then select the a-th segment.439

• syntax-X: Rewrite X% sentences, modifying440

only syntax without changing vocabulary.441

• lexicon-X: Rewrite X% sentences, modifying442

only vocabulary without changing syntax.443

• semantic-X: Rewrite X% sentences, allowing444

both syntactic and lexical changes.445

• translation-X: Translate X% sentences.446

(1) Losses exhibit stronger dependence on prior447

context. Using partial sentences following the448
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Figure 6: Loss dynamics of sequence-level perturbation.

partial-a strategy, Figure 6(a) shows that sentences 449

appearing later in a training document incur higher 450

loss when evaluated in isolation. This suggests 451

that losses depend heavily on prior context, which 452

constrains knowledge acquisition and highlights 453

the need for a more balanced, context-independent 454

learning paradigm. 455

(2) Preserving vocabulary improves loss robust- 456

ness. Figure 6(b) presents the loss dynamics for all 457

rewriting patterns applied to 40% of sentences, in- 458

cluding both paraphrasing and translation. Among 459

these patterns, syntax rewriting shows the most sub- 460

stantial loss shielding effect, followed by semantic 461

rewriting. This is because semantic paraphrasing 462

does not require extensive vocabulary replacement, 463

resulting in fewer word substitutions compared to 464

the lexicon paraphrases. These results highlight the 465

necessity of incorporating lexicon-focused para- 466

phrasing during training to improve models’ ability 467

to generalize knowledge across diverse test inputs, 468

consistent with the observations in § 4.1. 469

5 Bridging Languages in Domain 470

Adaptation 471

5.1 What Helps Cross-lingual Transfer? 472

We examine how cross-lingual transfer occurs by 473

tracking the loss of target-language documents in 474

models trained on source-language data. As the 475

AdaXEval interlingual loss continues to increase 476

(Figure 2a), tracing loss on evaluation data be- 477

comes unreliable. Instead, we examine the loss 478

of the training documents across languages, serv- 479

ing as indirect evidence. Specifically, we sample 480

1,000 documents for each language and measure 481

per-token loss on both datasets under two monolin- 482

gual training settings. Since cross-lingual transfer 483

converges rapidly within the first 1,000 iterations, 484

we analyze the loss dynamics at a finer granularity 485

during the first epoch. The results are shown in Fig- 486

ure 7. We observe that in-language loss consistently 487
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decreases, whereas cross-language loss decreases488

only during the initial iterations, reflecting the rapid489

but short-lived interlingual generalization.490

To investigate what tokens contribute to the491

initial loss reduction, we further measure the492

per-token cross-entropy loss within the given se-493

quences. Specifically, we examine the impact of494

two linguistic characteristics on loss changes: lan-495

guage and part-of-speech (POS). For language, to-496

kens are classified by the language in which they497

occur, either Japanese or English; For POS, tokens498

are grouped by their syntactic category. Figure 8499

shows token-level loss dynamics on Japanese doc-500

uments during English training. Language-based501

token analysis indicates that English tokens embed-502

ded in Japanese documents benefit from English503

training. POS-based analysis supports the find-504

ings, as only numerical (NUM) and punctuation505

(PUNCT) tokens, both present in the English cor-506

pus, exhibit notable reductions in loss. This finding507

suggests that tokens occurring in the training cor-508

pus experience greater learning gains.509

5.2 Cross-lingual Transfer Enhancement510

In this section, we explore the factors in the train-511

ing corpus that can drive improvements in cross-512

lingual transfer during domain adaptation. Due to513

the limited cross-lingual transfer ability in mono-514

lingual training, we switch to multilingual domain515

adaptation. Specifically, we investigate: what types516

of multilingual corpora can facilitate knowledge517

transfer during domain adaptation?518

5.2.1 Multilingual Continual Training 519

To examine the factors that facilitate cross-lingual 520

transfer, we construct a series of multilingual cor- 521

pora and evaluate their effectiveness. To ensure a 522

fair comparison, each training corpus is composed 523

of two parts: a knowledge injection corpus CK 524

and a cross-lingual transfer enhancement cor- 525

pus CT . The CK contains the target knowledge 526

expressed exclusively in the source language X , 527

while CT , by contrast, does not provide any new 528

knowledge in the target domain; instead, it serves 529

only to establish linguistic connections between 530

source language X and target language Y . Finally, 531

we evaluate cross-lingual knowledge transfer by 532

measuring the model’s ability to acquire knowledge 533

in language Y , using the same evaluation metrics 534

introduced in § 2.2. We fix the source language X 535

as English and the target language Y as Japanese to 536

facilitate analysis in this section. See Appendix F 537

for the evaluation on reverse transfer direction. 538

Cross-lingual transfer enhancement corpora: 539

We construct diverse corpora to enhance cross- 540

lingual transfer using two primary strategies: trans- 541

lation and romanization. Both can build token-level 542

connections between English and Japanese, where 543

romanization requires significantly less effort for 544

data collection. As baselines, we consider an empty 545

cross-lingual corpus (CT = ∅) (Monolingual) and 546

a strong domain-specific baseline using J-STAGE 547

Japanese data, with documents related to the AdaX- 548

Eval evaluation filtered out (Medical-Japanese). 549

To examine which translation data are most ef- 550

fective for domain adaptation, we prepare three 551

types of bilingual corpora and use them to generate 552

translation instructions as CT : 553

• JParaCrawl (Balanced-Translation): An En- 554

glish–Japanese web-crawled corpus covering di- 555

verse domains (Morishita et al., 2022). 556

• ASPEC (Science-Translation): A multilin- 557

gual corpus containing academic paper abstracts 558

across various scientific fields (Nakazawa et al., 559

2016). Documents in the medical and chemical 560

domains are excluded to distinguish them from 561

the target medical domain. 562

• J-STAGE (Medical-Translation): J-STAGE 563

represents the closest domain to our target. We 564

filter out all documents included in the AdaXE- 565

val evaluation datasets to avoid contamination. 566

To evaluate the romanization strategy, we con- 567

struct a medical romanization dataset (Medical- 568

Roman). We convert J-STAGE Japanese text to 569
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Figure 9: Enhancing cross-lingual transfer using diverse
multilingual domain corpora.

romaji using cutlet3, an open-source tool for ro-570

manization. We then generate romanization instruc-571

tions to link the Latin script of English with the572

Japanese script (kanji, hiragana, etc.). Finally, we573

create translation instructions between romanized574

Japanese and English based on J-STAGE (Medical-575

Roman2En), which serves as a comparison group.576

Details of training: Focusing on knowledge trans-577

fer from English to Japanese, we prepare two cor-578

pora, CK and CT , each containing 0.5 billion tokens,579

except for the Monolingual baseline. The English580

J-STAGE pretraining data serve as CK . For CT ,581

we select seven candidate datasets as described in582

Sec. 5.2.1. We then combine the two 0.5B-tokens583

corpora into a single 1B-token corpus, shuffle it,584

and train llm-jp-3-13B with it for one epoch. See585

Appendix E for more training details.586

5.2.2 Cross-lingual Transfer Evaluation587

(1) Domain-specific corpus enhances cross-588

lingual transfer. Figure 9 presents the accuracy589

dynamics of multilingual domain adaptation, com-590

paring two baselines with three translation datasets591

and two romanization datasets. Among these,592

only the corpus constructed from domain-specific593

data (Medical-Japanese/Roman/Translation) sur-594

passes the Monolingual baseline, and only595

Medical-Translation achieves higher performance596

than both baselines. These results indicate that ef-597

fective cross-lingual transfer of domain knowledge598

requires domain-specific signals; general cross-599

lingual enhancement methods fail to yield com-600

parable improvements for domain knowledge. Fig-601

ure 10 further illustrates the state transitions in-602

duced by cross-lingual transfer, showing that cor-603

pora yielding performance gains both increase604

acquired instances and reduce forgotten ones,605

3https://github.com/polm/cutlet
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Figure 10: State transitions by cross-lingual transfer.

whereas the other datasets perform worse on both 606

aspects. Finally, the stable performance across 607

all recipes in the in-language evaluation indicates 608

that using additional corpora unrelated to the target 609

knowledge does not impair in-language knowledge 610

acquisition. 611

(2) Achieving effective cross-lingual transfer of 612

domain knowledge is challenging. Although 613

both Medical-Translation yield improvements, 614

the gains are still limited (around 3%) relative to 615

the doubled training cost and additional dataset 616

construction effort. This highlights the need for de- 617

veloping more efficient methods for cross-lingual 618

domain knowledge transfer. 619

6 Conclusions 620

In this paper, we studied how LLMs acquire do- 621

main knowledge and transfer it across languages. 622

We proposed AdaXEval, an adaptive evaluation 623

pipeline that automatically generates datasets to 624

assess domain knowledge across memorization, in- 625

tralingual generalization, and cross-lingual transfer. 626

Using AdaXEval, we conduct a case study focusing 627

on English-Japanese biomedical domain adaptation. 628

We analyze the training dynamics of domain adap- 629

tation and find that knowledge acquisition is driven 630

by loss shielding, wherein overfitting raises losses 631

on irrelevant representations more rapidly than on 632

relevant ones. Through perturbation analysis, we 633

further reveal the sensitivity of LLMs to training 634

data, offering practical guidance for developing 635

more robust training paradigms. We also identi- 636

fied key factors that facilitate cross-lingual transfer 637

through controlled multilingual continual train- 638

ing, showing that the presence of cross-lingual to- 639

kens in closely related domains is crucial. 640

As future work, we aim to develop a more 641

training-robust and efficient pretraining paradigm 642

to achieve domain knowledge acquisition. 643
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7 Limitations644

While this study provides novel insights into the645

mechanisms of bilingual domain adaptation, sev-646

eral limitations remain. First, our analysis is based647

on a single case study involving English–Japanese648

biomedical adaptation. Although this setting of-649

fers a controlled environment to examine multilin-650

gual knowledge acquisition, the generalizability of651

the findings to other domains, language pairs, and652

model architectures remains to be validated. Future653

research should therefore extend the investigation654

to a broader range of large language models, includ-655

ing those trained under different configurations, as656

well as to diverse domain and linguistic contexts.657

Second, our evaluation primarily relies on loss-658

based quantitative metrics to characterize the dy-659

namics of knowledge acquisition and forgetting.660

While these measures provide a consistent and in-661

terpretable framework for tracking learning behav-662

ior, they do not fully capture how such knowledge663

is manifested in model outputs. A complemen-664

tary qualitative and text-level evaluation, examin-665

ing generated outputs and factual correctness, will666

be necessary to bridge the gap between internal667

training dynamics and externally observable per-668

formance.669
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not necessarily reflect domain-specific knowledge976

that users care about.977

A.2 Mechanisms of Knowledge Acquisition978

LLMs have been widely studied for their capacity979

to store and retrieve factual knowledge (Petroni980

et al., 2019; Hernandez et al., 2023; Chang et al.,981

2024; Zhao et al., 2024c), spurring interest in un-982

derstanding how such knowledge is encoded and983

accessed (Dai et al., 2022; Wang et al., 2022; Niu984

et al., 2024; Zhao et al., 2025). Recent work has985

investigated knowledge acquisition dynamics by986

analyzing intermediate checkpoints during train-987

ing. Chang et al. (2024) shows that LLMs accu-988

mulate factual knowledge through repeated expo-989

sures, gradually increasing recall likelihood with990

each encounter. Key factors influencing acquisi-991

tion include fact frequency, model scale, and batch992

size (Liu et al., 2025; Zhao et al., 2024b).993

Meanwhile, cross-lingual transfer ability has994

also garnered considerable attention for enabling995

efficient knowledge acquisition across languages.996

However, transferring factual knowledge across997

languages remains notably challenging (Liu et al.,998

2025; Zhao et al., 2024b). Facts expressed in differ-999

ent languages may be stored as distinct representa-1000

tions (Chen et al., 2023; Zhao et al., 2024b; Mondal1001

et al., 2025), and only certain relational types trans-1002

fer effectively (Liu et al., 2025; Zhao et al., 2024b).1003

Despite these advances, existing studies focus on1004

predefined relational facts (Zhao et al., 2024b; Liu1005

et al., 2025), which inadequately represent com-1006

plex knowledge in specialized domains. Moreover,1007

the connection between training data and acquired1008

knowledge remains underexplored, which is criti-1009

cal for designing optimal training recipes.1010

A.3 Cross-lingual Knowledge Transfer1011

Cross-lingual transfer in domain adaptation has1012

been studied through various strategies that aim1013

to bridge language gaps in knowledge transfer.1014

Translation data are widely used in training LLMs1015

to enhance cross-lingual knowledge transfer (Lin1016

et al., 2025; Zhao et al., 2024a; Gao et al., 2024b),1017

supporting applications such as machine transla-1018

tion (Zhao et al., 2024a) and instruction follow-1019

ing (Shaham et al., 2024; Zhang et al., 2024). How-1020

ever, since in-domain translation data are often1021

scarce, it remains unclear whether translation can1022

effectively transfer complex and sparse domain1023

knowledge across languages. Furthermore, the ro-1024

manization strategy reduces script barriers by con-1025

verting text into romanized forms, thereby align- 1026

ing linguistic representations with English (J et al., 1027

2024; Purkayastha et al., 2023; Xhelili et al., 2024). 1028

Finally, code-switching has been shown to be effec- 1029

tive in aligning token semantics across languages 1030

by interleaving tokens from multiple languages 1031

within the same context (Hong et al., 2025; Ya- 1032

mada and Ri, 2024). However, it is still uncertain 1033

whether these alignment signals are sufficient for 1034

transferring complex domain knowledge across lan- 1035

guages. 1036

B AdaXEval Implementation Details 1037

B.1 Generation Details 1038

In this section, we provide details on the process 1039

used to generate the AdaXEval dataset from J- 1040

STAGE documents. 1041

(1) Factual sentence filtering: We use the open- 1042

source NLP tool HanLP4 for Japanese sentence seg- 1043

mentation, and scispaCy5 (Neumann et al., 2019) 1044

, which provides a full spaCy pipeline for scien- 1045

tific and biomedical texts, for English sentence seg- 1046

mentation. Subsequently, we perform biomedical 1047

named entity recognition (NER) on each sentence 1048

and filter out sentences containing fewer than two 1049

named entities. Specifically, for Japanese medical 1050

documents, we employ MedNERN-CR-JA6 (So- 1051

cial Computing Lab, 2023) , a model specialized 1052

for NER in the Japanese medical domain. For En- 1053

glish texts, we use the “en_ner_bionlp13cg_md” 1054

model provided by scispaCy for biomedical entity 1055

extraction. 1056

(2) Domain triple extraction: In the next step, 1057

we use a multi-LLM agent to first judge whether 1058

the given sentence contains biomedical facts and 1059

extract them if it does. We carefully design CoT 1060

instruction with few-shot examples to instruct each 1061

LLM in the agent to generate a structural output, 1062

containing three fields: 1063

• factuality: answer yes or no. If yes, the 1064

model should output the triple; Otherwise, it 1065

outputs None to the triple field. 1066

• triple: A nested JSON object with three fields: 1067

subject, relation, and object representing the ex- 1068

tracted fact. Please note that if factuality is false, 1069

make sure this field is null 1070

4https://github.com/hankcs/HanLP
5https://github.com/allenai/scispacy
6https://github.com/sociocom/MedNERN-CR-JA
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Figure 11: Overview of AdaXEval, a pipeline to adaptively generate domain knowledge evaluation datasets.

• reason: A brief explanation for why the sen-1071

tence was or wasn’t considered factual, referring1072

to the criteria provided. This is included to im-1073

prove the model’s reasoning ability.1074

The models’ confidence in judging the factuality1075

is measured by the probability of yes token out by1076

the factuality field.1077

For our experiments, we utilize three strong1078

open-source LLMs for both English and Japanese,1079

opting for open-source models to avoid the high1080

computational cost of commercial APIs. For1081

English biomedical triple extraction, we em-1082

ploy Qwen-32B (Qwen Team, 2025),7 DeepSeek-1083

R1-Distill-Llama-70B (DeepSeek-AI, 2025),8 and1084

Llama-3.3-70B-Instruct (Grattafiori et al., 2024).91085

For Japanese biomedical triple extraction, we1086

use Qwen-32B, llm-jp-3.1-8x13b-instruct4,10 and1087

Llama-3.3-Swallow-70B-Instruct-v0.4.11 For each1088

sentence, we aggregate the confidence scores from1089

the three models and retain sentences with at least1090

two models predicting a yes label. We then apply1091

a heuristic method to select the final triple from the1092

three candidates.1093

(3) Generation of queries and distractors: We fi-1094

nally use the extracted triples and their correspond-1095

ing context sentences as input to instruct the strong1096

close-source LLM, GPT-4.1, for generating queries1097

and distractors. We carefully design the prompts1098

for both English and Japanese. The final genera-1099

tion is recorded and included in the final AdaXEval1100

evaluation dataset.1101

(4) Quality filtering: Finally, we use LLM to con-1102

7https://huggingface.co/Qwen/Qwen3-32B
8https://huggingface.co/deepseek-ai/

DeepSeek-R1-Distill-Llama-70B
9https://huggingface.co/meta-llama/Llama-3.

3-70B-Instruct
10https://huggingface.co/llm-jp/llm-jp-3.

1-8x13b-instruct4
11https://huggingface.co/tokyotech-llm/Llama-3.

3-Swallow-70B-Instruct-v0.4

duct a two-steps quality filtering. First, we intro- 1103

duce a rigorous annotation instruction for assessing 1104

the quality of automatically generated biomedical 1105

knowledge questions. Given a sentence, its knowl- 1106

edge triple, a fill-in-the-blank query, and a question- 1107

style paraphrase, we evaluate three aspects: 1108

• The fidelity and clarity of the cloze prompt, 1109

• The semantic equivalence and self-containment 1110

of the paraphrased question, and 1111

• The correctness and plausibility of the answer 1112

and distractors. 1113

Then, we craft the annotation instruction to let 1114

LLM decide whether the document in the target 1115

languages contains the knowledge matching the 1116

created instances in the source languages. The 1117

annotation is to confirm the quality of the AdaXE- 1118

val dataset in providing interlingual generalization 1119

evaluation. 1120

B.2 Evaluation Metrics 1121

We follow (Gao et al., 2023) to compute the average 1122

cross-entropy loss over the target tokens of possible 1123

answers and select the one that has the highest gen- 1124

eration possibility as the final answer. Specifically, 1125

for loss calculation of cloze queries, we use tokens 1126

before the [BLANK] as context and compute loss on 1127

the following tokens. For paraphrases, we treat the 1128

question as context and measure only the loss of 1129

answer tokens. We use prediction accuracy as the 1130

metric for knowledge acquisition. Formulation: 1131

Let the model be pθ(· | ·). Each dataset D contains 1132

pairs (q, a), where q is either a cloze prompt or a 1133

paraphrase question, and a = (a1, . . . , am) is the 1134

tokenized answer sequence (e.g., “insulin”). For 1135

cloze prompts, the prompt contains a special token 1136

[BLANK], and for paraphrases, the question is a nat- 1137

ural question. We denote by c the context tokens 1138

and by s = (s1, . . . , sn) the evaluation sequence 1139

whose loss we measure. 1140
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Cloze queries: For a cloze prompt such as:1141

"[BLANK] can be used to control blood1142

sugar level."1143

the evaluation sequence s is the full completion1144

after the [BLANK], i.e.,1145

s = (a1, . . . , am, r1, . . . , rk),1146

where a1, . . . , am are answer tokens (“insulin”),1147

and r1, . . . , rk are the remainder tokens (“ can be1148

used to control blood sugar level”). The average1149

cross-entropy loss is defined as1150

Lcloze(q, a) = − 1

n

n∑
t=1

log pθ(st | c, s<t).1151

Paraphrase queries: For a paraphrase question1152

such as1153

"Which substance helps manage glycemic1154

levels?"1155

we take the entire question tokens as context c, and1156

the evaluation sequence is only the answer tokens:1157

s = (a1, . . . , am).1158

The loss is computed as1159

Lpara(q, a) = − 1

m

m∑
t=1

log pθ(at | c, a<t).1160

Prediction and accuracy: For multiple-choice1161

answers A = {a(1), . . . , a(K)}, we select the can-1162

didate with the lowest loss (equivalently, highest1163

likelihood):1164

â = argmin
a∈A

L(q, a).1165

Finally, the knowledge acquisition metric is accu-1166

racy:1167

Accuracy =
1

|D|
∑

(q,a)∈D

1[â = a].1168

C AdaXEval Dataset Details1169

We randomly sampled 10,000 parallel documents1170

to generate the evaluation dataset. The number of1171

instances after each step in AdaXEval generation1172

is shown in Table 1.1173

Table 1: Dataset statistics at each step of AdaXEval.

Step English Japanese

Sampled abstracts 10,000 10,000
Splitted sentences 81,770 71,661
Sentences after entity filtering
(≥2 entities)

45,390 40,762

Triple extraction 4840 3926
Cloze queries generation 4840 3926
Paraphrases generation 4840 3926
After Quality Filtering 3236 2553

C.1 Human Evaluation 1174

To assess the quality of our generated datasets, we 1175

conduct a comprehensive human evaluation across 1176

four key components of the knowledge extraction 1177

and question generation pipeline. The annotation 1178

is conducted by the first author, who has a lan- 1179

guage background of both Japanese and English. 1180

For the annotation that requires specific domain 1181

knowledge, the author uses advanced LLMs, such 1182

as ChatGPT or Claude, as an assistant for anno- 1183

tation. See the full human evaluation guideline 1184

documented in Appendix G. 1185

(1) Cloze prompt evaluation checks the faithful- 1186

ness of the generated prompt to the original sen- 1187

tence structure. 1188

(2) Paraphrases evaluation is conducted on four 1189

dimensions: fluency and grammaticality, linguistic 1190

diversity in reformulation, factual correctness to the 1191

original sentence in the source language, and inter- 1192

lingual factual correctness using the corresponding 1193

documents in the target language. 1194

(3) Distractor quality is measured through plausi- 1195

bility within the domain and apparent incorrectness 1196

relative to the original context. 1197

Each metric employs structured scoring rubrics 1198

with scales ranging from 0-2 or 0-3, enabling sys- 1199

tematic assessment of dataset quality across mul- 1200

tiple linguistic and semantic dimensions. We ran- 1201

domly sample 50 instances for each language and 1202

conduct human evaluation following the guidance 1203

above. As shown in Table 2, our evaluation results 1204

indicate that AdaXEval is capable of generating 1205

high-quality evaluation data, meeting the require- 1206

ments for assessing knowledge memorization as 1207

well as intralingual and interlingual generalization 1208

evaluation. 1209
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Table 2: Human evaluation results for knowledge acqui-
sition datasets generated from the biomedical J-STAGE
corpus.

Evaluation Metric Japanese English
cloze prompt (Faithfulness) 2.84/3 2.89/3
Paraphrase (Fluency) 2.94/3 2.96/3
Paraphrase (Diversity) 2.48/3 2.62/3
Paraphrase (Factuality) 2.86/3 2.86/3
Paraphrase (Inter-Factuality) 1.68/2 1.76/2
Distractor (Plausibility) 2.35/3 2.16/3
Distractor (Incorrectness) 2.89/3 2.97/3

C.2 Examples1210

We randomly sample 10 examples from AdaXEval1211

for both English and Japanese and display them in1212

Table 3 (Japanese) and Table 4 (English).1213

D Sequence Perturbation Analysis1214

In this section, we introduce the detailed settings1215

for sequence perturbation experiments and report1216

the additional results.1217

D.1 Details of Perturbation1218

For monosym@X and monosym@X that require1219

collecting synonyms from WordNet 2.0, we only1220

conduct Japanese-to-English replacement. Specif-1221

ically, we first tokenize the Japanese sequence by1222

sudachipy12, a Japanese morphological analyzer,1223

and get the POS tags. Then we filter out tokens1224

with stop words and the POS tags that are not “普1225

通名詞”, “固有名詞”, “サ変接続”, “形容動詞語1226

幹”, “動詞一般” to avoid introducing noisy words.1227

Furthermore, the paraphrasing and translation are1228

done by requesting GPT-4.1.1229

D.2 Perturbation Results1230

We show all the token-level perturbation results in1231

Figure 13 and sentence-level perturbation result in1232

Figure 14.1233

E Domain Adaptation Training Details1234

E.1 Training Data Generation1235

In this study, to address the scarcity of bilingual1236

domain corpora and enhance domain understand-1237

ing, we employ two data augmentation strategies:1238

regex-based pattern mining and LLM-based QA1239

generation. Both approaches yield instruction-like1240

12https://github.com/WorksApplications/
SudachiPy

sequences, which we mix with raw corpora. Fol- 1241

lowing prior work (Cheng et al., 2024a), we adopt 1242

an instruction-pretraining strategy for continual do- 1243

main adaptation. 1244

(1) Regex-based pattern mining: (Jiang et al., 1245

2024b) verified that by transforming raw corpora 1246

into reading comprehension texts, continual train- 1247

ing can consistently enhance performance across 1248

various tasks in different domains. We adopt a 1249

similar strategy by analyzing the training corpora 1250

and mining regex patterns to automatically create 1251

instruction-style data. Furthermore, to increase 1252

data diversity, we prepare ten instruction templates 1253

for each type of reading comprehension text. For 1254

each document, however, we sample only one tem- 1255

plate per type. 1256

Specifically, each document in J-STAGE con- 1257

tains multiple metadata fields, including: 1258

• title: the title of the paper 1259

• abstract: the paper abstract 1260

• keywords: pre-defined keywords of the paper 1261

• fields: research categories of the paper 1262

Based on this information, we construct ten types 1263

of reading comprehension instructions as follows: 1264

• Summarization: Summarize the context into 1265

one concise sentence, taking the abstract as input 1266

and the title as output. 1267

• Keyword Extraction: Extract the keywords 1268

from the abstract, using the keywords field as 1269

the gold reference. 1270

• Field Identification: Identify the research 1271

field(s) of the paper, taking the abstract as in- 1272

put and the fields metadata as the expected 1273

output. 1274

• Translation: Translate between English and 1275

Japanese, using bilingual metadata or parallel 1276

text segments as input-output pairs. 1277

• Text Completion: Complete an incomplete ab- 1278

stract or title given the partial text, where the 1279

remainder of the text serves as the reference out- 1280

put. 1281

• Conclusion Derivation: Derive the study’s con- 1282

clusion from its context, with the conclusion 1283

section as supervision. 1284

• Background Derivation: Infer the background 1285

or motivation of the study from the provided 1286

abstract or introduction sentences. 1287
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• Diagnosis: Given a description of symptoms (ex-1288

tracted from biomedical corpora), predict the cor-1289

responding diagnosis, using annotated datasets1290

where available.1291

• Reordering: Reorder shuffled sentences into1292

their natural sequence, ensuring coherence with1293

the original abstract or section structure.1294

• Goal–Method–Result–Conclusion (GMRC):1295

Derive one missing component (e.g., goal,1296

method, result, or conclusion) based on the other1297

three, enabling comprehension of scientific dis-1298

course structures.1299

(2) LLM-base QA generation: To enhance the1300

data diversity, we further generate five question-1301

answer pairs for each document. Specifically, we1302

use DeepSeek-R1-Distill-Llama-70B for English1303

QA-pair generation and use DeepSeek-R1-Distill-1304

Qwen-JP-32B (Ishigami, 2025)13 for Japanese QA1305

generation. Noted that not all documents can suc-1306

cessfully generate five QA pairs.1307

E.2 continual training Settings1308

We conduct continual training using Megatron-1309

LM on the llm-jp-3-13B model. The training1310

setup follows a distributed configuration with 41311

compute nodes, each equipped with 8 A100 GPUs.1312

We apply a tensor parallel size of 2 and a pipeline1313

parallel size of 4, enabling efficient large-scale1314

training with a sequence length of 4096. The opti-1315

mizer is configured with a learning rate of 2×10−5,1316

weight decay of 0.1, and gradient clipping of 1.0,1317

with a minimum learning rate of 2 × 10−6. We1318

adopt a micro-batch size of 1 and a global batch1319

size of 32 to stabilize training. Under this configu-1320

ration, training one epoch on 0.5B tokens requires1321

approximately 7 hours, demonstrating the compu-1322

tational feasibility of continual training while main-1323

taining efficiency on large-scale biomedical and1324

cross-lingual corpora.1325

F Transfer From Japanese to English1326

Here, we report the results of the Japanese-to-1327

English cross-lingual transfer evaluation using dif-1328

ferent recipes, as a supplement to the analysis in1329

§ 5.2.2. Specifically, in this setting, CK is com-1330

posed of the Japanese monolingual training cor-1331

pora, while we vary the data source of CT to inves-1332

tigate efficient cross-lingual transfer. Evaluation1333

results are shown in Figure 12.1334

13https://huggingface.co/cyberagent/
DeepSeek-R1-Distill-Qwen-32B-Japanese
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Figure 12: Japanese-to-English transfer evaluation with
diverse strategies.

The evaluation results shown in Figure 12 ex- 1335

hibit trends that differ from those in Figure 9, as 1336

the strong baseline using multilingual corpora (a 1337

mixture of Japanese and English monolingual train- 1338

ing corpora) largely outperforms other translation 1339

corpora. This suggests that generalization within 1340

English knowledge is an easier task than transfer- 1341

ring knowledge from Japanese to English. Never- 1342

theless, we still observe the strongest cross-lingual 1343

transfer in the closely related domain compared to 1344

the other three domains. 1345

G AdaXEval Human Evaluation 1346

Guideline 1347

G.1 Cloze prompt Quality Evaluation 1348

Objective: 1349

Evaluate whether fill-in-the-blank prompts gen- 1350

erated from biomedical academic sentences and 1351

subject–relation–object triples are clear, faithful to 1352

the original sentence, and free from factual distor- 1353

tion. Each prompt removes the object from the 1354

triple and replaces it with a blank. 1355

Input: You will be shown the following for each 1356

item: 1357

• Original Sentence: The full academic sentence 1358

from which the triple is extracted. 1359

• Triple: A <subject, relation, object> 1360

triple derived from that sentence. 1361

• Generated Prompt: A fill-in-the-blank sentence 1362

where the object is replaced with [BLANK]. 1363

Faithfulness Criteria 1364

When the [BLANK] is replaced with the object, 1365

does the prompt preserve the structure and meaning 1366

of the original sentence, including key contextual 1367

information? 1368

• What it checks: Structural and contextual simi- 1369
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Score Description

3 The prompt closely mirrors the original
sentence’s structure and meaning. Minor
surface-level changes (e.g., auxiliary verbs,
punctuation, or sentence breaks) are accept-
able.

2 The core meaning is preserved, but there
are moderate changes in wording, omission
that does not change the semantic meaning,
or noticeable rephrasing.

1 The prompt differs significantly in struc-
ture or phrasing, or some key information
is missed

0 The prompt is not clearly based on the orig-
inal sentence or appears unrelated in mean-
ing or form.

larity between the prompt and the original sen-1370

tence1371

• Focuses on: Wording, phrasing, sentence struc-1372

ture, presence of supporting context1373

G.2 Paraphrased Question Quality1374

Evaluation1375

Objective: Evaluate whether question-style1376

prompts, automatically generated from fill-in-the-1377

blank biomedical prompts, are:1378

• Semantically faithful to the original prompt (i.e.,1379

same question being asked)1380

• Grammatically correct and fluent1381

• Natural as questions a human would realistically1382

ask1383

Input:1384

• Original Fill-in-the-Blank Prompt (e.g., “EGFR1385

is highly expressed in [BLANK].”)1386

• Paraphrased Question-style Prompt (e.g., “In1387

which condition is EGFR highly expressed?”)1388

Example:1389

• Original Sentence: “EGFR is highly expressed1390

in non-small cell lung carcinoma.”1391

• Triple: (EGFR, is highly expressed in, non-small1392

cell lung carcinoma)1393

• Prompt: “EGFR is highly expressed in1394

[BLANK].”1395

Evaluation Criteria1396

1) Fluency and Grammaticality: Is the question1397

grammatically correct, fluent, and natural-sounding1398

in English?1399

• Focuses on syntax, awkward phrasing, unnatural1400

interrogative forms1401

Score Description

3 Fully natural and fluent; well-formed ques-
tion

2 Mostly fluent; minor grammatical issues or
slight awkwardness

1 Understandable but ungrammatical or
clearly unnatural

0 Ungrammatical, confusing, or not a valid
question

Score Description

3 The question fully matches the meaning of
the original facts; no distortion or loss of
critical details; context is complete and the
answer remains uniquely correct.

2 The question is generally accurate but has
minor factual ambiguity or slightly softer
interpretation that could cause mild uncer-
tainty while still pointing to the same an-
swer.

1 Some key context or factual precision is
missing or altered; relationships are weak-
ened; the answer is still inferable but not
strictly unique or reliable.

0 The question introduces clear factual er-
rors, distorts the original meaning or rela-
tionships, or misleads so the answer could
be wrong or invalid.

2) Factual Consistency: When given the answer, 1402

is the question factually consistent with the original 1403

sentence and triple (no distortion of meaning or 1404

relationships)? 1405

• Semantic Accuracy: Does the question pre- 1406

serve the intended meaning of the original sen- 1407

tence and triple? 1408

• Relationship Integrity: Are the logical rela- 1409

tions (e.g., cause/effect, association, identity) 1410

between subject, relation, and object kept intact? 1411

• Context Preservation: Does the question retain 1412

essential context needed to uniquely identify the 1413

correct answer (e.g., disease type, anatomical 1414

site, conditions, time point, numerical thresh- 1415

olds)? Missing such context should lower the 1416

score. 1417

3) Linguistic Diversity: How well does the para- 1418

phrased question use different wording and struc- 1419

ture from the original prompt? 1420

• What it checks: Lexical and syntactic variation 1421

between the original and paraphrased versions 1422

• Focuses on: Synonym usage, sentence structure 1423

changes, reformulation techniques 1424

4) Cross-Lang Factual Consistency: Can the evi- 1425

dence supporting the same fact be found or inferred 1426
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Score Description

3 Excellent reformulation; uses different vo-
cabulary and structure while maintaining
meaning

2 Good variation; some different wording but
follows similar structure or only changing
the structure without introducing new vo-
cabulary

1 Minimal variation; mostly replaces the
blank with a question word

0 No meaningful reformulation; essentially
the same as the original with a question
mark

Score Description

2 Direct match – same triple is clearly ex-
pressed in one sentence or consecutive sen-
tences in the abstract in the target language.

1 Inferable without extra biomedical knowl-
edge out of the given content – not in one
sentence, but can be reasonably inferred
from the paragraph as a whole.

0 Not supported or requires extra knowledge
– the triple cannot be inferred from the ab-
stract, or unrelated.

from the document in the target language?1427

G.3 Distractor Quality Evaluation1428

Objective: Evaluate the quality of three distractor1429

options (incorrect candidates) accompanying the1430

correct answer (object) in a multiple-choice setting1431

derived from biomedical fill-in-the-blank prompts.1432

Each distractor should be:1433

• Plausible given the question1434

• Incorrect (not the original object)1435

• Relevant in context and domain1436

Input:1437

• Original Sentence1438

• Triple1439

• Fill-in-the-Blank Prompt1440

• Answer options1441

Example:1442

• Original Sentence: EGFR is highly1443

expressed in non-small cell lung1444

carcinoma.1445

• Triple: (EGFR, is highly expressed in, non-small1446

cell lung carcinoma)1447

• Prompt: EGFR is highly expressed in1448

[BLANK].1449

Evaluation Criteria: Need evaluations for both1450

the cloze prompt and the paraphrased question.1451

Score Description

3 Highly plausible: Very convincing as an
answer; can confuse even experts; fits sub-
ject, relation, domain well.

2 Moderately plausible: Makes sense in gen-
eral; fits domain and context somewhat;
can be ruled out by basic domain knowl-
edge.

1 Barely plausible: Awkward or uncommon;
easily ruled out by surface cues or common
sense without any domain knowledge.

0 Implausible: Irrelevant, nonsensical, or
grammatically incorrect; not a valid answer
option.

Score Description

3 Definitely wrong: contradicts or is not sup-
ported by the original sentence.

2 Likely wrong: but could be ambiguous or
partially true given the original sentence.

1 Borderline: Possibly true or partially cor-
rect; ambiguous given the sentence.

0 Incorrectly labeled – This distractor is ac-
tually correct or the original answer given
the original sentence.

1) Plausibility in Context: Is the distractor be- 1452

lievable given the prompt and domain knowledge 1453

(biomedical)? 1454

• What it checks: subject, relation, and expected 1455

answer type (should be the object) 1456

• Focuses on: Be cautious of meaning shifts, in- 1457

correct substitutions, or role reversals. 1458

2) Incorrectness: Is the distractor clearly incorrect 1459

given the original sentence and triple? 1460
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Figure 13: The loss dynamics over all perturbation patterns on Japanese sequences.
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Figure 14: The loss dynamics over all perturbation patterns on English sequences.
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Table 3: Samples of Japanese AdaXEval Dataset.

Sentence cloze prompt Paraphrase Options Answer ID
その結果, Ca-HApのカ
ルシウムおよびリンの
溶解は多くの有機酸水
溶液中, pH4 6.5の範囲
で下記の式に従うこと
がわかった (ただし, リ
ンゴ酸, 酒石酸, クエン
酸を除く)。

その結果、[BLANK]は
多くの有機酸水溶液
中、pH4〜6.5の範囲で
下記の式に従うことが
わかった（ただし、リ
ンゴ酸、酒石酸、クエ
ン酸を除く）。

多くの有機酸水溶液
中、pH4〜6.5の範囲で
下記の式に従うことが
わかったのは何の溶解
ですか？

A. Ca-HApのマグネシウムおよび鉄の溶解
B. Ca-HApの亜鉛および銅の溶解
C. Ca-HApのカルシウムおよびリンの溶解
D. Ca-HApのナトリウムおよびカリウムの溶
解

C

そ れ と と も に, β-
lactamaseやaminoglycoside
acetyltransferase (AAC)な
どによる抗菌薬の不活
化やDNA gyraseの変化
による抗菌薬親和性の
減少,さらにbiofilm形成
による抗菌薬の低浸透
などが組み合わさり多
剤耐性化する.

β-
lactamaseやaminoglycoside
acetyltransferase (AAC)に
よ る 抗 菌 薬 の 不 活
化、DNA gyraseの変化
による抗菌薬親和性の
減少、さらにbiofilm形
成による抗菌薬の低浸
透などが組み合わさ
り[BLANK]する。

β-lactamaseやAACに
よ る 抗 菌 薬 の 不 活
化 、DNA gyraseの 変
化、biofilm形成などが
組み合わさることで生
じる現象は何ですか？

A.単剤耐性化
B.多剤耐性化
C.抗菌薬感受性の増加
D.抗菌薬の副作用増強

B

悪性腫瘍に伴う血液凝
固能亢進状態により
脳卒中をきたす病態
はTrousseau症候群とし
て知られている.

悪性腫瘍に伴う血液凝
固能亢進状態により
脳卒中をきたす病態
は[BLANK]として知ら
れている。

悪性腫瘍に伴う血液凝
固能亢進状態が原因で
脳卒中を発症する病態
は何と呼ばれています
か？

A. Goodpasture症候群
B. Trousseau症候群
C.抗リン脂質抗体症候群
D. Lambert-Eaton症候群

B

根部よりの吸収は化合
物の疎水性 (logP) と負
の相関性を示した.

[BLANK]は化合物の疎
水性 (logP) と負の相関
性を示した。

化合物の疎水性 (logP)
と負の相関性を示すの
はどのような吸収です
か？

A.根毛からの吸収
B.茎部よりの吸収
C.葉部よりの吸収
D.根部よりの吸収

D

こ の こ と か
らp53はH2AXリ ン
酸化には関与しておら
ず、脱リン酸化やさら
に下流の因子と関わっ
てあると考えられる。

こ の こ と か
ら[BLANK]はH2AXリ
ン酸化には関与してお
らず、脱リン酸化やさ
らに下流の因子と関
わってあると考えられ
る。

H2AXリン酸化に関与
していないと考えられ
るタンパク質は何です
か？

A. DNA-PK
B. CHK2
C. p53
D. ATM

C

Solitary fibrous tu-
mor(SFT)は,間葉系細胞
由来の稀な腫瘍である.

[BLANK]は、間葉系細
胞由来の稀な腫瘍であ
る。

間葉系細胞由来の稀な
腫瘍として知られてい
るのは何ですか？

A.神経膠腫 (glioma)
B.リンパ腫 (lymphoma)
C. Solitary fibrous tumor (SFT)
D.扁平上皮癌 (squamous cell carcinoma)

C

1990年 代 半 ば に 開
発 さ れ た 脱 窒 菌 法
に よ り,硝 酸 イ オ ン
のδ15N,δ18Oを 微 量
で同時に測定できるよ
うになった。

1990年 代 半 ば に 開
発 さ れ た[BLANK]に
よ り 、 硝 酸 イ オ ン
のδ15N,δ18Oを 微 量
で同時に測定できるよ
うになった。

硝酸イオンのδ15Nお
よびδ18Oを微量で同
時に測定することを可
能にした方法は何です
か？

A.分光光度法
B.脱窒菌法
C.イオンクロマトグラフィー法
D.ガスクロマトグラフィー質量分析法

B

遠隔転移は悪性腫瘍が
全身化した状態で,治療
の原則は薬物療法であ
る。

遠隔転移は悪性腫瘍が
全身化した状態で、治
療の原則は[BLANK]で
ある。

悪性腫瘍が全身化した
状態である遠隔転移の
治療の原則として用い
られるのは何ですか？

A.放射線療法
B.免疫療法
C.外科的切除
D.薬物療法

D

門脈圧亢進症におけ
る消化管壁内粘膜下A-
Vanastomosis (A-VA) 開
大増加に伴う循環亢進
状態に関しては,食道胃
静脈瘤・門脈圧亢進症
性胃症の発症に直接関
連する病態として,多く
の検討がなされてきて
いる.

門脈圧亢進症におけ
る消化管壁内粘膜下A-
Vanastomosisの開大増加
は[BLANK]に直接関連
する病態として、多く
の検討がなされてきて
いる。

門脈圧亢進症におけ
る消化管壁内粘膜下A-
Vanastomosisの開大増加
が直接関連する病態と
して発症するのは何で
すか？

A.肝性脳症および肝腎症候群の発症
B.胆道閉塞および胆石症の発症
C.膵炎および十二指腸潰瘍の発症
D.食道胃静脈瘤および門脈圧亢進症性胃症の
発症

D

BLT1を介したシグナル
はMyD88の遺伝子発現
を誘導することで腸内
細菌からの自然免疫シ
グナルを増強し,形質細
胞の細胞増殖を促進す
ることで経口ワクチン
抗原に対する抗原特異
的IgA産生を促進する
作用があることがわか
り,経口ワクチンの成立
に必須の分子機構であ
ることが明らかになっ
た.

BLT1を介したシグナ
ル はMyD88の 遺 伝 子
発現を誘導すること
で[BLANK]を増強し、
形質細胞の細胞増殖を
促進することで経口ワ
クチン抗原に対する抗
原特異的IgA産生を促
進する作用があること
がわかった。

BLT1を介したシグナル
がMyD88の遺伝子発現
を誘導することで増強
するのは何のシグナル
ですか？

A.腸管上皮細胞の増殖シグナル
B.抗原提示細胞による炎症性サイトカインシ
グナル
C.腸内細菌からの自然免疫シグナル
D.ウイルス感染による獲得免疫シグナル

C
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Table 4: Samples of English AdaXEval Dataset.

Sentence cloze prompt Paraphrase Options Answer ID
Fe2O3-SiO2 particles,
which removes 112S and
COS in hot coal gas, are
prepared.

Fe2O3-SiO2 particles,
which remove [BLANK]
in hot coal gas, are pre-
pared.

Which contaminants in hot
coal gas are targeted for re-
moval by Fe2O3-SiO2 par-
ticles?

A. NH3 and HCN
B. SO2 and NOx
C. H2S and COS
D. CO2 and CH4

C

The antimicrobial activity
of lomefloxacin against
gram-positive bacteria
was inferior to those of
ofloxacin and gentamicin
and comparable to that of
chloramphenicol.

The antimicrobial activity
of lomefloxacin against
gram-positive bacteria
was inferior to those of
[BLANK] and comparable
to that of chloramphenicol.

Against gram-positive bac-
teria, lomefloxacin shows
lower antimicrobial activ-
ity than which other antibi-
otics?

A. ciprofloxacin and ampicillin
B. ofloxacin and gentamicin
C. vancomycin and clindamycin
D. erythromycin and tetracycline

B

Basal cell adenoma is a
rare type of salivary gland
tumor.

[BLANK] is a rare type of
salivary gland tumor.

Which rare type of tumor
can occur in the salivary
glands?

A. Adenoid cystic carcinoma
B. Pleomorphic adenoma
C. Basal cell adenoma
D. Mucoepidermoid carcinoma

C

The common clinical
signs were fever and
hepatosplenomegaly.

The common clinical signs
were [BLANK].

Which clinical signs are
most frequently observed?

A. fever and hepatosplenomegaly
B. jaundice and ascites
C. rash and lymphadenopathy
D. cough and chest pain

A

Phospholipids were found
to be classified into three
groups : (1) a lipid de-
activating the glycolipid
by strong hydrogen bond
(phosphatidic acid ana-
log), (2) a lipid likely to
distribute the glycolipid
rather homogeneously
by weak hydrogen bond
(phosphatidylglycerol
and phosphatidylinos-
itol analogs), and (3)
a lipid enhancing the
activity of a glycolipid
by electrostatic effect
(phosphatidylserine, phos-
phatidylcholine, and phos-
phatidylethanolamine
analogs).

Phospholipids were found
to be classified into
three groups: (1) a lipid
deactivating the glycol-
ipid by strong hydrogen
bond (phosphatidic acid
analog), (2) a lipid likely
to distribute the glycolipid
rather homogeneously
by weak hydrogen bond
(phosphatidylglycerol
and phosphatidylinos-
itol analogs), and (3)
[BLANK].

Which group of phospho-
lipids enhances the activity
of glycolipids by electro-
static effect?

A. lipids inhibiting glycolipid synthesis by covalent
modification (ceramide analogs)
B. lipids deactivating glycolipids by strong hydro-
gen bond (phosphatidic acid analog)
C. lipids enhancing glycolipid activity by elec-
trostatic effect (phosphatidylserine, phosphatidyl-
choline, and phosphatidylethanolamine analogs)
D. lipids distributing glycolipids homogeneously
by weak hydrogen bond (phosphatidylglycerol and
phosphatidylinositol analogs)

C

Furthermore, the dried
ARC, which was dehy-
drated in the presence of
saccharides, can be recov-
ered by dispersion of the
powdered ARC in water.

The dried ARC, which was
dehydrated in the presence
of saccharides, can be re-
covered by [BLANK].

What process allows the re-
covery of dried ARC that
was dehydrated with sac-
charides?

A. heating the powdered ARC in ethanol
B. exposing the powdered ARC to ultraviolet light
C. dispersion of the powdered ARC in water
D. mixing the powdered ARC with organic solvents

C

About half of the reported
cases of acanthosis nigri-
cans are accompanied by
various kinds of malignant
neoplasms, mostly adeno-
carcinomas of the diges-
tive system.

About half of the reported
cases of acanthosis nigri-
cans are accompanied by
[BLANK].

What condition is present
in about half of the re-
ported cases of acanthosis
nigricans?

A. various kinds of malignant neoplasms, mostly
adenocarcinomas of the digestive system
B. infectious diseases, such as tuberculosis and hep-
atitis
C. autoimmune disorders, mainly lupus and rheuma-
toid arthritis
D. benign skin tumors, primarily lipomas and fibro-
mas

A

Suppressed cellular immu-
nity, malignancy, diabetes
mellitus and history of an-
tibiotic usage are signifi-
cant predisposing factors
for the development of
esophageal candidiasis.

[BLANK] are significant
predisposing factors
for the development of
esophageal candidiasis.

Which conditions are
considered important risk
factors for developing
esophageal candidiasis?

A. Chronic hypertension, obesity, hyperlipidemia,
and smoking
B. Suppressed cellular immunity, malignancy, dia-
betes mellitus, and history of antibiotic usage
C. Asthma, seasonal allergies, eczema, and vitamin
D deficiency
D. Alcohol abuse, liver cirrhosis, renal failure, and
hypothyroidism

B

Improved hydrogen sulfide
removal is necessary for
this apparatus to be ap-
plied to measurement of
biogas produced by anaer-
obic digestion, since hy-
drogen sulfide influences
catalysis.

Improved hydrogen sulfide
removal is necessary for
this apparatus to be ap-
plied to measurement of
biogas produced by anaer-
obic digestion, since hy-
drogen sulfide influences
[BLANK].

What process is affected
by the presence of hydro-
gen sulfide in biogas mea-
surement apparatus?

A. oxidation
B. fermentation
C. catalysis
D. photosynthesis

C

The activity of ACC
(1-aminocyclopropane-1-
carboxylic acid) oxidase
and the rate of ethylene
production increased
rapidly during fruit ripen-
ing at 20°C.

The activity of ACC
(1-aminocyclopropane-1-
carboxylic acid) oxidase
and the rate of ethylene
production increased
rapidly during [BLANK].

During which process at
20°C do ACC oxidase ac-
tivity and ethylene produc-
tion rate increase rapidly?

A. fruit ripening at 20°C
B. leaf senescence at 20°C
C. flowering at 20°C
D. seed germination at 20°C

A

22


	Introduction
	Knowledge Acquisition Evaluation
	AdaXEval Pipeline
	Fact Detection
	Queries Crafting
	Distractor Generation
	Quality Filtering

	Evaluation metric
	Experimental Setup

	Tracing Knowledge Acquisition
	Experimental Setup
	Tracing Performance Dynamics
	Knowledge Acquisition via Loss Shielding

	From Training Data to Knowledge
	Token-level Perturbation
	Sentence-level Perturbation

	Bridging Languages in Domain Adaptation
	What Helps Cross-lingual Transfer?
	Cross-lingual Transfer Enhancement
	Multilingual Continual Training
	Cross-lingual Transfer Evaluation


	Conclusions
	Limitations
	Related Work
	Domain Knowledge Evaluation
	Mechanisms of Knowledge Acquisition
	Cross-lingual Knowledge Transfer

	AdaXEval Implementation Details
	Generation Details
	Evaluation Metrics

	AdaXEval Dataset Details
	Human Evaluation
	Examples

	Sequence Perturbation Analysis
	Details of Perturbation
	Perturbation Results

	Domain Adaptation Training Details
	Training Data Generation
	continual training Settings

	Transfer From Japanese to English
	AdaXEval Human Evaluation Guideline
	Cloze prompt Quality Evaluation
	Paraphrased Question Quality Evaluation
	Distractor Quality Evaluation


