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Revealing the Dynamics of Multilingual Knowledge
Acquisition in Domain Adaptation

Xin Zhao1,2,a) Naoki Yoshinaga3,b) Yuma Tsuta2,4 Akiko Aizawa2,c)

Abstract: Multilingual domain adaptation is a common approach for learning new domain knowledge and transfer-
ring it across languages. Although various methods have been proposed to enhance domain adaptation, the process
of multilingual knowledge acquisition, specifically how monolingual domain knowledge is learned and transferred
across languages, remains underexplored. This often results in suboptimal performance, which can be particularly
detrimental in low-resource domains and languages. This work examines the learning dynamics of large language
models (LLMs) during adaptation. To directly investigate how multilingual knowledge acquisition is achieved, we
introduce AdaXEval, an adaptive evaluation method that constructs multiple-choice QA datasets using the bilingual
domain corpus. Through continual pre-training with diverse data recipes, we track how LLMs acquire domain facts
and pinpoint the mechanism behind the transformation process from domain training data to knowledge. Experiments
on a 13B bilingual LLM reveal that cross-lingual transfer remains challenging despite a high-quality bilingual corpus,
underscoring the need for more effective domain knowledge transfer methods.
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1. Introduction
Domain adaptation is a practical approach for adapting large

language models (LLMs) trained on general-domain corpora
to new knowledge [1], [2] or specialized domains such as
biomedicine and finance [3], [4], [5]. This process typically in-
volves continual pretraining on domain-specific corpora to infuse
LLMs with relevant knowledge [6], [7], [8]. However, acquiring
such corpora is often challenging, particularly for low-resource
languages where domain-specific data is scarce [9].

To achieve effective domain adaptation under low-resource set-
tings, a common strategy is data augmentation, which expands
limited domain corpora by generating synthetic or derived data.
Techniques such as regex-based pattern mining [10], paraphras-
ing [11], and leveraging generative models [12] can increase data
diversity, thereby enhancing model exposure to domain-specific
terminology and usage patterns. Another line of research inves-
tigates cross-lingual transfer, which leverages domain knowledge
from high-resource languages to benefit low-resource ones. By
augmenting training corpora with multilingual or bilingual cor-
pora [13], [14], [15] or creating code-switching data [16], [17],
it is possible to transfer knowledge across languages. While
these data augmentation methods are shown to facilitate domain
knowledge acquisition in LLMs, prior work predominantly fo-
cuses on empirical solutions rather than understanding the under-
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lying mechanisms, leaving the critical factors influencing domain
adaptation unclear.

Our work aims to investigate the process of factual knowledge
acquisition in domain adaptation from a mechanistic perspective.
Specifically, we seek to understand, during the continual-training
process on the domain corpus, how domain facts are memorized
and generalized across different linguistic contexts, including
both intralingual (within a language) and interlingual (across
languages) variations, and to identify the key factors that facili-
tate effective knowledge acquisition and transfer. To achieve the
goal, we focus on three research questions:
RQ1: How to effectively evaluate the factual knowledge memo-

rization and generalization during domain adaptation?
RQ2: What is the mechanism behind the transformation from

training data to knowledge?
RQ3: What factors are critical to achieve cross-lingual transfer?

Existing approaches to evaluating domain knowledge largely
rely on public benchmarks [18], [19], [20] or training loss anal-
ysis [21], [22], [23]. However, these methods offer limited cov-
erage for low-resource domains and fail to capture generaliza-
tion across paraphrases and translations adequately. Moreover,
prior analyses have been largely restricted to relational facts in-
volving named entities and predefined relations [23], [24], which
fail to capture the complexity of domain-specific knowledge. To
address these gaps, we propose AdaXEval, an adaptive mul-
tilingual evaluation pipeline for domain adaptation. AdaXE-
val uses the bilingual corpus to automatically generate multiple-
choice datasets for knowledge memorization, intralingual gen-
eralization (paraphrase), and interlingual generalization (cross-
lingual transfer), ensuring applicability to new domains and lan-
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guages. Human annotation from multiple perspectives confirms
that AdaXEval provides reliable and informative evaluation re-
sults, demonstrating its effectiveness in evaluation.

We next investigate how training data is dynamically trans-
formed into knowledge that LLMs can store to deepen our under-
standing of models’ knowledge acquisition ability. Specifically,
we study biomedicine domain adaptation for Japanese using a
13B English/Japanese bilingual model [25], with English serv-
ing as a comparison and source for knowledge transfer. We be-
gin with monolingual continual pretraining on both English and
Japanese using the J-STAGE corpus containing biomedical ab-
stracts for both languages. By evaluating training checkpoints
with the AdaXEval-generated dataset (hereafter, AdaXEval), we
observe a gradual knowledge acquisition process for both cloze
queries and paraphrases; however, the model struggles to achieve
cross-lingual transfer. Further analysis reveals that knowledge is
acquired as losses for correct options are **shielded** from rapid
growth due to overfitting, a phenomenon we term loss shielding.
This acquisition eventually plateaus as continued training causes
the model to overfit, leading to increasing loss across all options.
Examining losses on noisy training data confirms that the LLM
overfits readily to fixed token sequences, even when only par-
tial tokens are perturbed. This overfitting explains the limited
cross-lingual transfer, as there is minimal token overlap between
training and evaluation data across languages.

Finally, we investigate factors critical for cross-lingual trans-
fer of domain knowledge. Since monolingual training yields only
limited cross-lingual transfer, we employ multilingual continual
pretraining using various data recipes. We specifically exam-
ine translation and romanization strategies to facilitate transfer.
Our experiments confirm that the presence of cross-lingual tokens
in closely related domains is essential for successful knowledge
transfer. Nonetheless, even with high-quality alignment signals
such as translations, cross-lingual transfer remains challenging,
underscoring the need for more effective methods.

The contributions of this paper are:
( 1 ) We propose AdaXEval, an adaptive multilingual evaluation

pipeline that can automatically generate datasets to evaluate
domain knowledge across memorization, intralingual and in-
terlingual generalization.

( 2 ) We analyze the training dynamics of domain adaptation,
showing that knowledge acquisition is driven by differential
loss allocation but eventually plateaus due to overfitting.

( 3 ) We reveal the mechanism of the transformation from train-
ing corpora to knowledge and investigate the crucial factors
to achieve cross-lingual transfer during domain adaptation.

2. Related Work
2.1 Domain Knowledge Acquisition Evaluation

The evaluation of domain knowledge is typically performed
using public benchmarks [18], [19], [20]. However, such bench-
marks are not always for low-resource languages or special-
ized domains. Also, evaluating knowledge acquisition usually
requires paraphrase datasets for intralingual generalization and
translation datasets for interlingual generalization, which can not
all be captured by standard benchmarks. Moreover, the knowl-

edge contained in the training data and that covered by the bench-
marks may differ substantially, making the evaluation results
an imperfect reflection of the actual knowledge acquired dur-
ing training. On the other side, some studies observe acquisi-
tion progress with loss reduction as evidence [21], [22], [23].
However, the loss does not necessarily reflect the domain-specific
knowledge that end users care about. Finally, most existing
knowledge analyses rely on predefined relational facts [23], [24],
which are insufficient for representing the richer and more com-
plex knowledge structures characteristic of specialized domains.

2.2 Mechanisms of Knowledge Acquisition in LLMs
Large language models (LLMs) have been widely studied for

their capacity to store and retrieve factual knowledge [22], [26],
[27], [28]. This has spurred growing interest in understanding the
underlying mechanisms by which such knowledge is encoded and
accessed [29], [30], [31], [32]. Recent work has also investigated
the dynamics of knowledge acquisition by analyzing intermediate
model checkpoints during training. [22] shows that LLMs accu-
mulate factual knowledge through repeated exposures, gradually
increasing the likelihood of correct recall with each encounter.
Key factors influencing this acquisition include fact frequency,
model scale, and batch size [22], [23], [24].

Parallel to monolingual knowledge studies, the cross-lingual
transfer capabilities of LLMs have garnered considerable atten-
tion, particularly for enabling efficient knowledge transfer from
high-resource to low-resource languages. Unlike general lin-
guistic understanding, the transfer of factual knowledge across
languages remains notably challenging [23], [24]. Studies sug-
gest that facts expressed in different languages may be stored as
distinct representations within the model [24], [33], [34], and
only certain relational types are effectively transferable across
languages [23], [24]. Despite these advances, existing studies
primarily focus on pretraining dynamics and structurally rela-
tional facts. The connection between specific training data and
the knowledge it represents remains insufficiently explored, high-
lighting the need for a deeper investigation into how LLMs ac-
quire and organize complex, domain-specific knowledge.

2.3 Cross-lingual Knowledge Transfer
Cross-lingual transfer in domain adaptation has been studied

through various strategies that aim to bridge language gaps in
knowledge transfer. Translation data are widely used in train-
ing LLMs to enhance cross-lingual knowledge transfer [35], [36],
[37], supporting applications such as machine translation [36] and
instruction following [38], [39]. However, since in-domain trans-
lation data are often scarce, it remains unclear whether translation
can effectively transfer complex and sparse domain knowledge
across languages. Furthermore, the romanization strategy reduces
script barriers by converting text into romanized forms, thereby
aligning linguistic representations with English [40], [41], [42].
Finally, code-switching has been shown to be effective in align-
ing token semantics across languages by interleaving tokens from
multiple languages within the same context [16], [17]. However,
it is still uncertain whether these alignment signals are sufficient
for transferring complex domain knowledge across languages.
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3. Domain Knowledge Acquisition Evaluation
To evaluate knowledge acquisition in domain adaptation un-

der realistic scenarios, we propose AdaXEval, an adaptive multi-
lingual evaluation pipeline. This pipeline generates multiple-
choice datasets for assessing knowledge memorization, general-
ization, and cross-lingual transfer using advanced LLMs. We val-
idate AdaXEval’s effectiveness through human annotation.

3.1 AdaXEval
AdaXEval is an adaptive evaluation pipeline that evaluates

knowledge acquisition in domain adaptation by generating data
directly from the training corpus, ensuring evaluated facts stay
aligned with the training data. The pipeline includes three steps:
fact extraction, question crafting, and distractor generation, as il-
lustrated in Figure 1.
3.1.1 Fact Extraction

Extracting facts from realistic domain corpora is challeng-
ing, as complex domain knowledge cannot be easily formal-
ized into named entities or predefined relations. AdaXEval
addresses this challenge through a two-step strategy: named-
entity-recognization (NER)-based sentence filtering and multi-
agent triple extraction. First, domain-specific NER tools and
shallow linguistic heuristics are employed to identify sentences
in the training corpora that contain multiple named entities.
Next, we design Chain-of-Thought (CoT) instructions to guide
the extraction of factual triples from the filtered sentences, with
each triple represented in the format <subject, relation,
object>. The subject and object are preferably named entities,
though longer descriptive phrases are also acceptable to fit in re-
alistic fact representation. The implementation details of these
instructions can be found in the open-source code. Specifically,
AdaXEval employs a multi-LLM agent for triple extraction, es-
timating the overall confidence of the outputs, and adapting the
top-confident extraction result to improve evaluation reliability.
3.1.2 Question Crafting

AdaXEval utilizes advanced LLMs to generate multiple-choice
datasets to measure three key knowledge acquisition abilities.

1) Knowledge memorization aFor each recognized fact (e.g.,
⟨blood sugar level, can be controlled by, insulin⟩), we generate
a fill-in-the-blank query with [BLANK] as the placeholder for the
object (e.g., Blood sugar level can be controlled by [BLANK].)
The query should closely match the original sentence from the
training corpus to assess memorization ability exclusively, using
the original sentence as a reference.

2) Intralingual generalization assesses LLMs’ ability to acquire
knowledge using linguistic expressions that vary from those in the
training corpus. We design CoT instructions to let LLMs para-
phrase the cloze queries into question-like style questions where
different vocabulary is encouraged (e.g., Which substance
helps manage glycemic levels in the body?)

3) Interlingual generalization measures how learned facts can
be transferred across languages. While we consider translation as
a strong candidate, translation of domain knowledge is challeng-
ing due to specialized named entities, technical terminology, and

Table 1: Dataset statistics at each step of the AdaXEval pipeline.

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

domain-specific concepts that may not have direct equivalents
across languages. To address this challenge, we adapt AdaXE-
val to a bilingual domain corpus containing languages X and Y,
using the paraphrased dataset from language X to evaluate cross-
lingual transfer capabilities in language Y. *1

3.1.3 Distractor Generation
Finally, AdaXEval generates three plausible yet incorrect an-

swer options that remain topically related but unambiguously
wrong, while explicitly instructing the model to avoid surface-
level cues such as sequence length.

3.2 Experimental Setup

Domain corpus: Our study investigates biomedical domain
adaptation in English–Japanese language pairs. Specifically, we
utilize the J-STAGE biomedical corpus, which consists of aca-
demic paper abstracts, as the training data for both model training
and evaluation (see § 4.1 for details).

Details of Generation: We randomly sampled 10,000 paral-
lel documents for the evaluation dataset generation. The NER
tools we used for sentence filtering are () for English and () for
Japanese. We split abstracts into sentences and filter out sen-
tences with fewer than two entities, retaining the remainder for
triple extraction. For triple extraction in each sentence, we use
three open-source LLMs *2 from different families to assess the
confidence of whether the sentence is factual. We sum the con-
fidence scores across the three LLMs and retain sentences with
combined confidence scores greater than 2 (maximum 3), us-
ing their generated triples as the final sentence set. Finally, we
use GPT-4.1 to generate cloze queries, paraphrases, and generate
three distractors for each question instance. The number of in-
stances after each step is shown in Table 1. See Appendix A.1 for
details of the LLMs used, instructions, and confidence calculation
methods.

3.3 Evaluation metric
For each dataset, we follow [43] to compute the average cross-

entropy loss over the target tokens of possible answers and select
the one that has the highest generation possibility as the final an-
swer. Specifically, for loss calculation of cloze queries, we use

*1 Note that filtered and extracted triples may differ across languages. Thus,
facts evaluated for interlingual generalization differ from those used in
the other two. While this prevents direct comparison between three abil-
ities, our primary focus on accuracy changes during training makes this
a reasonable trade-off for evaluation quality.

*2 We employ open-source LLMs for local inference, as the large number
of candidate sentences would otherwise incur substantial computational
costs.
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Fig. 1: Overview of AdaXEval pipeline.

tokens before the [BLANK] as context and compute loss on the
following tokens. For paraphrases, we treat the question as con-
text and measure only the loss of answer tokens. Finally, we take
the accuracy of prediction as the knowledge acquisition metric.

Formulation: Let the model be pθ(· | ·). Each datasetD contains
pairs (q, a), where q is either a cloze query or a paraphrase query,
and a = (a1, . . . , am) is the tokenized answer sequence (e.g., “in-
sulin”). For cloze queries, the query string contains a special to-
ken [BLANK], and for paraphrases, the query is a natural ques-
tion. We denote by c the context tokens and by s = (s1, . . . , sn)
the evaluation sequence whose loss we measure.

Cloze queries: For a cloze query such as

[BLANK] can be used to control blood sugar level,

the evaluation sequence s is the full completion after the
[BLANK], i.e.,

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

where a1, . . . , am are answer tokens (“insulin”), and r1, . . . , rk are
the remainder tokens (“ can be used to control blood sugar level”).
The average cross-entropy loss is defined as

Lcloze(q, a) = −
1
n

n∑
t=1

log pθ(st | c, s<t).

Paraphrase queries: For a paraphrase query such as

Which substance helps manage glycemic levels?,

we take the entire question tokens as context c, and the evaluation
sequence is only the answer tokens:

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

The loss is computed as

Lpara(q, a) = −
1
m

m∑
t=1

log pθ(at | c, a<t).

Prediction and accuracy: For multiple-choice answers A =
{a(1), . . . , a(K)}, we select the candidate with the lowest loss
(equivalently, highest likelihood):

â = arg min
a∈A
L(q, a).

Finally, the knowledge acquisition metric is accuracy:

Accuracy =
1
|D|

∑
(q,a)∈D

1[â = a].

3.4 Human Evaluation
To assess the quality of our generated datasets, we con-

duct a comprehensive human evaluation across four key com-
ponents of the knowledge extraction and question generation
pipeline. 1) Triple extraction quality evaluation examines both
in-language correctness and cross-lingual correctness, which in-
dicates whether the same knowledge can be found in another lan-
guage corpus. 2) Cloze query evaluation checks the faithfulness
of the generated prompt to the original sentence structure and fac-
tual consistency. 3) Paraphrases evaluation is conducted on
three dimensions: fluency and grammaticality, semantic equiv-
alence to original prompts, and linguistic diversity in reformu-
lation. 4) Distractor quality is measured through plausibility
within the domain and apparent incorrectness relative to the orig-
inal context. See the full human evaluation guideline documented
in Appendix A.6.

Each metric employs structured scoring rubrics with scales
ranging from 0-2 for triple evaluation to 0-3 for other compo-
nents, enabling systematic assessment of dataset quality across
multiple linguistic and semantic dimensions. We randomly sam-
ple 100 instances for each language and conduct human evalu-
ation following the guidance above. As shown in Table 2, in-
language triple correctness is high, whereas cross-lingual cor-
rectness is slightly lower. This difference is attributable to the
fact that bilingual abstracts in J-STAGE represent document-level
alignments rather than strict translations. The lower faithfulness
score reflects a tendency of the generations to introduce moderate
rephrasings or lexical substitutions while retaining the core mean-
ing. The high quality of paraphrase and distractor generation can
be attributed to the use of a closed-source LLM (GPT-4.1). Over-
all, our evaluation results indicate that AdaXEval is able to gen-
erate high-quality evaluation data, meeting the requirements for
assessing knowledge memorization as well as intralingual and in-
terlingual generation.

4. Tracing Knowledge Acqusition
In this section, we examine the training dynamics of domain

adaptation and explore the mechanism underlying the transforma-
tion from training data to knowledge. We perform monolingual
continual pretraining on English and Japanese using a biomedical
domain corpus as a case study.
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Table 2: Human evaluation results for knowledge acquisition
datasets generated from the biomedical J-STAGE corpus.

Evaluation Metric Japanese English
Triple (In-lang) 1.78/2 1.76/2

Triple (cross-lang) 1.54/2 1.62/2

Cloze query (Faithfulness) 2.18/3 2.52/3

Cloze query (Factuality) 2.72/3 2.58/3

Paraphrase (Fluency) 2.97/3 2.96/3

Paraphrase (Equivalence) 2.67/3 2.84/3

Paraphrase (Diversity) 2.83/3 3.0/3

Distractor (Plausibility) 2.24/3 2.32/3

Distractor (Incorrectness) 2.93/3 2.89/3

4.1 Experimental Setup

Data preparation: For bilingual data, we employ a subset of the
J-STAGE corpus, a collection of Japanese research papers with
some abstracts translated into English. From this corpus, we ex-
tract biomedical bilingual papers, comprising 614,444 Japanese
documents and 404,643 English documents, where each English
document has a corresponding Japanese counterpart. These bilin-
gual pairs serve as candidates for AdaXEval. To enhance domain
adaptation performance and enable more fine-grained analysis,
we adopt instruction pretraining as a strong data augmentation
baseline for constructing the training corpus. Specifically, we
generate biomedical instructions from raw text using both rule-
based mining patterns [44] and LLM-based question–answer gen-
eration [45]. The raw documents are then combined with the
generated instructions for continual pretraining. Details of the
training dataset construction are provided in Appendix A.4.1.

Training setup: For each training run, we sample 0.5B tokens
from the constructed corpus. We adopt llm-jp-3-13B, a strong
Japanese–English bilingual LLM, as the base model for pretrain-
ing, owing to its superior language understanding ability in both
languages, particularly Japanese. Each model is trained for four
epochs using 32 A100 GPUs. Further implementation details,
dataset specifications, and additional pretraining hyperparameters
are provided in Appendix A.4.

4.2 Dynamic Evaluation on Knowledge Acquisition
Figure 2 reports AdaXEval results for English and Japanese

monolingual training. The results show that domain knowledge
is gradually memorized during training in both languages. In ad-
dition, both languages exhibit strong intralingual generalization
on the paraphrased datasets close to memorization performance.
Interlingual evaluation further reveals that monolingual training
can induce cross-lingual knowledge transfer, although the extent
of transferable knowledge remains limited.

Despite these benefits, several issues emerge as follows. Ad-
dressing these questions could provide deeper insights into the
mechanisms underlying domain knowledge acquisition.
( 1 ) Why does memorization accuracy converge at around 50%

rather than approaching 100%?
( 2 ) What accounts for the superiority of paraphrasing over mem-

orization in English training?
( 3 ) Why does cross-lingual transfer happen in monolingual
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Fig. 2: AdaXEval result during 0.5B continual pretraining in En-
glish (above) and Japanese (below).
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0 2K 5K 7K 10K 12K 15K
Iteration Number

3.5

4.0

4.5

5.0

Cr
os

s-
en

tro
py

 L
os

s Memorization
Intralingual
Interlingual
1st Epoch
2nd Epoch

0 2K 5K 7K 10K 12K 15K
Iteration Number

3.25

3.50

3.75

4.00

4.25

Cr
os

s-
en

tro
py

 L
os

s Memorization
Intralingual
Interlingual
1st Epoch
2nd Epoch

Fig. 3: Loss dynamics of question-answer sequences in AdaXE-
val, during English (above) and Japanese (below) training.

4.3 Tracing Knowledge through Loss Dynamics
This section analyzes the sequence loss on both training and

evaluation data to address the questions raised above and to elu-
cidate the mechanisms of knowledge acquisition during training.
We focus on loss because it directly drives predictions on our
multiple-choice datasets (see § 3.3) and reflects the model’s token
generation behavior, where sequences with lower loss are more
likely to be generated by the model.

(1) Training overfits to data, but the loss shielding drives
knowledge memorization. We calculate the loss of sequences
corresponding to correct answers in AdaXEval. Figure 3 illus-
trates the loss changes across training checkpoints for both En-
glish and Japanese training. On the cloze query dataset, the loss
initially decreases during early training but begins to increase af-
ter the first epoch, indicating that the model is overfitting to the
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training corpus. In contrast, the accuracy dynamics in Figure 2 in-
dicate that memorization continues until about 10K iterations. To
understand this divergence, we measure the ratio of the sequence
loss for correct answers to the total loss across the four candidate
options. Figure 4 shows that the loss ratio aligns with the accu-
racy dynamics, suggesting that knowledge can still be memorized
even as the model is overfitted to training sequences, since correct
sequences are shielded from rapid loss growth.
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Fig. 4: Sequence loss ratio for correct answers versus all candi-
dates during English (above) and Japanese (below) training.

(2) Training memorizes knowledge first and then generalizes.
By comparing the loss changes between the cloze query and para-
phrase datasets in Figure 3, we observe that while the paraphrase
loss decreases more slowly, or even increases during the initial
stage, its reduction persists longer than that of the cloze query.
This suggests that the training process first memorizes surface
patterns and then generalizes them to different linguistic styles.
Moreover, Figure 4 shows that sequence loss increases more
rapidly on paraphrase than on cloze query datasets in Japanese,
leading to better memorization performance as evidenced in Fig-
ure 2. Finally, the lower memorization accuracy compared to in-
tralingual generalization in English can be explained by loss vol-
ume: although both exhibit synchronous loss trends, intralingual
generalization consistently maintains a lower overall loss. This
is likely attributable to the built-in biomedical knowledge in En-
glish in llm-jp-3-13B and the additional contextual information
provided in the paraphrase queries (see AdaXEval examples in
Appendix A.2).

(3) Sequences in interlingual datasets also exhibit loss shield-
ing. Although the absolute loss of the interlingual datasets con-
tinues to increase (Figure 3), the loss ratio dynamics in Fig-
ure 4 show that interlingual generalization still benefits from loss
shielding during the first 10K iterations. However, this effect
diminishes rapidly, likely due to the substantial linguistic diver-
gence between the training data and the interlingual sequences.

5. From Training Data to Knowledge
In this section, we investigate how training data are trans-

formed into knowledge. § 4 illustrates the role of loss shielding

in knowledge acquisition. However, this effect is short-lived, as
it is eventually overridden by severe overfitting. Examining how
the loss behaves on sequences that did not appear in training can
provide deeper insights into the mechanisms by which knowledge
is derived from training data.

5.1 Linguistic Divergence Harms Loss Shielding
Although prior analysis highlights the role of loss shielding in

enhancing knowledge acquisition, the relationship between the
degree of loss shielding and the linguistic divergence between
test and training sequences remains unclear. To address this, we
systematically introduce controlled perturbations into the train-
ing data by injecting noise according to different rules and ob-
serve their loss dynamics over the training process. Specifically,
we randomly sample 2,000 sequences from Japanese monolin-
gual training data and apply perturbations at both the token and
sequence levels.
5.1.1 Token-level Perturbation

Token sequences are perturbed after tokenization using the
methods described below. To quantify the magnitude of pertur-
bation, we compute the token edit distance between the original
and perturbed sequences.
• mask-X: Replace X% tokens with <unk> token.
• random-X: Replace X% tokens with randomly sampled to-

kens from the tokenizer vocabulary.
• delete-X: Delete X% tokens.
• reorder-X@Y: Reorder tokens to achieve an edit distance

equal to X% of the sequence length, with swaps restricted to
a window of size Y.

• monosyn-X: Replace X% tokens with Japanese synonyms.
• mltlsyn-X: Replace X% tokens with English synonyms.
Specifically, we set X = 21,...,5, Y = 20,...,4. Random replace-

ments are sampled from the Japanese-specific llm-jp tokenizer.
For synonym substitutions, we use the Japanese WordNet 2.0 [46]
to retrieve both Japanese and English synonyms. Additional im-
plementation details are provided in Appendix A.3.

(1) More token editing causes a larger harm in loss. Taking
mask-X as an example, Figure 5 illustrates the loss dynamics
across edited sequences compared to their original counterparts.
Triangles (▲) mark the overfitting onset, the point where mini-
mum loss is attained before overfitting induces an upward trend.
The results indicate that while the loss of original sequences de-
creases steadily, masking tokens introduce a substantial initial
loss increase and accelerate the onset of overfitting. The anal-
ysis of other perturbation patterns leads to the same conclusion.
See Appendix A.3 for all token perturbation results.

(2) Loss sensitivity varies with vocabulary and structural per-
turbations. Figure 6 illustrates the loss variations across se-
quences with 8% of tokens perturbed using diverse methods. Se-
mantically aligned modifications (monosyn and mltlsyn), exhibit
the least impact on loss, followed by structural alterations (re-
order, delete) that avoid introducing new vocabulary. Pertur-
bations introducing irrelevant tokens (mask, random) inflict the
greatest harm, significantly increasing the initial loss and hasten-
ing the overfitting onset. These findings underscore the sensitiv-
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Fig. 5: The loss dynamics of mask-X sequences.

ity of loss dynamics to vocabulary perturbations, highlighting the
importance of enhancing data diversity during training.
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Fig. 6: The loss dynamics of token perturbation with 8% edit dis-
tances.

(3) Loss is robust to token order. Figure 7 presents the loss
dynamics for the reorder-4@Y perturbation, where the window
size Y governing the reordering is varied. The analysis reveals
that increasing Y has a minimal impact on loss, suggesting that
the extent of positional shuffling within larger windows does not
significantly alter the model’s loss landscape. This indicates
that the primary influence on loss originates from the vocabulary
change rather than the token’s spatial information, underscoring
the model’s robustness to token order.
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5.1.2 Sentence-level Perturbation
We further perturb target sequences at the sentence level, rather

than at the token level, to simulate more realistic noise patterns,
considering the following perturbation strategies.
• partial-a: Split each training sequence into four segments,

then select the a-th segment.
• syntax-X: Rewrite X% sentences, modifying only syntax

without changing vocabulary.

• lexicon-X: Rewrite X% sentences, modifying only vocabu-
lary without changing syntax.

• semantic-X: Rewrite X% sentences, allowing both syntactic
and lexical changes.

• translation-X: Translate X% sentences into target language.

(1) Later sentences in a document exhibit stronger depen-
dence on prior context. Using partial sentences following the
partial-a strategy, Figure 8 shows that sentences appearing later
in a training document incur higher loss when evaluated in iso-
lation. This indicates that these sentences rely more heavily on
their prior context. It highlights that LLMs learn rich, long-range
dependencies. Meanwhile, it limits knowledge acquisition abil-
ity due to heavy dependence on context, underscoring the impor-
tance of a more balanced context-free learning paradigm.
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(2) Preserving vocabulary improves loss robustness. Figure 9
presents the loss dynamics for all rewriting patterns applied to
40% of sentences, including both paraphrasing and translation.
Among these patterns, syntax rewriting shows the most sub-
stantial loss shielding effect, followed by semantic rewriting.
This is because semantic paraphrasing does not require exten-
sive vocabulary replacement, resulting in fewer word substitu-
tions compared to the lexicon paraphrases. These results high-
light the necessity of incorporating lexicon-focused paraphrasing
during training to improve models’ ability to generalize knowl-
edge across diverse test inputs, consistent with the observations
in § 5.1.1.

0 5000 10000 15000

Iteration

0

1

2

A
v
e
ra

g
e

L
o
ss

0.825

1.729

2.114
1.943

2.139

original

syntax-40

lexicon-40

semantic-40

translation-40

Fig. 9: The loss dynamics of sentence rewriting.

5.2 Cross-lingual Tokens Help Transfer
We then explore how cross-lingual transfer is achieved. Fig-

ure 2 shows that, compared to significant in-language knowledge
acquisition when the training and evaluation languages align,
monolingual training can achieve cross-lingual transfer but only
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with limited performance improvement. Specifically, we observe
a stable improvement in Japanese-to-English transfer, whereas
English training yields little to no improvement in Japanese per-
formance, as shown in Figure 2.

As the AdaXEval interlingual loss continues to increase, mak-
ing it inappropriate for analysis, we instead observe the loss dy-
namics of the training sequence in different languages. This
can serve as indirect evidence, as the evaluation instance is ba-
sically the noisy version of the training sequences. Specifically,
we sample 1,000 training examples for each language and mea-
sure per-token loss dynamics under two monolingual training set-
tings. Since cross-lingual transfer converges rapidly within the
first 1,000 iterations, we analyze the loss dynamics at a finer gran-
ularity during the first epoch. The results are shown in Figure 10.
We observe that in-language loss consistently decreases, whereas
cross-language loss decreases only during the initial iterations, re-
flecting the rapid but short-lived interlingual generalization, with
no subsequent improvement and even degradation, as also illus-
trated in Figure 2.
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Fig. 10: English/Japanese sequence loss on English/Japanese
training.

To investigate which tokens contribute to the initial loss reduc-
tion, we further measure the per-token cross-entropy loss within
the given sequences. Specifically, we examine the impact of two
linguistic characteristics on loss changes: part-of-speech (POS)
and language. For POS, tokens are grouped by their syntactic
category, and for language, tokens are classified by the language
in which they occur, either Japanese or English. Figure 11 shows
token-level loss dynamics on Japanese sequences during English
monolingual training. The results indicate that English tokens
embedded in Japanese sequences benefit from English training.
Among different POS tags, only numerical (NUM) and punctu-
ation (PUNCT) tokens, both present in the English corpus, ex-
hibit notable loss reduction. This finding suggests that tokens oc-
curring in the training corpus experience greater learning gains.
It also explains why Japanese-to-English transfer is easier than
English-to-Japanese: Japanese academic texts often include En-
glish terminology, whereas English texts rarely contain Japanese
vocabulary.

6. Bridging Languages in Domain Adaptation
Although prior analysis emphasizes the critical role of cross-

lingual tokens in enabling interlingual generalization, the factors
driving improvements in cross-lingual transfer remain poorly un-
derstood. This uncertainty stems from the limited cross-lingual
transfer observed in monolingual training settings. To bridge this
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Fig. 11: Per-token loss dynamics by language and POS.

gap, this section explores the key factors that enhance effective
cross-lingual transfer. Specifically, we investigate: what types
of cross-lingual corpora can optimize knowledge transfer during
domain adaptation?

6.1 Experimental Setup

(1) Multilingual continual pretraining: To examine the factors
that facilitate cross-lingual transfer, we construct a series of cross-
lingual corpora and evaluate their effectiveness. To ensure a fair
comparison, each training corpus is composed of two parts: a
knowledge injection corpus CK and a cross-lingual transfer
enhancement corpus CT . The CK contains the target knowledge
expressed exclusively in the source language X, while CT , by
contrast, does not provide any new knowledge; instead, it serves
only to establish linguistic connections between language X and
the target language Y . We carefully ensure that the knowledge to
be evaluated in language Y is absent from CT . Finally, we eval-
uate cross-lingual knowledge transfer by measuring the model’s
ability to express the acquired knowledge in language Y , using
the same evaluation metrics introduced in § 3.3. We fix the source
language X as English and the target language Y as Japanese to
facilitate analysis in this section. See Appendix A.5 for the eval-
uation on reverse transfer direction.

(2) Cross-lingual transfer enhancement corpora: We construct
diverse corpora to enhance cross-lingual transfer using two pri-
mary strategies: translation and romanization. As baselines, we
consider an empty cross-lingual corpus (CT = ∅) (Monolingual)
and a strong domain-specific baseline using J-STAGE Japanese
data, with documents related to the AdaXEval evaluation filtered
out (Medical-Japanese).

To examine which translation data are most effective for do-
main adaptation, we prepare three types of bilingual corpora
and use them to generate translation instructions that provide the
model with cross-lingual transfer capabilities:
• JParaCrawl (Balanced domain): An English–Japanese

web-crawled corpus covering diverse domains [47].
• ASPEC (Science domain): A multilingual corpus in En-

glish, Japanese, and Chinese, containing academic paper ab-
stracts across various scientific fields [48]. Documents in the
medical and chemical domains are excluded to distinguish
this corpus from the target medical domain.

• J-STAGE (Medical domain): The J-STAGE corpus repre-
sents the closest domain to our target. We filter out any doc-
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uments included in the AdaXEval evaluation dataset to avoid
contamination.

To evaluate the romanization strategy, we construct a medi-
cal romanization dataset (Medical-Roman). We first convert J-
STAE Japanese text to romaji using cutlet*3, an open-source
tool for romanization. We then generate romanization instruc-
tions to link the Latin script of English with the Japanese script
(kanji, hiragana, etc.). Finally, we create translation instructions
between romanized Japanese and English based on J-STAGE
(Medical-Roman2En), which serves as a comparison group.

(3) Details of training: Focusing on knowledge transfer from
English to Japanese, we prepare two corpora, CK and CT , each
containing 0.5 billion tokens, except for the Monolingual base-
line. The English monolingual pretraining data serve as CK . For
CT , we select seven candidate datasets as described in Sec. 6.1
(2). We then combine the two 0.5B-token corpora into a single
1B-token corpus, shuffle it, and train llm-jp-3-13B on it for one
epoch. See Appendix A.4 for more training information.

6.2 Cross-lingual Transfer Evaluation

(1) Only domain-specific translation data enhances cross-
lingual transfer. Figure 12 presents the accuracy dynamics for
multilingual domain adaptation, comparing two baselines with
three translation-based cross-lingual transfer datasets. After one
epoch of training, only the Medical-Translation corpus leads
to a clear improvement in transferring domain-specific knowl-
edge to Japanese. Interestingly, the Monolingual baseline out-
performs the Medical-Japanese corpus, suggesting that, unlike
general linguistic capabilities (e.g., POS tagging), the sparsity
and specificity of domain adaptation knowledge prevent effective
in-language generalization. Finally, the stable knowledge acqui-
sition performance across all recipes in the in-language evalua-
tion indicates that using additional corpora unrelated to the target
knowledge does not impair in-language knowledge acquisition.
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Fig. 12: Multilingual evaluation using translation datasets.

(2) Romanization is an effective strategy for transferring do-
main knowledge across languages. We report the evaluation
results using CT constructed from different transfer strategies.
As shown in Figure 13, Medical-Roman, despite not relying on
high-quality translation data, achieves cross-lingual performance
comparable to Medical-Translation. This demonstrates that

*3 https://github.com/polm/cutlet

romanization provides a cost-efficient methodology for cross-
lingual knowledge acquisition, especially in low-resource set-
tings.
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Fig. 13: Multilingual evaluation with diverse cross-lingual trans-
fer strategies.

(3) Achieving cross-lingual transfer of domain knowledge re-
mains challenging. Although both Medical-Translation and
Medical-Roman yield improvements, the gains are still modest
(around 5%) relative to the doubled training cost and additional
dataset construction effort. This highlights the need for develop-
ing more efficient methods for cross-lingual domain knowledge
transfer.

7. Conclusion
In this paper, we studied how LLMs acquire domain knowl-

edge and transfer it across languages. We proposed AdaXE-
val, an adaptive multilingual evaluation pipeline that automati-
cally generates datasets to assess domain knowledge across mem-
orization, paraphrase, and cross-lingual transfer. Using AdaX-
Eval, we analyzed the training dynamics of domain adaptation
in biomedical corpora, revealing that knowledge acquisition is
driven by loss shielding, where overfitting causes losses on irrel-
evant representations to increase faster than on relevant ones. Our
sequence perturbation analysis further demonstrates the sensi-
tivity of LLMs to training data, providing practical insights for
designing more robust training paradigms. We also identified key
factors that facilitate cross-lingual transfer, showing that the pres-
ence of cross-lingual tokens in closely related domains is crucial,
while romanization offers a cost-effective alternative when high-
quality translations are unavailable.

As future work, we aim to develop a more training-robust and
efficient pretraining paradigm to achieve domain knowledge ac-
quisition in a more effective and scalable manner.
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Appendix

A.1 AdaXEval Generation Details
In this section, we provide details on the process used to gen-

erate the AdaXEval dataset from J-STAGE documents.

(1) Factual sentence filtering: We use the open-source NLP
tool HanLP*4 for Japanese sentence segmentation, and scis-
paCy*5 [49] , which provides a full spaCy pipeline for scientific
and biomedical texts, for English sentence segmentation. Subse-
quently, we perform biomedical named entity recognition (NER)
on each sentence and filter out sentences containing fewer than
two named entities. Specifically, for Japanese medical docu-
ments, we employ MedNERN-CR-JA*6 [50] , a model special-
ized for NER in the Japanese medical domain. For English texts,
we use the “en ner bionlp13cg md” model provided by scispaCy
for biomedical entity extraction.

(2) Domain triple extraction: In the next step, we use a multi-
LLM agent to first judge whether the given sentence contains
biomedical facts and extract them if it does. We carefully design
CoT instruction with few-shot examples to instruct each LLM in
the agent to generate a structural output, containing three fields:
• factuality: answer yes or no. If yes, the model

should output the triple; Otherwise, it outputs None to the
triple field.

• triple: A nested JSON object with three fields: subject,
relation, and object representing the extracted fact. Please
note that if factuality is false, make sure this field is null

*4 https://github.com/hankcs/HanLP
*5 https://github.com/allenai/scispacy
*6 https://github.com/sociocom/MedNERN-CR-JA
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• reason: A brief explanation for why the sentence was or
wasn’t considered factual, referring to the criteria provided.
This is included to improve the model’s reasoning ability.

The models’ confidence in judging the factuality is measured by
the probability of yes token out by the factuality field.

For our experiments, we utilize three strong open-source LLMs
for both English and Japanese, opting for open-source mod-
els to avoid the high computational cost of commercial APIs.
For English biomedical triple extraction, we employ Qwen-
32B [51]*7, DeepSeek-R1-Distill-Llama-70B [52]*8, and Llama-
3.3-70B-Instruct [53]*9. For Japanese biomedical triple ex-
traction, we use Qwen-32B, llm-jp-3.1-8x13b-instruct4*10, and
Llama-3.3-Swallow-70B-Instruct-v0.4*11. For each sentence, we
aggregate the confidence scores from the three models and retain
sentences with at least two models predicting a yes label. We
then apply a heuristic method to select the final triple from the
three candidates.

(3) Generation of queries and distractors: We finally use the
extracted triples and their corresponding context sentences as in-
put to instruct the strong close-source LLM, GPT-4.1, for gener-
ating queries and distractors. We carefully design the prompts for
both English and Japanese. The final generation is recorded and
included in the final AdaXEval evaluation dataset.

A.2 Samples of AdaXEval Dataset
We randomly sample 10 examples from AdaXEval for both

English and Japanese and display them in Table A·2 (English)
and Table A·1 (Japanese).

A.3 Sequence Perturbation Analysis
In this section, we introduce the detailed settings for sequence

perturbation experiments and report the additional results.

A.3.1 Details of Perturbation
For monosym@X and monosym@X that require collecting syn-

onyms from WordNet 2.0, we only conduct Japanese-to-English
replacement. Specifically, we first tokenize the Japanese se-
quence by sudachipy*12, a Japanese morphological analyzer, and
get the POS tags. Then we filter out tokens with stop words and
the POS tags that are not “普通名詞”, “固有名詞”, “サ変接
続”, “形容動詞語幹”, “動詞一般” to avoid introducing noisy
words. Furthermore, the paraphrasing and translation are done
by requesting GPT-4.1.

A.3.2 Perturbation Results

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

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

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

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

3-Swallow-70B-Instruct-v0.4
*12 https://github.com/WorksApplications/SudachiPy

A.4 Domain Adaptation Training Details
A.4.1 Training Data Generation

In this study, to address the scarcity of bilingual domain cor-
pora and enhance domain understanding, we employ two data
augmentation strategies: regex-based pattern mining and LLM-
based QA generation. Both approaches yield instruction-like
sequences, which we mix with raw corpora. Following prior
work [54], we adopt an instruction-pretraining strategy for con-
tinual domain adaptation.

(1) Regex-based pattern mining: [45] verified that by trans-
forming raw corpora into reading comprehension texts, continual
pretraining can consistently enhance performance across various
tasks in different domains. We adopt a similar strategy by an-
alyzing the training corpora and mining regex patterns to auto-
matically create instruction-style data. Furthermore, to increase
data diversity, we prepare ten instruction templates for each type
of reading comprehension text. For each document, however, we
sample only one template per type.

Specifically, each document in J-STAGE contains multiple
metadata fields, including:
• title: the title of the paper
• abstract: the paper abstract
• keywords: pre-defined keywords of the paper
• fields: research categories of the paper
Based on this information, we construct ten types of reading

comprehension instructions as follows:
• Summarization: Summarize the context into one concise

sentence, taking the abstract as input and the title as output.
• Keyword Extraction: Extract the keywords from the ab-

stract, using the keywords field as the gold reference.
• Field Identification: Identify the research field(s) of the pa-

per, taking the abstract as input and the fields metadata as
the expected output.

• Translation: Translate between English and Japanese, using
bilingual metadata or parallel text segments as input-output
pairs.

• Text Completion: Complete an incomplete abstract or title
given the partial text, where the remainder of the text serves
as the reference output.

• Conclusion Derivation: Derive the study’s conclusion from
its context, with the conclusion section as supervision.

• Background Derivation: Infer the background or motiva-
tion of the study from the provided abstract or introduction
sentences.

• Diagnosis: Given a description of symptoms (extracted from
biomedical corpora), predict the corresponding diagnosis,
using annotated datasets where available.

• Reordering: Reorder shuffled sentences into their natural
sequence, ensuring coherence with the original abstract or
section structure.

• Goal–Method–Result–Conclusion (GMRC): Derive one
missing component (e.g., goal, method, result, or conclu-
sion) based on the other three, enabling comprehension of
scientific discourse structures.
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Fig. A·1: The loss dynamics over all perturbation patterns on Japanese sequences.
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Fig. A·2: The loss dynamics over all perturbation patterns on English sequences.
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(2) LLM-base QA generation: To enhance the data diversity,
we further generate five question-answer pairs for each docu-
ment. Specifically, we use DeepSeek-R1-Distill-Llama-70B for
English QA-pair generation and use DeepSeek-R1-Distill-Qwen-
JP-32B [55]*13 for Japanese QA generation. Noted that not all
documents can successfully generate five QA pairs.

A.4.2 Continual Pretraining Settings
We conduct continual pretraining using Megatron-LM on the

llm-jp-3-13B model. The training setup follows a distributed
configuration with 4 compute nodes, each equipped with 8 A100
GPUs. We apply a tensor parallel size of 2 and a pipeline parallel
size of 4, enabling efficient large-scale training with a sequence
length of 4096. The optimizer is configured with a learning rate
of 2 × 10−5, weight decay of 0.1, and gradient clipping of 1.0,
with a minimum learning rate of 2 × 10−6. We adopt a micro-
batch size of 1 and a global batch size of 32 to stabilize training.
Under this configuration, training one epoch on 0.5B tokens re-
quires approximately 7 hours, demonstrating the computational
feasibility of continual pretraining while maintaining efficiency
on large-scale biomedical and cross-lingual corpora.

A.5 Transfer From Japanese to English
Here, we report the results of the Japanese-to-English cross-

lingual transfer evaluation using different recipes, as a supple-
ment to the analysis in § 6.2. Specifically, in this setting, CK
is composed of the Japanese monolingual training corpora, while
we vary the data source of CT to investigate efficient cross-lingual
transfer. Evaluation results are shown in Figure A·3, A·4.

The evaluation results shown in Figure A·3 exhibit trends that
differ from those in Figure 12, as the strong baseline using multi-
lingual corpora (a mixture of Japanese and English monolingual
training corpora) largely outperforms other translation corpora.
This suggests that generalization within English knowledge is an
easier task than transferring knowledge from Japanese to English.
Nevertheless, we still observe the strongest cross-lingual trans-
fer in the closely related domain compared to the other three do-
mains.
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Fig. A·3: Japanese-to-English transfer evaluation using transla-
tion datasets.

*13 https://huggingface.co/cyberagent/

DeepSeek-R1-Distill-Qwen-32B-Japanese

0 2K 5K 7K

Iterations

0.30

0.35

0.40

0.45

A
cc

u
ra

cy

Monolingual (JPN) baseline

Cross-language Evaluation

0 2K 5K 7K

Iterations

Monolingual (JPN) baseline

In-language Evaluation

Medical-English

Medical-Translation

Medical-Roman

Medical-Roman2En

Fig. A·4: Japanese-to-English transfer evaluation with diverse
cross-lingual transfer strategies.

A.6 AdaXEval Human Evaluation Guideline
A.6.1 Triple Quality Evaluation

Objective: Evaluate whether a triple containing <subject,
relation, object> is:
• Correctly extracted from the original biomedical sentence

(in-language correctness)
• Supported by a corresponding abstract in another language

(cross-lingual correctness)

Input: For each item, you will be shown:
• Original Sentence in source language (e.g., English)
• Extracted Triple
• Related Abstract in target language (e.g., Japanese). This

abstract is assumed to discuss the same or closely related
content as the original sentence.

Evaluation Criteria

1) In-language Correctness: Does the triple accurately reflect
the original English sentence?

Score Description

2 The triple is fully correct – subject, relation, and object
are all faithful to the sentence and do not introduce extra
information.

1 Partially correct – partial elements are slightly incorrect,
ambiguous, or underspecified.

0 Incorrect or unrelated – the triple misrepresents the sen-
tence or expresses a different fact.

2) Cross-lingual Correctness: Can the same knowledge (triple)
be found or inferred from the non-English abstract?

Score Description

2 Direct match – same triple is clearly expressed in one
sentence or consecutive sentences in the abstract in the
target language.

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

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

© 2018 Information Processing Society of Japan 15



IPSJ SIG Technical Report

A.6.2 Cloze Query Quality Evaluation

Objective: Evaluate whether the cloze queries generated from
biomedical academic sentences and triples are clear, faithful to
the original sentence, and free from factual distortion. Each
prompt removes the object from the triple and replaces it with
a blank.

Input: You will be shown the following for each item:
• Original Sentence: The full academic sentence from which

the triple is extracted.
• Triple: A <subject, relation, object> triple derived

from that sentence.
• Generated Prompt: A fill-in-the-blank sentence where the

object is replaced with [BLANK].

Evaluation Criteria

1) Faithfulness: When the [BLANK] is replaced with the object,
does the prompt preserve the structure and meaning of the origi-
nal sentence, including key contextual information?
• What it checks: Structural and contextual similarity be-

tween the prompt and the original sentence
• Focuses on: Wording, phrasing, sentence structure, pres-

ence of supporting context

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 acceptable.

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 structure or phrasing,
or some key information is missed

0 The prompt is not clearly based on the original sentence
or appears unrelated in meaning or form.

2) Factual Consistency: When replacing [BLANK] with the ob-
ject, does the prompt remain factually consistent with the original
sentence and triple (no distortion of meaning or relationships)?
• What it checks: Whether the prompt introduces or implies

factual distortion compared to the sentence/triple
• Focuses on: Semantic accuracy – does the prompt reflect

the true meaning and factual relationship of the original sen-
tence/triple

Score Description

3 Fully consistent with the original facts.

2 Mostly consistent; minor factual ambiguity or soft mis-
interpretation.

1 Partially inconsistent; some facts or relationships are al-
tered or key contextual information is missing.

0 Factually incorrect or misleading.

A.6.3 Paraphrase Quality Evaluation

Objective: Evaluate whether question-style prompts, automati-
cally generated from fill-in-the-blank biomedical prompts, are:
• Semantically faithful to the original prompt (i.e., same ques-

tion being asked)
• Grammatically correct and fluent
• Natural as questions a human would realistically ask

Input:
• Original Fill-in-the-Blank Prompt (e.g., “EGFR is highly ex-

pressed in [BLANK].”)
• Paraphrased Question-style Prompt (e.g., “In which condi-

tion is EGFR highly expressed?”)

Example:
• Original Sentence: “EGFR is highly expressed in non-small

cell lung carcinoma.”
• Triple: (EGFR, is highly expressed in, non-small cell lung

carcinoma)
• Prompt: “EGFR is highly expressed in [BLANK].”

Evaluation Criteria

1) Fluency and Grammaticality: Is the question grammatically
correct, fluent, and natural-sounding in English?
• Focuses on syntax, awkward phrasing, unnatural interroga-

tive forms

Score Description

3 Fully natural and fluent; well-formed question

2 Mostly fluent; minor grammatical issues or slight awk-
wardness

1 Understandable but ungrammatical or clearly unnatural

0 Ungrammatical, confusing, or not a valid question

2) Semantic Equivalence: Does the question ask for the same
information as the original sentence with the target triple?
• What it checks: subject, relation, and expected answer type

(should be the object)
• Focuses on: Be cautious of meaning shifts, incorrect substi-

tutions, or role reversals.

Score Description

3 Fully equivalent: asks for the same object with no
change in meaning.

2 Mostly equivalent: minor differences, but still asks es-
sentially the same thing.

1 Partially equivalent: some meaning lost or changed; an-
swer may differ.

0 Not equivalent: asks a different question or changes the
relation/logic.

3) Linguistic Diversity: How well does the paraphrased question
use different wording and structure from the original prompt?
• What it checks: Lexical and syntactic variation between the

original and paraphrased versions
• Focuses on: Synonym usage, sentence structure changes,

reformulation techniques

© 2018 Information Processing Society of Japan



IPSJ SIG Technical Report

Score Description

3 Excellent reformulation; uses different vocabulary and
structure while maintaining meaning

2 Good variation; some different wording but follows
similar structure

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

A.6.4 Distractor Quality Evaluation

Objective: Evaluate the quality of three distractor options (incor-
rect candidates) accompanying the correct answer (object) in a
multiple-choice setting derived from biomedical fill-in-the-blank
prompts. Each distractor should be:
• Plausible given the question
• Incorrect (not the original object)
• Relevant in context and domain

Input:
• Original Sentence
• Triple
• Fill-in-the-Blank Prompt
• Answer options

Example:
• Original Sentence: EGFR is highly expressed in

non-small cell lung carcinoma.

• Triple: (EGFR, is highly expressed in, non-small cell lung
carcinoma)

• Prompt: EGFR is highly expressed in [BLANK].

Evaluation Criteria: Need evaluations for both the cloze prompt
and the paraphrased question.

1) Plausibility in Context: Is the distractor believable given the
prompt and domain knowledge (biomedical)?
• What it checks: subject, relation, and expected answer type

(should be the object)
• Focuses on: Be cautious of meaning shifts, incorrect substi-

tutions, or role reversals.

Score Description

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

2 Moderately plausible: Makes sense in general; fits do-
main and context somewhat; can be ruled out by basic
domain knowledge.

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

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

2) Incorrectness: Is the distractor clearly incorrect given the
original sentence and triple?

Score Description

3 Definitely wrong: contradicts or is not supported by the
original sentence.

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

1 Borderline: Possibly true or partially correct; ambigu-
ous given the sentence.

0 Incorrectly labeled – This distractor is actually correct
or the original answer given the original sentence.
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Table A·1: Samples of Japanese AdaXEval Dataset.
Sentence Cloze Query Paraphrase Options Answer ID
日本産のLepraria lobifi-
cansも同様の成分を持つ
が地衣体縁部が明瞭で裂
片を持つので区別できる.

日本産のLepraria lobifi-
cansを区別するための特
徴としては、[BLANK]が
挙げられる。

日本産のLepraria lobifi-
cansを他の種と見分ける
際に重要となる特徴は何
ですか？

A.地衣体の色の濃淡
B.生育する基質の種類
C.成長速度の違い
D.地衣体縁部の明瞭さと裂片の存在

D

胆道癌は肝門部領域胆管
癌,遠位胆管癌,十二指腸
乳頭部癌,胆嚢癌などに分
類されるが,特に肝門部領
域胆管癌は手術難易度が
高い.

胆道癌は [BLANK] など
に分類される。

胆道癌はどのような種類
に分類されますか？

A.肝細胞癌,膵頭部癌,胃癌,食道癌
B.腎細胞癌,膀胱癌,前立腺癌,膵体尾部
癌
C.肺腺癌,大腸癌,直腸癌,膵管癌
D.肝門部領域胆管癌,遠位胆管癌,十二指
腸乳頭部癌,胆嚢癌

D

血中薬物濃度は循環血へ
の薬物の流入速度と循環
血からの消失速度によつ
て決まる値である.

血 中 薬 物 濃 度 は
[BLANK] に よ っ て 決
まる。

血中薬物濃度はどのよう
な要因によって決定され
ますか？

A. 循環血への薬物の流入速度と循環血
からの消失速度
B.肝臓での薬物の代謝速度
C.薬物の投与経路の種類
D.腎臓での薬物の再吸収率

A

このことよりSPAによる
感染防御は体液性抗体の
みでなく, 他の因子も関
与していることが判る.

SPAによる感染防御は
体液性抗体のみでな
く、[BLANK]も関与して
いることが判る。

SPAによる感染防御には
体液性抗体以外にどのよ
うな要素が関与している
と考えられますか？

A.補体
B.マクロファージ
C. T細胞
D.他の因子

D

大腸癌の進展様式として
腸間膜静脈内に腫瘍塞栓
を形成することは稀であ
る.

大腸癌の進展様式とし
て[BLANK]は稀である。

大腸癌の進展様式のう
ち、稀にみられる現象は
何ですか？

A. 腸間膜静脈内に腫瘍塞栓を形成する
こと
B.腸間膜動脈への直接浸潤
C.リンパ節転移の発生
D.腹膜播種の形成

A

これとは逆に、LDL受
容体を欠く場合、例え
ばホモ接合型の家族性
高コレステロール血症
あるいは腎癌の場合
に、LDLはLDL-受容体非
依存性経路 (“スカベン
ジャ-経路”) により細胞
内に入り、GalT-2を促進
的に調節しラクトシルセ
ラミドの細胞内レベルを
増加させる。

LDL受容体の欠損によ
り、[BLANK]。

LDL受容体が欠損してい
る場合、細胞内でどの
ような現象が起こります
か？

A. LDLがスカベンジャ経路で細胞内に入
り、GalT-2を促進的に調節しラクトシル
セラミドの細胞内レベルを増加させる
B. LDLが細胞外に蓄積し、GalT-2の活性
が低下する
C. LDLが通常の受容体経路で細胞内に入
り、ラクトシルセラミドのレベルが減少
する
D. LDL受容体の発現が増加し、細胞内コ
レステロールが減少する

A

超音波ガイド下穿刺を困
難にする要因の一つに,穿
刺針や超音波プローブが
静脈を潰すことがある.

穿刺針や超音波プロー
ブが静脈を潰すこと
は、[BLANK]である。

穿刺針や超音波プローブ
が静脈を潰してしまうこ
とは、どのような要因の
一つと考えられています
か？

A. 穿刺部位の感染リスクを減少させる
要因の一つ
B.超音波ガイド下穿刺の成功率を高める
要因の一つ
C.超音波ガイド下穿刺を困難にする要因
の一つ
D. 静脈の可視化を容易にする要因の一
つ

C

また, 新生児では炎症性
サイトカインの産生能も
未熟であるが, TCRを介
した反応性, type 1, type
2サイトカインの産生能
は成人T細胞と同等の機
能を有する.

新生児のTCRを介した反
応性およびtype 1, type
2サイトカインの産生能
は[BLANK]。

新生児のTCRを介した反
応性やtype 1, type 2サイ
トカインの産生能は、成
人T細胞と比較してどの
ような機能を持っていま
すか？

A.成人T細胞と同等の機能を有する
B.成人T細胞とは異なる特異的な機能を
有する
C.成人T細胞よりも著しく低い機能を示
す
D.成人T細胞よりも高い活性を持つ

A

この際に,複数のデフォー
カス面におけるスポット
像を用いることでスポッ
ト像の空間分解能を補足
する.

複数のデフォーカス面に
おけるスポット像を用い
ることで、[BLANK]を補
足することができる。

複数のデフォーカス面で
得られたスポット像を利
用することで、どのよう
な特性を補うことができ
ますか？

A.スポット像の色再現性
B.スポット像の明るさ
C.スポット像の時間分解能
D.スポット像の空間分解能

D

血管周皮細胞腫は血管の
周皮細胞から発生する血
管系腫瘍のひとつで,病理
組織学的に悪性所見が乏
しくても,再発や転移の頻
度が高い.

血 管 周 皮 細 胞 腫 は
[BLANK] から発生する
腫瘍である。

血管周皮細胞腫はどの細
胞由来の腫瘍ですか？

A.線維芽細胞
B.平滑筋細胞
C.血管内皮細胞
D.血管の周皮細胞

D
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Table A·2: Samples of English AdaXEval Dataset.
Sentence Cloze Query Paraphrase Options Answer ID
Hyporesponsiveness in
TRH test and abnormal
pattern in clomiphene test
suggest the hypothalamic-
pituitary axis dysfunction as
well as atrophy of testis.

Hyporesponsiveness in
TRH test and abnormal
pattern in clomiphene test
suggest [BLANK].

What conditions are indi-
cated by both a reduced re-
sponse in the TRH test and
an abnormal result in the
clomiphene test?

A. adrenal insufficiency and thyroid gland en-
largement
B. pituitary adenoma and hyperplasia of testis
C. gonadal hyperfunction and normal hy-
pothalamic activity
D. hypothalamic-pituitary axis dysfunction
and atrophy of testis

D

3) Adrenocorticotropic hor-
mone (ACTH)-producing
adenoma (Cushing’s dis-
ease) TSS is the first-choice
treatment for Cushing’s
disease.

TSS is the first-choice treat-
ment for [BLANK].

For which medical con-
dition is transsphenoidal
surgery (TSS) considered
the preferred initial ther-
apy?

A. Cushing’s disease
B. nonfunctioning pituitary adenoma
C. prolactinoma
D. acromegaly

A

Clinical research is classi-
fied into patient-oriented re-
search, in which subjects
are patients, and disease-
oriented research, in which
patient-derived tissue, cell
and blood samples are in-
vestigated.

Clinical research is classi-
fied into [BLANK].

Into which two main cat-
egories is clinical research
typically divided?

A. population-based research and experimen-
tal research
B. patient-oriented research and disease-
oriented research
C. basic science research and translational re-
search
D. laboratory-based research and epidemio-
logical research

B

The rest of the gastric wall
around the tumor is dis-
sected with ultrasonic coag-
ulating shears and the tumor
is placed in a collection bag.

The gastric wall around
the tumor is dissected with
[BLANK].

Which surgical instrument
is used to dissect the gas-
tric wall surrounding a tu-
mor during this procedure?

A. ultrasonic coagulating shears
B. conventional surgical scissors
C. laser ablation devices
D. electrosurgical forceps

A

Spine calcium imaging,
which records synaptic
inputs as calcium transients
at individual spines us-
ing calcium ion-sensitive
fluorophores, is a unique
method for studying the
spatiotemporal patterns of
synaptic input.

Spine calcium imaging
is a method for studying
[BLANK].

What aspect of neural ac-
tivity does spine calcium
imaging specifically help re-
searchers investigate?

A. molecular mechanisms of neurotransmitter
release
B. long-term potentiation in neural circuits
C. structural changes in dendritic spines
D. spatiotemporal patterns of synaptic input

D

Amylopectin, the major
branched fraction is itself a
highly organized molecule
displaying a succession of
clusters of glucans packed
in crystal arrays.

Amylopectin is a highly or-
ganized molecule display-
ing [BLANK].

What structural feature does
amylopectin exhibit as a
highly organized molecule?

A. multiple helices of amylose intertwined
with protein complexes
B. a series of repeating disaccharide units
forming amorphous regions
C. a network of linear glucose chains arranged
in parallel layers
D. a succession of clusters of glucans packed
in crystal arrays

D

At the tip of the germ-tubes
an appressorium is formed,
and an infection hypha is
sent, which penetrates the
epidermis at the anticlinal
wall of the epidermal cells.

At the tip of the germ-tubes,
an [BLANK] is formed.

What specialized structure
is produced at the end of
germ-tubes?

A. sporangiophore
B. haustorium
C. appressorium
D. conidium

C

The results of multivariate
Cox hazard regression anal-
yses also showed that age
(HR 1.05, per 1-year in-
crease), presence of hyper-
tension and diabetes (HR
2.99), ... (omitted)

Age is an independent pre-
dictor of [BLANK].

According to the analysis,
what outcome is indepen-
dently predicted by a pa-
tient’s age?

A. all-cause mortality
B. hospital readmission
C. functional disability
D. stroke recurrence

A

It is difficult for large
molecular size organic
liquids having a single
hydrogen bond-forming
group to swell wood.

It is difficult for large
molecular size organic
liquids having a single
hydrogen bond-forming
group to swell [BLANK].

Which material is challeng-
ing to swell when using
large organic liquids with
only one hydrogen bond-
forming group?

A. plant stems
B. wood
C. cellulose fibers
D. cotton fabric

B

The prevalence of teeth with
NCCLs was greater in the
maxilla than mandible.

Teeth with NCCLs have
higher prevalence in
[BLANK].

In which location are teeth
affected by NCCLs found
more frequently when com-
paring the upper and lower
jaws?

A. maxilla compared to mandible
B. mandible compared to maxilla
C. anterior region compared to posterior re-
gion
D. premolars compared to molars

A
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