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Abstract

With the increasing utilization of multilingual
text information, Cross-Lingual Information
Retrieval (CLIR) has become a crucial research
area. However, the impact of training data com-
position on CLIR and Mono-Lingual Informa-
tion Retrieval (Mono-IR) performance remains
underexplored. In this work, we conduct a data-
centric study on Korean–English CLIR by sys-
tematically varying the language composition
of the dataset for dense retriever fine-tuning.
Using linguistically parallel training sets that
support all cross-lingual permutations, we ana-
lyze how different compositions shape retrieval
behavior across multiple embedding models
and evaluation benchmarks. Our results reveal
a consistent trade-off: configurations that sub-
stantially improve CLIR can simultaneously de-
grade Mono-IR, indicating that retrieval gains
are coupled through inter-lingual correlations
induced during training. We further identify
which components of the training data are pri-
marily responsible for the observed gains and
regressions, providing actionable guidance for
dataset construction. Finally, as a lightweight
practical option, we show that a simple post-
hoc weight averaging with the base model can
partially recover Mono-IR performance while
retaining most of the CLIR improvements.

1 Introduction

Information Retrieval (IR) aims to retrieve docu-
ments that are relevant to a user query, and it has
become a core component of modern Retrieval-
Augmented Generation (RAG) and agentic sys-
tems (Lewis et al., 2020; Gao et al., 2023; Singh
et al., 2025). Although the significance of IR is
widely recognized, the majority of research has
centered on monolingual settings (Zhao et al.,
2024). This focus often overlooks Cross-Lingual
Information Retrieval (CLIR) scenarios, where the
languages of the queries and documents differ.

†Corresponding author.

Previous CLIR studies introduce various training
data compositions to enhance cross-lingual per-
formance. This includes pairing queries and pas-
sages in different languages and diversifying the
languages of query–passage pairs (Goswami et al.,
2021; Zhang et al., 2022; Gao et al., 2001; Bhat-
tacharya et al., 2016; Saleh and Pecina, 2020). De-
spite these efforts, there has been scarce discussion
on how different training data compositions affect
the performances of Mono-IR and CLIR.

In this work, we present a data-centric study of
Korean–English CLIR that systematically exam-
ines the role of language composition in training
data. We first construct a synthetic Korean–English
parallel training dataset that supports controlled
variations of language assignments within training
triples. Using this dataset, we fine-tune dense re-
trievers under different compositions and analyze
their effects on both Mono-IR and CLIR across
multiple models and evaluation benchmarks. Our
experiments reveal a consistent trade-off: certain
language pairings in training substantially improve
CLIR in a given direction while degrading Mono-
IR, indicating that training data composition can
induce coupled changes in retrieval behavior.

Beyond documenting this trade-off, we identify
which aspects of composition most strongly influ-
ence the retrieval performance, providing guidance
for constructing CLIR training data. Finally, as a
lightweight practical baseline, we report that sim-
ple weight-averaged model merging (Matena and
Raffel, 2022) with the base model can partially re-
duce the Mono-IR drop while retaining much of
the CLIR improvement.

2 Related Work

Information Retrieval (IR) aims to retrieve docu-
ments that are relevant to a given query (Singhal,
2001; Zhu et al., 2023; Li et al., 2025). Recent re-
trieval methods include dense retrieval (Karpukhin
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et al., 2020; Xiong et al., 2020; Wang et al., 2024;
Zhang et al., 2024; Chen et al., 2024), sparse
retrieval (Dai and Callan, 2020; Formal et al.,
2021b,a), and multi-vector retrieval (Khattab and
Zaharia, 2020; Liu and Mao, 2023). Most of these
approaches have been developed and evaluated pri-
marily in monolingual settings, where the query
and document collection are written in the same
language.

Cross-Lingual Information Retrieval (CLIR) ex-
tends this setting by retrieving relevant documents
written in a language different from that of the
query. Recent studies have improved CLIR through
multilingual representation learning, cross-lingual
pretraining, translation-based supervision, and
knowledge transfer across languages (Goswami
et al., 2021; Yu et al., 2021; Litschko et al., 2022;
Huang et al., 2023; Nguyen et al., 2025). While
these studies mainly focus on improving cross-
lingual retrieval accuracy, the role of training data
composition itself remains less explored.

In this work, we conduct a data-centric analysis
of Korean–English CLIR by isolating the language
composition of training triples. Specifically, we
systematically vary the languages of queries, posi-
tives, and negatives while keeping the underlying
semantics parallel across variants. This controlled
setup allows us to analyze how different language
compositions affect both CLIR and monolingual
retrieval behavior, revealing a trade-off between
cross-lingual gains and monolingual degradation.

3 Synthetic Data Generation

Our study aims to analyze the impact of language
composition on IR performance. As recent embed-
ding models utilize a diverse range of datasets, em-
ploying open-source data might risk overlapping
with previously trained data. Furthermore, there is
a scarcity of linguistically parallel query-positive
(a passage providing answer to query) data. To
address these issues and more robustly assess the
effect of language composition, we build a high-
quality training dataset that is linguistically parallel
and covers a diverse range of domains.

KDC Sampling To ensure broad domain cov-
erage and overcome potential LLM domain limi-
tations, we incorporate the Korean Decimal Clas-
sification (KDC) (Oh, 2020). KDC is a Korean
adaptation of the Dewey Decimal Classification
(DDC) (Comaromi, 1984), a comprehensive library
classification system. KDC has a hierarchical struc-

ture, where each digit represents a specific subject
level: the first digit signifies a broad subject area,
the second a subcategory, and the third a more spe-
cific category. For example, in the code 761, the
7 stands for the main class ’Language’, the 6 for
the subclass ’French language’, and the 1 for the
specific topic ’Phonology and writing systems’. We
use all levels of KDC, which consists of 910 topics.

Task Brainstorming & Triple Generation Fol-
lowing the synthetic data construction procedure of
E5-Mistral (Wang et al., 2023), we generate train-
ing triples in two steps. For each sampled KDC
category, we first obtain a set of task descriptions,
which are then used as prompts to produce {query,
positive, hard_negative} triples. We deduplicate the
resulting queries and passages, and mine six hard
negatives per query to strengthen training signals.
Finally, we construct six Korean–English cross-
lingual variants of the triples to cover all cross-
lingual permutations. Additional details on dataset
generation, dataset statistics, and human quality
assessment are provided in Appendix A.

4 Experimental Setup

Training Details We fine-tune four base models:
bge-m3 (Chen et al., 2024), multilingual-e5-large,
multilingual-e5-base (Wang et al., 2024), and gte-
multilingual-base (Zhang et al., 2024) using each
of the language combination datasets constructed
in the previous section. The training employs GIS-
TEmbedLoss (Solatorio, 2024), a contrastive loss
function, reducing noise from random in-batch neg-
atives. Comprehensive training parameters and en-
vironment details are provided in Appendix A.5.

Evaluation Datasets & Metrics Since there
are few retrieval benchmarks covering both Ko-
rean and English, we employ two retrieval bench-
marks: Belebele (Bandarkar et al., 2023) and
StrategyQA (Geva et al., 2021). Both bench-
marks are included in the official retrieval tasks
of Massive Multilingual Text Embedding Bench-
mark(MMTEB) (Enevoldsen et al., 2025), which
are widely adopted in contemporary retrieval works.
Details about our evaluation benchmark are stated
in Appendix B. We report nDCG@10 (Wang et al.,
2013) as our primary evaluation metric, following
the convention of MMTEB.

Data Notation We use specific notations to de-
scribe the language composition of our training
data and evaluation task. The training data language
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Data

Cross-Lingual Mono-Lingual

Belebele StrategyQA AVG OVR Belebele StrategyQA AVG OVR
Q-P-N en-ko ko-en en-ko ko-en en-ko ko-en ko-ko en-en ko-ko en-en ko-ko en-en

bge-m3

base 90.37 88.36 81.24 71.65 85.81 80.01 82.91 93.16 95.55 79.41 84.42 86.29 89.99 88.14
kokoen 90.32 87.95 81.64 71.39 85.98 79.67 82.83 92.80 95.16 79.68 84.29 86.24 89.73 87.98
koenko 89.32 89.08 79.44 72.92 84.38 81.00 82.69 91.77 94.64 78.06 83.92 84.92 89.28 87.10
koenen 91.46 89.65 81.69 72.86 86.58 81.26 83.92 92.65 95.03 79.13 84.06 85.89 89.55 87.72
enenko 89.09 88.58 80.76 71.68 84.93 80.13 82.53 93.19 95.38 79.34 84.43 86.27 89.91 88.09
enkoen 91.59 88.29 81.68 71.89 86.64 80.09 83.36 91.89 94.78 78.99 83.92 85.44 89.35 87.40
enkoko 91.24 89.00 81.81 72.73 86.53 80.87 83.70 92.29 94.83 79.31 84.24 85.80 89.54 87.67

multilingual-e5-large (mE5-large)

base 92.03 86.45 82.04 67.30 87.04 76.88 81.96 94.50 96.50 80.35 84.20 87.43 90.35 88.89
kokoen 92.82 86.40 82.63 70.72 87.73 78.56 83.14 92.87 95.84 80.13 84.71 86.50 90.28 88.39
koenko 81.02 89.43 68.20 73.33 74.61 81.38 78.00 84.66 94.60 71.11 84.08 77.89 89.34 83.61
koenen 93.34 89.27 82.63 72.98 87.99 81.13 84.56 92.12 95.12 79.89 84.13 86.01 89.63 87.82
enenko 90.65 87.66 80.46 70.21 85.56 78.94 82.25 92.96 95.47 80.14 84.94 86.55 90.21 88.38
enkoen 93.05 74.77 82.11 58.88 87.58 66.83 77.20 91.22 89.94 79.33 79.98 85.28 84.96 85.12
enkoko 93.17 88.95 82.91 71.92 88.04 80.44 84.24 91.46 95.63 80.06 84.45 85.76 90.04 87.90

multilingual-e5-base (mE5-base)

base 82.28 77.52 77.94 54.44 80.11 65.98 73.05 92.87 95.79 76.36 83.21 84.62 89.50 87.06
kokoen 85.26 79.34 79.19 57.89 82.23 68.62 75.42 90.55 95.81 75.80 84.01 83.18 89.91 86.54
koenko 75.30 83.35 60.05 62.84 67.68 73.10 70.39 83.31 93.75 62.48 82.68 72.90 88.22 80.56
koenen 89.02 83.29 80.06 63.23 84.54 73.26 78.90 89.61 94.17 74.71 83.65 82.16 88.91 85.54
enenko 85.17 80.31 76.93 58.59 81.05 69.45 75.25 90.92 95.22 75.48 84.20 83.20 89.71 86.46
enkoen 88.94 77.93 80.29 55.28 84.62 66.61 75.61 87.37 94.74 73.90 82.35 80.64 88.55 84.59
enkoko 89.43 82.50 80.60 61.83 85.02 72.17 78.59 88.10 94.79 73.76 83.90 80.93 89.35 85.14

gte-multilingual-base (mgte-base)

base 88.06 85.66 80.54 64.38 84.30 75.02 79.66 87.96 94.63 75.12 84.26 81.54 89.45 85.49
kokoen 90.32 82.31 80.97 63.33 85.65 72.82 79.23 91.57 94.21 76.92 84.28 84.25 89.25 86.75
koenko 80.19 86.43 76.19 64.91 78.19 75.67 76.93 82.62 94.86 68.53 84.63 75.58 89.75 82.66
koenen 89.95 86.56 81.22 65.10 85.59 75.83 80.71 89.21 94.71 75.44 84.48 82.33 89.60 85.96
enenko 86.67 87.09 79.13 64.53 82.90 75.81 79.36 89.38 95.69 75.08 84.47 82.23 90.08 86.16
enkoen 90.31 77.49 81.26 64.16 85.79 70.83 78.31 89.81 89.91 75.49 84.00 82.65 86.96 84.80
enkoko 90.64 86.12 81.56 64.93 86.10 75.53 80.81 89.66 95.12 75.71 84.81 82.69 89.97 86.33

Table 1: CLIR (Left) and Mono-IR (Right) performance. Data notation: languages of query, positive, negatives
(e.g., kokoen for Korean query, Korean positive and English negatives). Task notation: QL − PL (e.g., en-ko for
English query, Korean documents). Highest scores in bold, second highest underlined. Cell colors indicate changes
relative to the corresponding base model, with green/red denoting improvement/degradation. OVR denotes the
micro-average over the two language directions in each block: en-ko/ko-en for CLIR and ko-ko/en-en for Mono-IR.

notation D(l1, l2, l3) specifies the languages of the
query, positive, and negatives sequentially. For ex-
ample, D(ko, en, ko) indicates a Korean query,
an English positive, and Korean negatives dataset.
Task notations T (l1 − l2) indicate the languages of
the query and the document pool respectively. For
instance, T (en− ko) refers to a task for retrieving
relevant documents from a Korean document pool
given an English query. Additionally, to simplify
exposition in the Analysis section, we denote the
query language by QL, the positive language by
PL, and the language of the negatives by NL.

5 Experiments and Analysis

5.1 Cross-Lingual Retrieval Results

On the left side of Table 1, we present a comprehen-
sive summary of CLIR performance for the base
models and all six training data combinations.

Enhancement by task-aligned Query–Positive
For a given CLIR language direction T (QL −PL),
training on query–positive pairs that match this
direction improves performance on the specific
task. For example, in the T (en − ko) task, the
bge-m3 model trained with D(en, ko, en) achieves
a higher AVG score (86.64) than when trained
with D(en, en, ko) (84.93). Similarly, for the mE5-
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base model on the T (ko− en) task, training with
D(ko, en, en) (73.26) or D(ko, en, ko) (73.10)
outperforms the base model (65.98) or training with
D(ko, ko, en) (68.62). These results indicate that
aligning (QL, PL) with the evaluation direction re-
liably improves performance on the corresponding
CLIR task.

Enhancement by Positive-Negative Language
Match Also, our results demonstrate that when
QL ̸= PL, using negatives in the same lan-
guage as the positive (PL = NL) shows the
best performance overall. For instance, with mE5-
large, D(ko, en, en) outperforms D(ko, en, ko)
on OVR (84.56 vs. 78.00), and with mgte-base,
D(en, ko, ko) exceeds D(en, ko, en) (80.81 vs.
78.31). These findings suggest that if QL ̸= PL,
using PL = NL makes the model learn to dis-
tinguish fine-grained semantics in the target lan-
guage from contrastive learning, thereby boosting
CLIR capability. By contrast, if QL ̸= PL and
PL ̸= NL (e.g., D(ko, en, ko), D(en, ko, en)), it
does acquire some semantic understanding, but it
simultaneously learns to prioritize linguistic differ-
ence over semantic relevance. This is because the
contrastive loss trains the model to pull the posi-
tive sample (PL) (which is in a different language)
closer to the query (QL), while pushing the nega-
tive sample (NL) (which is in the same language as
the query). This enhances the model’s sensitivity
to language differences but reduces its discernment
of subtle target language semantics, thus lowering
CLIR performance.

5.2 Mono-IR Retrieval Results

The right side of Table 1 reports the Mono-IR per-
formance for models trained on all data combi-
nations. In contrast to the CLIR results, Mono-
IR performance generally decreases after training.
A notable observation is the large Mono-IR drop
when training with QL = NL and QL ̸= PL (e.g.,
D(ko, en, ko) and D(en, ko, en)). For instance,
considering the OVR score for mE5-large, train-
ing on D(ko, en, ko) (83.61) and D(en, ko, en)
(85.12) leads to substantial degradation compared
to the base model (88.89). In contrast, models
trained on D(ko, en, en) or D(en, ko, ko), where
QL ̸= PL and PL = NL, experience only mi-
nor decreases, or even show improvements in the
case of mgte-base. The larger degradation under
QL = NL and QL ̸= PL can be explained by the
language configuration of the negatives. In these

settings, each query is paired with a cross-lingual
positive, while its hard negatives are written in
the same language as the query. As a result, the
contrastive objective pulls the cross-lingual pos-
itive toward the query while repeatedly pushing
away same-language negatives. This can disrupt
the same-language semantic neighborhoods that are
important for Mono-IR, leading to a larger perfor-
mance drop. In other words, the model may learn
a language-level separation signal that competes
with semantic alignment.

5.3 Retrieval Results for Merged Models

Our preceding experiments reveal that optimiz-
ing for CLIR performance can lead to a degra-
dation in Mono-IR capabilities, creating a perfor-
mance trade-off. To address this issue, we incorpo-
rate a model merging strategy. Inspired by Model
Soup (Wortsman et al., 2022), which is used to
resolve task-specific conflicts (Lee et al., 2025;
Zhang et al., 2025), we investigate whether simple
weight-averaged model merging (Matena and Raf-
fel, 2022) can mitigate such trade-offs. We merge
the base and fine-tuned parameters with a fixed
equal ratio, θmerged = 0.5 θbase + 0.5 θft. Since
the data combinations that improved CLIR perfor-
mance for the mgte-base model did not degrade its
Mono-IR performance, we only use the remaining
three models in this merging experiment.

MODEL CROSS-AVG MONO-AVG

en-ko ko-en ko-ko en-en

bge-m3

base 85.81 80.01 86.29 89.99
└ koenen FT 86.58 81.26 85.89 89.55
└─Merged (base+ koenen FT) 86.96 81.21 86.49 90.08
└ enkoko FT 86.53 80.87 85.80 89.54
└─Merged (base + enkoko FT) 86.85 80.99 86.51 90.15

multilingual-e5-large (mE5-large)

base 87.04 76.88 87.43 90.35
└ koenen FT 87.99 81.13 86.01 89.63
└─Merged (base + koenen FT) 88.81 81.73 87.68 90.52
└ enkoko FT 88.04 80.44 85.76 90.04
└─Merged (base + enkoko FT) 89.20 81.23 87.17 90.84

multilingual-e5-base (mE5-base)

Base 80.11 65.98 84.62 89.50
└ koenen FT 84.54 73.26 82.16 88.91
└─Merged (base + koenen FT) 84.93 72.71 84.20 89.82
└ enkoko FT 85.02 72.17 80.93 89.35
└─Merged (base + enkoko FT) 85.66 72.16 83.70 90.00

Table 2: Average performance on CLIR and Mono-IR
tasks including merged models.
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Merging Effects on Mono-IR Table 2 compares
the IR performance of the base models, models
fine-tuned on D(koenen) and D(enkoko) (strong
CLIR performers), and the merged models. Cru-
cially, the merged models consistently improve
Mono-IR performance across both tasks compared
to the individually fine-tuned CLIR-optimized mod-
els. For example, merging the mE5-large model
trained on D(koenen) with the base model in-
creases Mono-IR score by approximately 1 point
on both tasks, in some cases even surpassing the
original base model’s performance.

Merging Effects on CLIR Encouragingly,
model merging does not lead to a substantial de-
cline in CLIR performance. For mE5-base, the
merged models maintain CLIR performance com-
parable to the individually fine-tuned models.
Moreover, bge-m3 and mE5-large even show slight
CLIR improvements after merging.

These findings indicate that weight-averaged
model merging with the base model provides a
simple and practical way to mitigate the trade-off
between CLIR gains and Mono-IR degradation.
Moreover, our results provide empirical evidence
that model merging can, in some instances, fur-
ther enhance CLIR performance beyond what is
achieved by individually trained specialist models.

6 Conclusion

In this study, we conduct an in-depth analysis of
how training data language composition impacts
CLIR and Mono-IR in multilingual embedding
models. We generated linguistically parallel train-
ing data and trained models with various language
combinations. Through our experiments, we re-
vealed a consistent trade-off: while aligning the
languages of positives and negatives substantially
enhances CLIR performance, this configuration can
concurrently degrade Mono-IR capabilities. To ad-
dress this trade-off, we demonstrate that simple
weight-averaged model merging can partially miti-
gate Mono-IR degradation while preserving most
CLIR gains. Our findings provide valuable insights
for future data design and training for robust Cross-
Lingual and Mono-Lingual Information Retrieval,
and further suggest a methodology applicable to
other language pairs.

Limitations

This study is subject to several limitations that open
avenues for future research.

First, our investigation primarily focuses on
Korean-English CLIR and Mono-IR. Consequently,
the generalizability of our findings and the ob-
served effectiveness of the model merging strat-
egy to other language pairs, particularly those with
typological or cultural differences, require further
validation.

Second, the synthetic training data, despite ef-
forts to ensure diversity using LLMs and the Ko-
rean Decimal Classification, may not fully cap-
ture the nuances and breadth of real-world user-
generated query-document pairs, especially in
highly specialized or niche domains.

Third, we employ a relatively straightforward
Weight-Averaged Model Merging approach. Ex-
ploring more sophisticated or task-specific merging
methodologies, such as those involving differential
layer weighting or the use of Fisher information,
might yield different outcomes or superior perfor-
mance improvements.

Finally, the observed trade-offs and merging
effects are contingent on the specific evaluation
datasets (Belebele and StrategyQA) used. Differ-
ent datasets or additional evaluation metrics could
reveal different patterns or magnitudes of these ef-
fects.

Ethics Statement

Synthetic training data in this study was generated
via Large Language Models (LLMs) strictly for
research on Cross-Lingual and Mono-Lingual In-
formation Retrieval, guided by the Korean Decimal
Classification (KDC) to ensure diverse and neu-
tral content. We utilized publicly available models
and datasets, promoting transparency and repro-
ducibility. Throughout the research process, includ-
ing drafting and refining textual content for this
paper, an AI assistant was utilized; however, all
core research ideas, experimental design, analysis,
and final content were directed and validated by
the human authors. While acknowledging potential
LLM biases, our focus was on the structural proper-
ties of synthetic data for training retrieval models,
not direct user-facing content generation. Our goal
is to improve multilingual information access. The
findings aim to contribute to robust and balanced
retrieval systems, and we advocate for responsible
AI development considering societal impacts.
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A Details for Synthetic Data Generation

A.1 Prompt Examples

We provide representative prompts used in our
synthetic data generation pipeline. The pipeline
consists of two stages: (1) task brainstorming,
which produces diverse retrieval task descriptions
conditioned on a KDC topic, and (2) triple gen-
eration, which creates bilingual {query, positive,
hard_negative} examples for each task. To support
scalable filtering and automatic parsing, we enforce
strict output formats: Prompt 1 outputs a Python
list of strings, and Prompt 2 outputs a single JSON
object.

Prompt Variables The prompts are param-
eterized with placeholders to control diversity
and ensure coverage. In Table 3 (Prompt 1),
{GIVEN_TOPIC} denotes the sampled KDC
topic and {NUM_TASKS} controls the number
of task descriptions. In Table 4 (Prompt 2),
{TASK_DESCRIPTION} is a single task description
sampled from Prompt 1 outputs. We further vary
query and document attributes via the following
placeholders:

• {query_type} ∈ {extremely long-tail, long-
tail, common}

• {query_length} ∈ {less than 5 words, 5 to
15 words, at least 15 words}

• {difficulty} ∈ {high school, college, PhD}

• {clarity} ∈ {clear, understandable with
some effort, ambiguous}

• {num_words} ∈ {50, 100, 200, 300, 400, 500}

Prompt 1: Task Brainstorming Prompt 1 (Ta-
ble 3) generates a list of retrieval task descriptions
in Korean. Each task specifies what the query rep-
resents and what constitutes a relevant document,
while discouraging overly narrow tasks to improve
coverage.

Prompt 2: Triple Generation Prompt 2 (Ta-
ble 4) generates one training instance in a strict
JSON format, including Korean and English ver-
sions of each component. A hard negative is de-
signed to be topically plausible yet incorrect with
respect to the task requirement, encouraging the
retriever to learn fine-grained relevance beyond su-
perficial overlap.

Brainstorm a list of potentially useful text
retrieval tasks related to the given topic. Here
are a few examples for your reference:
- Provided a scientific claim as query, retrieve
documents that help verify or refute the claim.
- Search for documents that answers a FAQ-style
query on children’s nutrition.
Please adhere to the following guidelines:
- Specify what the query is, and what the desired
documents are.
- Each retrieval task should cover a wide range
of queries, and should not be too specific.
Given topic: {GIVEN_TOPIC}
Your output should always be a python list of
strings only, with about {NUM_TASKS} elements,
and each element corresponds to a distinct
retrieval task in one sentence written in Korean
related to the given topic. Do not explain
yourself or output anything else. Be creative!

Table 3: Prompt 1: Task Brainstorming

You have been assigned a retrieval task:
{TASK_DESCRIPTION}
Your mission is to write one text retrieval
example for this task in JSON format.
The JSON object must contain the following keys:
- "user_query (kor)": a string, a random user
search query specified by the retrieval task.
- "user_query (eng)": a string, an English version
of "user_query (kor)"
- "positive_document (kor)": a string, a relevant
document for the user query.
- "positive_document (eng)": a string, an English
version of "positive_document (kor)"
- "hard_negative_document (kor)": a string, a
hard negative document that only appears relevant
to the query.
- "hard_negative_document (eng)": a string,
an English version of "hard_negative_document
(kor)"
Please adhere to the following guidelines:
- The "user_query" should be {query_type},
{query_length}, {clarity}, and diverse in topic.
- All documents should be at least {num_words}
words long.
Your output must always be a JSON object only,
do not explain yourself or output anything else.
Be creative!

Table 4: Prompt 2: Triple Generation

Post-processing After generation, we parse the
model outputs and apply lightweight filtering. First,
we perform format validation: any sample that
cannot be parsed as a JSON object (or does
not contain the required keys) is discarded. We
then apply near-deduplication to reduce redun-
dancy in the synthetic training set. Concretely,
we deduplicate based on the English query field
(user_query (eng)) using MinHash LSH (Broder,
1997) with a Jaccard-similarity threshold of 0.5 and
128 permutations. We tokenize each query using
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the FacebookAI/xlm-roberta-large1 tokenizer,
build a MinHash signature over the resulting token
set, and insert it into an LSH index. We retrieve can-
didate duplicates via LSH queries, and for each de-
tected duplicate pair we remove the later-occurring
instance. To avoid over-pruning across unrelated
topics, we first run this MinHash deduplication
within each KDC category and then run the same
procedure once again globally over the merged set
to eliminate remaining cross-category duplicates.
The number of instances in the deduplicated dataset
is 33k.

A.2 Details for Hard Negative Mining

In this section, we describe our hard negative min-
ing procedure for constructing an effective training
dataset based on the generated synthetic data.

Our synthetic triples are generated to be fully
parallel across languages, i.e., each instance pro-
vides aligned query/positive/negative texts in both
English and Korean that correspond to the same un-
derlying semantics. This one-to-one parallel struc-
ture allows us to mine hard negatives in one lan-
guage and reuse them for other language variants
without changing the intended negative meaning.
Accordingly, we perform hard negative mining on
the English side and transfer the mined negatives
to other variants via their parallel counterparts.

Concretely, we precompute embeddings for all
English positive documents (positive_document
(eng)) using NV-Embed-v2 (Moreira et al., 2024),
and mine hard negatives for each English query
based on these embeddings. We intentionally use
NV-Embed-v2 (instead of a multilingual retriever)
because hard negative mining benefits from a
model that is strong at fine-grained semantic dis-
crimination in the mining language; in our expe-
rience, a high-performing English retriever yields
sharper similarity rankings and thus more challeng-
ing negatives. For each query, we rank documents
by similarity, ignore the top-50 retrieved candidates
to reduce potential false negatives, and then sam-
ple 5 English hard negatives per query from the
remaining candidates. Finally, by adding the origi-
nally generated synthetic hard negative, we obtain
a total of 6 hard negatives for each query. For vari-
ants involving Korean queries or Korean negatives,
we directly use the Korean counterparts of these
mined negatives provided by the parallel synthetic
generation, so that language variants share the same

1FacebookAI/xlm-roberta-large

underlying negative semantics while differing only
in language.

A.3 Final Training Dataset
Finally, we instantiate language-composed training
data by selecting either the Korean or English trans-
lation for each of {query, positive, hard_negative},
resulting in six Korean–English cross-lingual vari-
ants that cover all language configurations.

# of Data Variant Query Positive Negatives(6)

33k

1 Kor Kor Eng
2 Kor Eng Kor
3 Kor Eng Eng
4 Eng Eng Kor
5 Eng Kor Eng
6 Eng Kor Kor

Table 5: Six Korean–English cross-lingual variants used
in training (excluding fully monolingual cases).

We provide an example of one final training data
composition, D(ko,en,en), in Table 7. The example
illustrates a cross-lingual training triple where an
“Anchor” query in Korean is paired with a “posi-
tive” document in English that directly answers the
query. The “negative” documents are topically re-
lated to the anchor (e.g., French learning, grammar,
or dialects for a query about French pronunciation
rules), yet they do not satisfy the information need,
making them challenging distractors during train-
ing. This structure is designed to train a system for
cross-lingual information retrieval, emphasizing se-
mantic understanding.

A.4 Human Quality Assessment
To assess the quality of our synthetic training
dataset, we conduct a manual human evaluation
on a random sample of generated instances. We
sample 100 training instances in total, consisting
of 50 English-only instances (D(en,en,en)) and 50
Korean-only instances (D(ko,ko,ko)). Four expert
annotators, two native English speakers and two
native Korean speakers, evaluate each sample using
a 3-point scale (0–2); for each language group, one
annotator is an M.S. student and the other is a Ph.D.
student in Computer Science. The criteria are as
follows:

• Grammatical Fluency (0–2): whether the
query is natural and clear (2 = native-level,
0 = unintelligible).

• Positive Relevance (0–2): whether the positive
document contains an answer to the query (2
= explicit answer, 0 = irrelevant).
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• Hard Negative Validity (0–2): whether the
hard negative is topically related but off-target
(2 = valid hard negative, 0 = false negative /
actually correct).

Table 6 summarizes the results (mean ± std),
where we additionally report the percentage of
the maximum possible score in parentheses. Over-
all, the evaluation yields consistently high scores
across all criteria. In particular, positive documents
are almost always judged to directly answer the
query (approximately 99% of the maximum score),
and hard negatives are largely valid while remain-
ing non-answering distractors (approximately 80–
84% of the maximum score). Despite the inherent
subjectivity of linguistic judgments, these results
indicate strong annotator agreement on the quality
of the generated corpus, supporting its suitability
for retrieval model fine-tuning.

Metric D(en,en,en) D(ko,ko,ko)
Fluency 1.82± 0.39 (91%) 1.82± 0.39 (91%)
Pos. Rel. 1.98± 0.14 (99%) 1.97± 0.14 (99%)
HN Validity 1.68± 0.51 (84%) 1.57± 0.54 (80%)

Table 6: Human quality assessment of the synthetic train-
ing corpus (mean ± std over a 0–2 scale). Percentages
denote the ratio to the maximum possible score.

A.5 Experimental Setup Details
All models were trained for a total of one epoch
with a batch size of 512, employing a linear learn-
ing rate scheduler with a warm-up ratio of 0.1. We
used the AdamW optimizer (Loshchilov and Hutter,
2017) (with parameters β1 = 0.9, β2 = 0.99, and
weight decay=0.01), and adopted bfloat16 mixed
precision for computational efficiency. The learn-
ing rate for all models is fixed to 2e-5.

We used 2 NVIDIA A100 GPUs, each with
80GB of memory capacity, along with AMD EPYC
7513 processors featuring 32 cores, to train mod-
els. Additionally, to increase the batch size within
limited GPU resources, we adopt CachedGISTEm-
bedLoss from sentence-transformers (Reimers and
Gurevych, 2019), which combines the GISTEm-
bedLoss with the gradient cache technique (Gao
et al., 2021). We use bge-m3 as a guide model for
the GISTEmbedLoss. For evaluation, we employed
a single A100 GPU.
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Type Content
Anchor 프랑스어의발음규칙은어떻게되나요? (What are the pronunciation rules in French?)
Positive The pronunciation rules of French are relatively clear and systematic. The French alphabet consists of 26

letters, each with its own unique pronunciation rules. For instance, ’e’ is often silent when it appears at
the end of a word or is unstressed. Additionally, ’h’ is generally not pronounced, and ’c’ is pronounced as
’s’ when followed by ’e’, ’i’, or ’y’. These rules help French learners to understand pronunciation more
easily.

Negative 1 French is a Romance language primarily spoken in France, Belgium, Switzerland, and Canada. It is
spoken by approximately 270 million people and is one of the six official languages of the United Nations.
French originated from Latin and has evolved over time into modern French. The language is known
for its distinct pronunciation, particularly the unique pronunciation of the letter ’r’ compared to other
languages. Learning French offers an opportunity to deepen understanding of the language’s history and
culture.

Negative 2 For practicing French pronunciation, it is important to focus on particularly difficult or commonly
mispronounced sounds. Since pronunciation is very important in French, constant repetition and practice
are necessary to get it right. The ’r’ sound and nasal vowels are particularly challenging for many learners,
and special exercises may be required for these.

Negative 3 French verb conjugation has a complex structure. Generally, verbs are divided into three main groups:
regular -er verbs, -ir verbs, and irregular verbs. Each group follows different conjugation rules depending
on various tenses such as present tense, past tense, and future tense. For instance, the present form of -er
verbs changes according to the endings, and compound tenses are formed by using the appropriate form
of ’avoir’ or ’être’ along with the past participle. In compound past tense, ’avoir’ is mainly used, but for
verbs of movement or state change, ’être’ is used as an exception. These rules form the basis of French
verb conjugation, and understanding the irregularities of each verb is crucial.

Negative 4 The most important aspect of starting to learn French is understanding the basic grammar rules. Nouns,
adjectives, and verbs in French change form according to gender and number, and mastering these rules is
essential. Additionally, French pronunciation is quite different from English, so practicing pronunciation
is also necessary. To learn French, it is advisable to use a variety of learning materials. For example,
reading French novels or news articles can be beneficial. Hiring an online tutor or participating in language
exchange programs can also be a great way to practice French conversation. Finally, consistency is key in
learning French, so it’s important to continue with daily study, even if it’s just a little each day.

Negative 5 French spelling often does not match its pronunciation, which can confuse learners. For instance, ’beau-
coup’ is pronounced as ’boku,’ but its spelling does not suggest this. These discrepancies are related to the
historical development of the French language. Additionally, there are various accents and pronunciations
in French that can vary by region. Specifically, the French ’r’ is different from the English ’r,’ which can
be challenging for learners to grasp initially. These mismatches between spelling and pronunciation are
significant challenges to overcome when learning French.

Negative 6 Understanding the important rules of French grammar is fundamental to language learning. Key elements
of French grammar include the agreement of gender and number in nouns and adjectives, verb tense and
conjugation, pronoun placement, and the use of articles. In French, nouns and adjectives are divided into
masculine and feminine forms, and their forms change depending on whether they are singular or plural.
Verbs change according to the subject and tense, and it is particularly important to learn the conjugation
of regular and irregular verbs. Furthermore, pronouns are used according to their position and role in a
sentence. Lastly, articles change according to the gender and number of the noun, and understanding the
difference between definite and indefinite articles is essential.

Table 7: Training Data Example of D(koenen)
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B Evaluation Benchmark

In this work, we leverage multilingual Question
Answering (QA) datasets with parallel construc-
tions, repurposed as retrieval tasks, to systemati-
cally assess CLIR performance in all directions.
Since these datasets are originally designed for
QA, the corresponding passages serve as exact
gold labels within the retrieval framework. Conse-
quently, datasets developed for QA (query and its
corresponding passage for answering) are widely
adopted for the evaluation of the retriever in the cur-
rent literature (Enevoldsen et al., 2025; Lee et al.,
2025; Zhang et al., 2025).

Belebele Belebele2 is a high-quality, profession-
ally translated multilingual QA dataset featuring
a broad range of language pairs. All translations
were conducted by native speakers proficient in
both English and target language, thereby captur-
ing both contextual meaning and cultural nuances.
Owing to these strengths, Belebele offers diverse
and realistic multilingual retrieval scenarios, en-
abling detailed comparative analyses of retrieval
models across different languages.

StrategyQA StrategyQA is a crowdsourced
dataset of diverse yes/no questions that of-
ten require implicit multi-step reasoning. Ko-
StrategyQA3 was created by translating the original
StrategyQA questions and evidence paragraphs us-
ing DeepL, and is included in the MMTEB bench-
mark. In our experiments, we additionally use the
original English StrategyQA as a paired counter-
part of Ko-StrategyQA to form an English–Korean
parallel evaluation setting aligned by construction.

Beyond these, our evaluation was limited by the
lack of other retrieval datasets that provide parallel
Korean-English pairs.

C Robustness to Hard Negative Mining
Strategies

We conduct additional experiments by adopting
the hard negative mining strategies proposed in
NV-Retriever (Moreira et al., 2024). This paper
suggests that utilizing absolute 0.05 margin and
relative 0.05 margin in the similarity score yields
optimal results for hard negative mining. We follow

2https://github.com/embeddings-benchmark/mteb/
blob/main/mteb/tasks/retrieval/multilingual/
belebele_retrieval.py

3https://github.com/embeddings-benchmark/mteb/
blob/main/mteb/tasks/retrieval/kor/ko_strategy_
qa.py

this procedure and repeat the bge-m3 experiments
under both mining strategies. The results are pro-
vided in Table 8 and Table 9.

Results Although different mining strategies lead
to different absolute performance levels, we ob-
serve that the qualitative trends reported in Sec-
tion 5 remain consistent under the additional ex-
periment. Specifically, the relative comparisons be-
tween training configurations are largely preserved,
and similar trends are observed across both CLIR
and Mono-IR settings.
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bge-m3 with Absolute 0.05 Margin Hard Negative Mining

Data

Cross-Lingual Mono-Lingual

Belebele StrategyQA AVG OVR Belebele StrategyQA AVG OVR
Q-P-N en-ko ko-en en-ko ko-en en-ko ko-en ko-ko en-en ko-ko en-en ko-ko en-en

base 90.37 88.36 81.24 71.65 85.81 80.01 82.91 93.16 95.55 79.41 84.42 86.29 89.99 88.14
koenko 89.67 89.51 79.41 72.78 84.54 81.15 82.84 91.90 94.42 78.08 83.73 84.99 89.08 87.03
kokoen 90.68 87.18 82.18 70.65 86.43 78.92 82.67 93.16 95.44 79.66 84.40 86.41 89.92 88.16
koenen 91.49 89.10 81.71 72.73 86.60 80.92 83.76 92.42 94.78 79.36 84.09 85.89 89.44 87.66
enenko 89.65 88.60 80.41 71.64 85.03 80.12 82.58 93.07 95.18 79.32 84.53 86.20 89.86 88.03
enkoen 92.03 88.92 82.06 72.67 87.05 80.80 83.92 92.34 94.87 79.45 83.86 85.90 89.37 87.63
enkoko 91.59 89.38 81.95 72.73 86.77 81.06 83.91 92.56 95.13 79.06 84.22 85.81 89.68 87.74

Table 8: CLIR and Mono-Lingual IR performance for bge-m3 with Absolute 0.05 Margin Hard Negative Mining.
Highest scores in bold, second highest underlined.

bge-m3 with Relative 0.05 Margin Hard Negative Mining

Data

Cross-Lingual Mono-Lingual

Belebele StrategyQA AVG OVR Belebele StrategyQA AVG OVR
Q-P-N en-ko ko-en en-ko ko-en en-ko ko-en ko-ko en-en ko-ko en-en ko-ko en-en

base 90.37 88.36 81.24 71.65 85.81 80.01 82.91 93.16 95.55 79.41 84.42 86.29 89.99 88.14
koenko 89.95 89.52 79.05 72.81 84.50 81.17 82.83 92.09 94.67 77.51 83.97 84.80 89.32 87.06
kokoen 90.78 87.15 82.09 70.75 86.44 78.95 82.69 93.01 95.41 79.68 84.53 86.35 89.97 88.16
koenen 91.45 89.21 81.63 72.76 86.54 80.99 83.76 92.57 94.74 79.59 84.18 86.08 89.46 87.77
enenko 89.82 88.80 80.93 71.28 85.38 80.04 82.71 93.40 95.29 79.43 84.80 86.42 90.05 88.23
enkoen 91.86 88.77 82.03 72.30 86.95 80.54 83.74 92.19 94.77 79.19 83.73 85.69 89.25 87.47
enkoko 91.64 89.61 81.77 72.77 86.71 81.19 83.95 92.74 94.95 79.28 84.12 86.01 89.54 87.77

Table 9: CLIR and Mono-Lingual IR performance for bge-m3 with Relative 0.05 Margin Hard Negative Mining.
Highest scores in bold, second highest underlined.
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