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Abstract

Table question answering has been studied using datasets drawn from a variety of tabular
sources and task formats. However, most publicly available resources have been created
in high-resource languages such as English. For low-resource languages, researchers are
often required to construct new datasets or translate existing ones, which incurs substantial
time, effort, and financial cost. In contrast to natural language text, table data consists
of structured entries whose interpretation is less affected by language-specific syntax or
word order. In this work, we present a cost-effective strategy for multilingual table QA
that relies on selectively translating only the questions of existing datasets. Leveraging the
language-agnostic structure of tables, our approach maintains the original table content
while translating queries into multiple target languages. To address possible performance
drops caused by using table data in the source language rather than the target language, we
apply cross-lingual adaptation techniques using contrastive learning and adversarial train-
ing. In addition, to strengthen reasoning ability while avoiding degradation in languages
not seen during pre-training, we perform supplementary pre-training of a RoBERTa-based
multilingual encoder with SQL-derived table data. Finally, we extend our investigation
beyond encoder-based architectures and evaluate decoder-only large language models
under the same multilingual table QA setting. The experiments show that LLaMA-3 mod-
els exhibit strong cross-lingual generalization even without using translated table context
and often achieve competitive performance using only Korean table data. Moreover, the
performance gap among training configurations such as translated queries or translated
datasets is notably smaller compared to encoder-based models, highlighting the inher-
ent multilingual robustness of modern LLMs. We further evaluate LLaMA-3 models on
domain-specific table datasets and observe that domain knowledge acquired from Korean
tables transfers effectively across languages even without multilingual supervision, under-
scoring the potential of LLMs for specialized multilingual table reasoning. These findings
demonstrate that LLMs can serve as an effective alternative for multilingual table QA,
particularly in low-resource or partially translated environments.
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1. Introduction
As digital information continues to grow across different platforms, the need for clear

and structured representations of data has become increasingly important. Tables have
emerged as one of the most practical formats for organizing information because they
present complex content in a compact and accessible way. They are now widely used in
scientific data collections, public administrative documents, business reports, and many
other fields where large amounts of information must be interpreted quickly and accurately.
As a result, the ability to understand and extract information from tables has become
essential for effective data analysis and reliable decision making.

Although interest in table-based analysis has increased, the development of table
question answering resources has not progressed at the same pace. Many machine reading
comprehension datasets exist in various languages, but table question answering (QA)
datasets are available only for a limited number of languages. For instance, the TyDi QA
benchmark [1] covers 11 typologically diverse languages, whereas well-known benchmarks
often exist only in English [2–5].

Creating new resources requires substantial human effort, and translating existing
datasets introduces additional challenges. Prior work on multilingual tabular benchmarks
typically relies on qualified bilingual translators and extensive post-editing/validation,
which makes data creation costly and time-consuming [6]. Human translation demands
bilingual experts, which increases cost. While automatic translation is cheaper, machine-
translated questions can introduce translation mistakes and inconsistencies, often requiring
careful correction or post-editing to ensure faithful grounding [7,8]. In severe cases, entire
sections of the dataset must be corrected or reannotated. These limitations make it difficult
for researchers to build multilingual systems for table understanding.

At the same time, tables possess characteristics that make them naturally suitable for
multilingual learning. A table is composed of distinct cells, each containing a small unit
of information. Because the structure remains constant across languages, understanding
the content of a table does not depend heavily on grammar, word order, or language-
specific patterns. This structural stability allows models to handle the same table in several
languages with minimal modification. It also suggests a promising direction for reducing
the cost of multilingual dataset construction by keeping the table in its original form while
translating only the questions. This property also allows existing table QA annotations
to be reused across languages without reconstruction. Since answer labels are grounded
in table cells rather than surface word order, machine translation can be applied without
breaking the alignment between questions and annotated answers.

In this work, we take advantage of these properties to propose a cost-effective approach
for multilingual table question answering. Instead of translating full datasets, we keep
the table context in its original language and translate only the questions into each target
language. This selective translation significantly reduces data creation costs but may
also cause performance drops because the model receives questions and tables written in
different languages. To address this issue, we apply contrastive learning and adversarial
training so that the model can better align representations across languages and learn to
generalize even when the table remains untranslated. We also study how table-specific
pre-training methods influence multilingual performance using both masked language
modeling objectives and SQL-based training resources.
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Our experiments cover a diverse set of languages including Korean, Thai, Vietnamese,
Arabic, Japanese, and Indonesian. These languages differ in word order, writing systems,
and morphological patterns, which allows us to observe how multilingual table question
answering models behave across a wide range of linguistic settings.

Beyond encoder-based models, we further investigate whether recent decoder-only
large language models can perform multilingual table reasoning under the same constraints.
Modern large language models show strong cross-lingual generalization and powerful
reasoning abilities, but it is still unclear how well these abilities extend to structured
tabular data. To explore this question, we evaluate several LLaMA 3 models [9] with
different parameter sizes and training configurations. We analyze how translated questions,
translated tables, and domain-specific characteristics influence model behavior. We also
examine whether domain knowledge learned from Korean table data can transfer to
other languages in specialized fields such as public administration, legal documents, and
product specifications.

By combining encoder-based and decoder-based methods within a single experimental
framework, this study provides a comprehensive view of multilingual table question
answering. It highlights the strengths and limitations of each modeling approach and
examines whether the challenges identified in encoder-based settings, particularly the
dependence on translated table context, also appear in modern large language models.

2. Related Work
2.1. Domain Adaptation

Domain adaptation refers to a collection of techniques aimed at learning representa-
tions that remain effective across different domains, allowing models to perform well even
when the target domain has limited or no labeled data. These approaches have shown
strong effectiveness in various tasks, including machine reading comprehension. Ganin
et al. [10] introduced one of the early adversarial frameworks for domain adaptation. Their
method incorporates both a task classifier and a domain classifier and employs a gradient
reversal layer to encourage the learning of domain-invariant representations. Building on
this idea, Lee et al. [11] applied adversarial learning to machine reading comprehension,
demonstrating that it helps models generalize across datasets drawn from different do-
mains. In their setup, the domain discriminator receives the [CLS] token representation
from BERT as input, while the reader model is optimized to minimize the Kullback–Leibler
divergence between the discriminator’s output distribution and a uniform prior. Wang
et al. [12] proposed a complementary adaptation strategy that creates pseudo questions
by using unlabeled passages in the target domain. Their approach updates the encoder
parameters to maximize the loss of the domain classifier, thereby encouraging the model to
acquire domain-invariant features. Bai et al. [13] introduced DAMT2, a domain-adaptive
multi-task transformer designed for low-resource machine reading comprehension. Their
architecture separates learning into two components: a task-aware transformer layer
trained on the source MRC task and a domain-aware layer optimized on an unsupervised
objective using target-domain data. During fine-tuning with a small amount of labeled
target-domain MRC data, the domain-aware layer is removed, and training continues only
on the task-aware layer.

2.2. Contrastive Learning Approaches

Contrastive learning trains a model to pull the representations of positive sample
pairs closer together while pushing apart the representations of negative pairs. Contrastive
learning has shown remarkable success in visual representation learning [14], particularly
when combined with data augmentation techniques. Kim et al. [15] introduced a self-
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supervised contrastive regularization approach aimed at improving generalization across
varying domain distributions. Contrastive learning has been employed in a wide range
of tasks and modalities to achieve representation alignment. For example, VLPT [16]
pre-trains a vision–language model through cross-modal alignment, encouraging high
mutual information between paired images and textual descriptions. Within natural
language processing, contrastive techniques also have been applied to multiple objectives,
including cross-lingual alignment during model pre-training [17], the construction of
sentence embeddings [18], and entity typing tasks [19].

2.3. Table Question Answering

Pre-training for table question answering has utilized a wide range of data sources,
including Wikipedia tables, spreadsheet files, synthetically generated queries, and SQL-
based datasets. Models such as TAPAS and TaBERT [20] are trained on tabular corpora
using a masked language modeling objective, where the model learns to recover the
original content of masked table cells. TUTA [21] introduced a pre-training approach that
incorporates tree-structured attention mechanisms and positional embeddings to better
capture the spatial layout and hierarchical relationships within tables. To enhance numerical
reasoning capabilities, ForTAP incorporates spreadsheet data during pre-training. During
this process, it is trained with two objectives: (1) predicting the appropriate function or
operand for a given cell, and (2) identifying which cells are referenced by a formula cell.
TAPEX [22] presents a table-focused pre-training framework in which the model implicitly
acquires SQL execution abilities by taking synthetic SQL queries together with table data
as input and learning to generate the corresponding execution outputs.

In this study, we pre-trained a multilingual table question answering (TQA) model
using a masked language modeling objective on multilingual Wikipedia tables, following
the strategy employed in TAPAS [23]. We also incorporated the table-based pre-training
data provided in TAPEX, enabling our multilingual model to adopt a similar pre-training
scheme to TAPEX. To investigate how such supplementary pre-training influences mul-
tilingual QA performance, we further performed experiments using the K-adapter [24],
in which the encoder’s original parameters remain fixed while only the adapter layers
are updated.

2.4. Large Language Models

In this work, we employ two categories of foundation models, Gemma-3 [25] and
LLaMA-3 [26], to investigate how recent decoder-based large language models behave in
multilingual table question answering. Gemma-3 is used to examine the effect of replacing
commercial translation models with open source models when translating table data into
multiple target languages. LLaMA-3 is used to analyze the performance of decoder-based
language models in multilingual table question answering, a task that has been mostly
studied with encoder-based architectures in previous research.

Gemma-3 is an improved successor to Gemma-2 [27] and maintains a similar overall
transformer architecture [28] while introducing important enhancements for long context
processing and multilingual capability. The difference lies in the ratio of the two attention
types: while Gemma-2 alternates them in a one to one pattern, Gemma-3 adopts a structure
in which multiple local attention layers are followed by a single global attention layer. This
modification improves memory efficiency for longer context processing while retaining
the general characteristics of the original design. Compared with Gemma-2, the pre-
training corpus of Gemma-3 contains a much larger proportion of multilingual text, which
strengthens its ability to generalize across languages. Gemma 3 is released in four model
sizes: 1B, 4B, 12B, and 27B parameters. In this study, we use the 12B and 27B variants to
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translate table data and question sets into several target languages for the construction of
our multilingual table question answering datasets.

LLaMA-3 is the successor to LLaMA-2 [9] and incorporates several architectural im-
provements for more efficient and accurate text generation. The model adopts grouped
query attention (GQA) [29], which improves inference efficiency while maintaining the
quality of multi-head attention. It also employs an enhanced positional embedding mecha-
nism based on rotary position encoding, which stabilizes reasoning over longer contexts.
LLaMA-3 expands its vocabulary to 128K tokens, adding a substantial number of non-
English tokens in order to improve subword compression and multilingual representation.
Its pre-training corpus also contains a larger share of multilingual text, which supports
stronger cross-lingual generalization. To evaluate the behavior of decoder-based language
models in multilingual table question answering, we experiment with three LLaMA-3
variants: LLaMA 3.1-8B, LLaMA-3.2-1B and LLaMA-3.2-3B. These models allow us to
analyze performance differences across model scales and to examine how decoder-based
architectures process structured tabular information and multilingual reasoning.

Although most existing large language models are predominantly trained on English-
centric corpora, several recent efforts have focused on building high-quality foundation
models for non-English languages. For example, the Polyglot-Ko [30] introduces a series
of Korean-centric LLMs trained on a large-scale, carefully curated 1.2 TB Korean cor-
pus, demonstrating that monolingual models can outperform multilingual counterparts
on Korean-specific tasks by leveraging linguistically aligned tokenization and domain-
appropriate data sources.

Domain-Specific Table QA Datasets

Real-world documents frequently contain tables across diverse domains, including
law, public administration, and product specifications. Prior work has shown that such
tables exhibit substantial variation in structure and terminology, often containing legal
expressions, administrative terminology, or technical product specifications that do not
appear in general-purpose datasets [31]. This diversity makes domain-specific table QA
inherently more challenging than QA over general web documents.

To support research on domain robustness, earlier work constructed domain-oriented
table QA datasets by collecting tables from the National Law Information Center, public
data sources, and product comparison platforms [31]. These datasets highlight that domain-
specific tables differ not only in vocabulary but also in layout and required knowledge.
In this work, we further incorporate these domain-specific datasets into our LLM-based
experiments to examine whether the domain knowledge learned from Korean source data
can effectively transfer to other target languages.

3. Multilingual Question Answering Dataset Construction
3.1. Dataset Construction Using Commercial LLMs

In this section, we describe how we constructed our multilingual Table QA dataset
for training and evaluation. We explain (i) how we selected source tables, (ii) how we
translated and curated multilingual questions, and (iii) how we ensured translation quality
and diversity. Figure 1 summarizes the overall workflow.
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Figure 1. Overview of multilingual TQA dataset construction process [32].

In this study, we adopt the KorQuAD 2.0 dataset as the primary resource to construct
our Table QA dataset. Although several TQA benchmarks exist, including WikiTQ, WikiSQ,
and SQL-based datasets, we chose a Korean dataset for validating the translated data
because the researcher involved in this work is a native Korean speaker. KorQuAD 2.0 [33]
was constructed by annotating answers in Korean Wikipedia articles, and from this corpus,
we extracted only the examples in which the annotated answers appear within tables.
Additionally, we employed different machine translation systems (https://papago.naver.
com/) (https://www.deepl.com/ko/translator) (accessed on 1 December 2025) depending
on how each portion of the dataset was utilized, such as when it served as training data,
evaluation data, question text, or contextual information.

Translating table data into multiple languages is computationally expensive and often
introduces structural inconsistencies. To mitigate this issue, we adopt a two-step translation
strategy. We first translate tables into English and then translate the English tables into the
remaining languages.

During this process, we frequently encountered errors where the delimiters that define
table rows and columns were incorrectly produced by the translation model. These errors
often resulted in translated tables that preserved most of the textual content but differed
structurally from the original tables. A typical failure case involves the omission of a cell
in a specific row, leading to inconsistent column counts across rows. For example, while
translating a table listing episode numbers, subtitles, and air dates, the translated table
may correctly generate the episode and subtitle fields but omit the air date for a single row,
thereby breaking row and column alignment.

To remove such faulty translations, we implemented a filtering procedure that verifies
whether the translated tables preserve the original row and column counts and checks that
non-translatable elements, such as dates, times, and numerical values, remain unchanged
and appear in their correct positions. Tables that fail any of these structural consistency
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checks are excluded from further processing to ensure the integrity of table-based annota-
tions.

For question translation, we adopted more specialized machine translation tools
because the volume of question text is much smaller than that of tables. To prevent
translation errors from affecting the evaluation set, we added a quality assurance step that
involved back-translating the output into Korean and reviewing it with human annotators.
Furthermore, because different translation systems often produce outputs with varying
linguistic styles and semantic nuances, we used multiple tools and cross-validated their
results to reduce tool-specific bias.

The translated table data in the training set was not used in our primary experiments.
Instead, it served as part of an ablation study to analyze the effect of including translated
table context in multilingual question answering. The validation set was constructed by
partitioning the translated portion of the training data.

3.2. Dataset Construction Using Open LLMs

Recent studies [34,35] have increasingly adopted open source large language models
for data creation, augmentation, and multilingual corpus expansion. Following this trend,
we employed open LLMs to translate the original Korean table-based question answering
data into multiple target languages.

Our goal in applying open LLMs was twofold. First, we aimed to evaluate whether
multilingual training data generated by open models could serve as an effective alterna-
tive to data translated by commercial LLMs. Second, we assessed whether the resulting
translated datasets were sufficient to support downstream multilingual table question
answering without a degradation in model performance. For this purpose, we used two
instruction-tuned variants of Gemma-3, specifically Gemma-3-12b-it and Gemma-3-27b-it,
to translate the table context and question data into six target languages.

Before translating into the final target languages, the original Korean table data were
first translated into English, and the resulting English tables were subsequently translated
into each target language. This intermediate English translation step was applied to prevent
structural corruption and to improve translation quality for languages where direct Korean-
to-target translation caused degradation.

After the translation process, the translated table data were processed using the same
filtering procedure described in Section 3.1. This ensured that structural consistency, such
as the number of rows and columns, and the validity of non-translatable cell contents (e.g.,
dates, times, and numerical values) were preserved.

To further guarantee that table structure is strictly preserved during translation, we
used the following prompt when applying open LLMs:

You are an expert translator for English → {target_lang} table data.

The following table is in Markdown format, and each row is separated by the
“|” character.
Your task is to translate only the English text inside the table into natural
and concise {target_lang}, without changing the table structure.

Rules:
1. Do NOT change the number or positions of “|” in any line.
- Do NOT add or remove any cells (columns).
- Do NOT add or delete any rows (lines).
2. Keep numbers (e.g., 2009, 2011) and reference markers (e.g., [11,12]) exactly
as they are.
3. Do NOT output any explanation, comments, or extra text outside the table.
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Output only the translated table.

- Input Table -
{input_table}

- Translated Table - {translated_table}

Unlike the setting with commercial LLMs, where only the questions were translated
while the original Korean tables were retained due to the high cost of translating large
amounts of tabular data, the use of open LLMs allowed us to translate the entire table
context as well. Since open LLMs can be executed with high throughput using inference
frameworks such as VLLM, the cost of generating multilingual table contexts becomes
substantially lower, enabling full translation of all training tables rather than question
only translation.

3.3. Domain-Specific Table Question Answering

Compared to the KorQuAD-based setting, constructing multilingual training data for
the DomainTQA benchmark presents additional challenges. The dataset includes highly
specialized domains such as law and IT products, where tables contain domain-specific
terminology and technical expressions. In our preliminary analysis, we observed that
both open LLMs and cost-efficient commercial LLMs often struggled to produce reliable
translations for these domains. The resulting outputs frequently lacked terminological
accuracy or failed to preserve subtle domain semantics, making large-scale multilingual
translation substantially more costly and less effective than in general-purpose settings.

For this reason, translating the entire DomainTQA training set into multiple languages,
as we did for KorQuAD-based TQA, was not considered practical from both cost and quality
perspectives. Instead, we used only the original Korean tables for training. Large language
models exhibit strong cross-lingual generalization even without multilingual supervision,
and we empirically found that LLMs were considerably more robust than encoder-based
models in transferring their reasoning ability from Korean to other target languages. Based
on these observations, we incorporated DomainTQA dataset [31] as an additional evalua-
tion setting in our LLM-based experiments to examine whether LLMs can generalize to
domain-specialized table reasoning tasks under limited multilingual supervision.

In the LLM-based experiments, we retained the original Korean training data without
performing multilingual translation for the DomainTQA benchmark. For evaluation, we
translated the test sets into the target languages using GPT-4o. All translated outputs were
subsequently verified through the same validation pipeline used for the KorQuAD-based
dataset, including checks for table structure preservation, consistency of non-translatable
elements, and semantic fidelity to the source Korean content.

In terms of data scale, the DomainTQA benchmark covers three specialized domains:
Public Administrative Document Tables, Legal Document Tables, and Product Specification
Tables. The training set contains 1214 instances for Product Specification Tables, 923 for
Legal Document Tables, and 6193 for Public Administrative Document Tables. The corre-
sponding test sets consist of 814, 647, and 1303 instances for the same domains, respectively.

4. Multilingual Table Question Answering
In this section, we present the contrastive learning and adversarial training strate-

gies used to enable our TQA model to generalize across multiple languages. We also
outline our analysis of how additional table-based pre-training influences the multilin-
gual performance of TQA models, supported by further experiments incorporating table
pre-training objectives.
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The proposed framework consists of three components that address different aspects
of cross-lingual table question answering. First, table-based pre-training aims to adapt
the encoder to the structural properties of tables, such as row-column alignment and
cell-level semantics, providing a strong initialization for table understanding. Second,
contrastive learning is introduced to encourage language-invariant representations by
aligning semantically equivalent question-table pairs across languages. Finally, adversarial
training is applied to further reduce language-specific signals in intermediate representa-
tions, promoting robustness to cross-lingual variation. These components are designed
to be complementary, but their interaction depends on the strength of structural priors
learned during pre-training.

Figure 2 presents the overall architecture of the multilingual TQA framework. To
simulate a realistic low-resource setting in which translating and re-annotating the full
dataset is impractical, our experiments adopt a selective question translation approach. In
this setup, the table data in the training set remains in its original language, and only the
question texts are translated into the target languages.

Figure 2. Overall architecture and cross-lingual adaptation methods for multilingual TQA [32]. The
left side of the dashed line indicates the data input/processing flow, while the right side indicates the
model architecture.

The dataset employed in our experiments, KorQuAD 2.0 [33], is a machine reading
comprehension benchmark. Within table contexts, the annotated answers correspond either
to an entire cell’s content or to a substring within a cell. The QA model is trained to identify
the start and end indices of the answer span in the input context. The loss function for the
model is defined in Equation (1).

LQA = − 1
N

N

∑
i

log P(ys
i |ps

i ) + log P(ye
i |pe

i ) (1)

Here, N denotes the number of training instances. For each instance i, ys
i and ye

i
represent the ground-truth start and end indices of the answer span within the input
context, respectively. The terms ps

i and pe
i denote the predicted probability distributions
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over all token positions for the start and end indices produced by the model. The loss
function minimizes the negative log-likelihood of the correct start and end positions,
following the standard span-based question answering formulation.

4.1. Contrastive Learning

Contrastive learning is introduced to explicitly align representations of semantically
equivalent question-table pairs across languages. Unlike table-based pre-training, which
focuses on structural understanding, contrastive learning directly targets cross-lingual
invariance by pulling together representations from different languages that correspond to
the same underlying table content.

We conducted experiments in which the multilingual TQA model was trained using
datasets that included only translated question texts. To ensure that the encoder produced
consistent cell representations, we incorporated contrastive learning so that queries express-
ing the same meaning would be mapped to similar representations, even when written in
different languages.

In our contrastive learning setup, the model acquires cross-lingual representations by
maximizing the inner product between the hidden states of queries that correspond to the
same table entry across languages. For this purpose, we use the mean-pooled hidden states
of the answer cells generated by the encoder.

To train the model, we prepare two mini-batches that contain queries for the same
instances but written in different languages. We first sample a mini-batch of N instances,
each of which includes two queries expressed in two randomly selected languages. Queries
for the same instance are treated as positive pairs.

Inspired by the hard negative strategy introduced in [36], we also incorporate negative
samples in one of the mini-batches. The first mini-batch consists of:

[CLS] qij [SEP] ti

The second minibatch includes:

[CLS] qik [SEP] ti

and the negative example:
[CLS] qk∗(i)k

[SEP] ti

Here, i indicates the data index, j and k represent language indices, and k∗ denotes the
index of the data instance with the highest BM25 score for the query qik .

The contrastive loss function used in our training setup is defined in Equation (2).

Lctl =
− log(esim(ha,j ,ha,j))

∑N
i esim(ha,j ,hi,k) + ∑N

i esim(ha,j ,hk∗(i),k)
(2)

Here, haj represents the hidden vector computed from the input that contains the ith
table instance paired with the query translated in the jlanguage. The function sim denotes
the inner product between two representation vectors. This contrastive objective is added
to the QA loss, and the model is trained to jointly minimize the combined loss.

4.2. Adversarial Training

Adversarial training complements contrastive learning by discouraging the encoder
from encoding language-specific features. While contrastive learning enforces similarity
between aligned examples, adversarial training operates at the distribution level, reducing
language-identifiable signals in intermediate representations.
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To promote cross-lingual generalization and prevent the model from overfitting to
training data that pairs source-language tables with target-language queries, we incorporate
adversarial training. In addition to the QA model, we introduce a language discriminator
that receives the feature representation and predicts the language of the input query. For
this module, we use the [CLS] token embedding as the discriminator’s input.

The overall training procedure consists of two stages: updating the QA model and
updating the discriminator. During the first stage, the QA component is trained both to pro-
duce correct answer spans by minimizing LQA and to confuse the language discriminator
by minimizing Ladv.

Following MRQA [11], the adversarial loss Ladv encourages the model to fool the
language discriminator by minimizing the Kullback–Leibler divergence between the dis-
criminator’s predicted distribution and a uniform distribution. The loss used in the first
stage is defined in Equations (3) and (4).

Ladv = KL(U|hi) (3)

L(wa) = Ladv + Lctl + LQA (4)

Here, hi refers to the [CLS] token representation of the i-th input. The term Lce denotes
the contrastive loss defined in Equation (3). Although training can be performed using only
the required Ladv, the combined loss formulation shown above may also be applied.

In the second phase, the discriminator’s parameters are updated so that it can accu-
rately identify the language of the input query. The loss function for training the discrimi-
nator is defined in Equation (5).

Ldiscriminator(wd) =
1
N

N

∑
i

log P(di|hi) (5)

Here, log P(di|hi) denotes the probability assigned by the discriminator to the language
label of the corresponding input.

4.3. Pre-Training over Tables

Many prior studies on table question answering have demonstrated substantial per-
formance gains through table-specific pre-training. Motivated by these findings, we also
conducted pre-training for our multilingual TQA model. The pre-training procedure con-
sisted of two strategies: the first applied masked language modeling using Wikipedia
table data [23], and the second employed a cell-selection objective based on synthetic SQL
data [22].

To build the corpus for the maskLM objective, we extracted table data from the
Wikipedias of multiple countries, along with related textual content. When tables appeared
within a paragraph, we collected the accompanying text directly. Otherwise, we paired
each table with the text segment exhibiting the highest Jaccard similarity to the table. In
this experiment, we did not incorporate any additional table-specific embeddings. Instead,
we followed the serialization approach used in TAPEX [22], formatting each table as: “row
1: cell text 1 | cell text 2 | . . . ; row N: cell text 1 | cell text 2 | . . . ”.

We additionally performed pre-training using a synthetic SQL corpus. While
TAPEX [22] employs an encoder–decoder framework that directly produces SQL exe-
cution outputs, our experiments use an encoder-only model. Consequently, rather than
generating SQL results, we reformulated the pre-training objective to predict the answer
cells. From the full SQL pre-training corpus, we selected only the examples that contain a
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single answer cell so that the prediction layer’s parameters could be directly reused during
fine-tuning. The model was trained according to the procedure described in Equation (4).

Since the SQL queries and table data used for pre-training are written in English, such
additional pre-training could negatively affect the model’s multilingual performance. To
address this concern, we performed supplementary pre-training using an adapter-based
approach. Following [37], we incorporated a table-specific adapter layer and trained only
this layer using SQL-based pre-training objectives. During the pre-training stage, updates
were applied solely to the adapter layer and the prediction layer, whereas in the fine-tuning
stage, the entire model’s parameters were optimized.

When strong structural priors are already learned through table-based pre-training,
additional alignment objectives may impose redundant or conflicting constraints on the
representation space. This interaction can lead to over-regularization, which helps ex-
plain the performance degradation observed in certain combinations of pre-training and
adaptation strategies.

4.4. Training with Large Language Models

In addition to the encoder-based multilingual TQA model, we further apply a decoder-
only LLM to investigate its ability to perform table question answering. For training
the LLM, we adopt the standard CausalLM-based Supervised Fine-tuning (SFT) objective.
Given an input prompt consisting of a task instruction, the translated flattened table context,
and the translated question, the model is trained to autoregressively generate the gold
answer. The loss is computed only on the answer tokens by masking out the prompt
portion. The prompt format used for SFT is as follows:

You are an AI assistant that must answer strictly based on the provided
documents (Context).

Rules:
1. Your answer must be grounded ONLY in the given Context.
2. Do NOT infer or create information that is not explicitly stated in the
documents.
3. Provide clear, concise, and accurate answers.

<Context>
{table_text}
</Context>
<Question>
{question}
</Question>
<Answer> {answer} </Answer>

5. Experiments
5.1. Experimental Setup

In this section, we describe the experimental setup used for multilingual table
question answering. XLM-RoBERTa was adopted as the backbone encoder, leveraging
its multilingual pre-training through cross-lingual representation learning [38] (https:
//huggingface.co/FacebookAI/xlm-roberta-base (accessed on 1 December 2025)). To
construct the masked language modeling (maskLM) corpus, we collected tables and in-
foboxes from the Wikipedia editions of all target languages. Because English Wikipedia
contains a disproportionately large volume of tabular content, only a subset of English
tables was included to prevent the corpus from becoming imbalanced. The number of
extracted tables and infoboxes for each language is presented in Table 1. While a larger
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amount of English data could have been gathered, we limited its size to maintain a com-
parable scale across languages. Although English still accounts for a larger portion of the
corpus, the pre-training objective primarily aims to adapt the model to table structure
rather than to learn language-specific patterns.

Table 1. Amount of pretraining data per language [32].

Language Arabic English Indonesian Japanese Korean Thai Vietnamese

Table 81,789 1,407,649 98,523 590,523 124,000 62,718 110,093

Infobox 319,954 2,341,176 189,858 1,113,837 205,865 75,429 197,199

For the cell selection pre-training objective, we used the SQL-based corpus released
by [22]. Unlike large-scale table crawls, this dataset consists of carefully curated tables,
and SQL queries were generated by sampling headers and values according to predefined
templates. This construction allowed the model to learn structural reasoning signals
through SQL execution supervision.

We run all experiments on two RTX-3090 GPUs (EMTEK Inc., Seoul, Republic of
Korea). To fit this budget, we pre-train maskLM and cell selection on subsets of their
corpora. We train maskLM for 300k steps (batch size 4) and cell selection for 720k steps
(batch size 24).

For fine-tuning, we used the table-based subset of the KorQuAD 2.0 dataset [33],
a Korean machine reading comprehension benchmark modeled after SQuAD [39]. Ko-
rQuAD 2.0 contains answer annotations across both unstructured passages and structured
elements such as lists and tables. In this study, we extracted only the examples whose
answers appear within tables to specialize the task for table question answering.

To provide a more detailed analysis of model behavior, we categorized evaluation
questions into two types. Cell-matching questions require identifying a specific table cell
that directly satisfies a given condition. Reasoning questions, in contrast, demand addi-
tional inference, such as identifying extremal values, comparing quantities, or interpreting
row and column order. This categorization allowed us to better analyze how different
model components contribute to distinct reasoning requirements.

During dataset construction, we applied strict filtering procedures to avoid training on
erroneous translations. If a translation error or table misinterpretation was detected in any
of the six target languages during the training data validation stage, the entire instance was
removed. For the evaluation data, both automatic and manual verification were performed.
To minimize unnecessary data loss, only the language-specific entry containing the error
was discarded, and the remaining languages were retained. Consequently, the number of
evaluation instances varies across languages. Table 2 summarizes the final training and
evaluation sizes for each language.

Table 2. Amount of training and evaluation data per language [32].

Arabic English Indonesian Japanese Korean Thai Vietnamese

Train & Validation 11,353

Evaluation
Total 410 548 406 416 617 427 422
Cell Matching 324 432 319 324 483 335 334
Reasoning 86 116 87 92 134 92 88

Table 3 summarizes the number of translated training instances generated by the
open LLMs for each target language. As shown in table, the final number of translated
instances differs across languages. This variation arises from the filtering stage. In some
cases, the open LLM did not fully follow the translation instruction and produced table
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texts with structural inconsistencies such as incorrect row or column alignment. These mal-
formed outputs were removed during filtering, resulting in language-specific differences in
dataset size.

Table 3. Statistics of table data translated by each model.

Models Arabic English Indonesian Japanese Korean Thai Vietnamese
Gemini 7487 9274 7548 7487 11,353 7773 8007
Gemma-3-12b-it 8361 9113 8580 8559 11,353 8345 8209
Gemma-3-27b-it 6260 6358 5465 6131 11,353 6197 5950

5.2. Experimental Results with Encoder-Based Models

Before presenting a detailed analysis of the experimental results, we clarify the notation
used in the tables. CTL denotes models trained with contrastive learning, while Adv
indicates models trained with adversarial training. MLM refers to models that additional
pre-trained using masked language modeling, and CS denotes models pre-trained with the
cell selection task. Adapter indicates models trained using the k-adapter framework, where
the backbone parameters of the pre-trained language model are frozen and only adapter
modules are updated.

Table 4 compares cross-lingual adaptation strategies for multilingual TQA. Overall,
combining CTL and Adv yields the best performance across most languages. By question
type, Adv helps more on cell matching, while CTL provides larger gains on reasoning.

Table 4. Performance of multilingual table question answering by data type and language
(F1/EM) [32]. Bold values indicate the best performance among the evaluated models.

Model Languages
Arabic English Indonesian Japanese Korean Thai Vietnamese

Total
Vanilla 53.75/44.00 60.15/53.47 58.50/51.60 61.14/56.38 71.58/63.79 48.37/41.07 57.02/49.16
+ CTL 60.88/57.45 63.14/60.43 65.64/62.71 61.29/59.75 72.96/68.01 57.14/53.99 61.66/57.00
+ Adv 60.56/57.94 66.15/63.00 63.64/60.98 61.71/60.00 71.00/66.39 54.57/51.87 62.38/59.14
+ CTL + Adv 61.20/58.19 66.36/63.00 65.76/62.96 65.65/63.85 73.53/68.50 55.81/53.28 63.40/60.33
Cell Matching
Vanilla 55.21/43.65 61.38/53.48 60.13/52.20 64.02/58.82 74.17/65.14 48.92/40.71 57.57/48.64
+ CTL 61.90/58.20 66.13/63.72 68.17/65.09 63.07/61.30 76.52/70.74 56.85/53.59 62.90/57.95
+ Adv 62.65/60.06 69.46/66.51 67.29/64.79 64.96/62.84 74.37/69.29 54.91/52.39 64.36/61.56
+ CTL + Adv 63.12/60.06 68.12/64.65 68.74/66.35 67.33/65.32 76.15/70.33 55.98/53.89 64.45/60.96
Reasoning
Vanilla 48.28/45.34 55.60/53.44 52.53/49.42 51/02/47.82 62.26/58.95 46.40/42.39 54.94/51.13
+ CTL 57.01/54.65 52.05/48.27 56.40/54.02 55.02/54.34 60.16/58.20 58.18/55.43 56.95/53.40
+ Adv 52.70/50.00 53.85/50.00 50.52/47.12 51.23/50.00 58.90/55.97 53.37/50.00 54.92/50.00
+ CTL + Adv 53.96/51.16 59.81/56.89 54.87/50.57 59.78/58.69 64.13/61.94 55.20/51.08 59.46/57.95

In the cell-matching category, the Adv model outperformed the CTL model, whereas
in the reasoning category, the CTL model yielded larger performance gains than Adv. These
results indicate different roles for the two methods. Adversarial training mainly improves
cross-lingual generalization, while contrastive learning contributes more to reasoning-
oriented representations.

Table 5 presents the multilingual TQA performance for each language under different
pre-training strategies. In this table, MLM refers to the model pre-trained with masked
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language modeling objectives using Wikipedia tables, and CS denotes the model pre-trained
with the cell selection task based on synthetic SQL data. Adapter represents the model
in which an adapter layer was added and the backbone parameters were frozen during
pre-training. The numbers in brackets show how much the model improved compared to
the vanilla model.

Table 5. Performance of models based on pre-training methods (F1/EM) [32]. Bold values indicate
the best performance among the evaluated models.

Model
Languages
Arabic English Indonesian Japanese Korean Thai Vietnamese

Vanilla 53.75/44.00 60.15/53.47 58.50/51.60 61.14/56.38 71.58/63.79 48.37/41.07 57.02/49.16

MLM
59.39/56.47 63.40/61.53 64.87/61.97 65.31/64.09 72.21/68.34 56.04/53.52 59.81/56.53
(+5.64/+12.47) (+3.25/+8.06) (+6.37/+10.37) (+4.17/+7.71) (+0.63/+4.55) (+7.67/+12.45) (+2.79/+7.37)

CS
64.01/60.39 74.37/72.16 73.01/70.37 70.77/69.15 78.34/74.67 60.63/57.27 65.56/62.70
(+10.26/+16.39) (+14.22/+18.69) (+14.51/+18.77) (+9.63/+12.77) (+6.76/+10.88) (+12.26/+16.20) (+8.54/+13.54)

MLM + CS
68.41/64.54 75.72/72.52 73.84/71.35 71.26/70.12 81.22/77.59 60.06/57.04 71.18/67.93
(+14.66/+20.54) (+15.57/+19.05) (+15.34/+19.75) (+10.12/+13.74) (+9.64/+13.80) (+11.69/+15.97) (+14.16/+18.77)

Adapter 62.84/59.65 69.59/65.93 68.92/65.67 62.60/60.72 74.96/69.96 57.86/54.46 64.81/61.28
+ CS (+9.09/+15.65) (+9.44/+12.46) (+10.42/+14.07) (+1.46/+4.34) (+3.38/+6.17) (+9.49/+13.39) (+7.79/+12.12)
Adapter 67.28/64.54 70.18/67.03 69.45/67.16 66.65/64.81 78.77/75.00 58.51/55.63 63.97/60.80
+ MLM + CS (+13.53/+20.54) (+10.03/+13.56) (+10.95/+15.56) (+5.51/+8.43) (+7.19/+11.21) (+10.14/+14.56) (+6.95/+11.64)

Even though the model was pre-trained only on SQL queries and English table data,
the model trained with the cell selection objective achieved the highest performance in every
language. When we first applied maskLM pre-training and then performed additional pre-
training with the cell selection task, the performance improved substantially. In contrast,
the model pre-trained with the adapter layer showed a decline in performance. These
results indicate that using English SQL data for pre-training did not negatively affect
multilingual performance. However, freezing the backbone model’s weights reduced the
overall effectiveness of the pre-training.

The variation in performance gains across languages can be attributed to multiple
factors, and we observe that Korean, Japanese, and Thai exhibit relatively smaller improve-
ments compared to other languages. This difference does not indicate a failure of the
proposed approach but rather reflects variation in improvement magnitude under diverse
linguistic and data conditions. For example, Korean and Japanese differ typologically
from other target languages in terms of word order and morphological structure, which
can influence how effectively shared multilingual representations are exploited. Similarly,
differences in available training data and resource conditions across languages may affect
the extent to which additional pre-training and adaptation objectives can be leveraged.

Importantly, although the magnitude of improvement varies across languages, all
target languages consistently show substantial gains over the vanilla model. These results
demonstrate that the proposed approach is broadly applicable across diverse linguistic
settings, even though the extent of improvement naturally differs depending on linguistic
characteristics and data conditions.

Table 6 summarizes the results obtained when various adaptation strategies were
applied to each pre-trained model. Overall, models with additional table-based pre-training
exhibit smaller performance gains relative to the vanilla model. However, this effect is
not uniform across all pre-training configurations. In particular, performance degradation
due to adaptation is observed primarily when masked language modeling and the cell
selection objective are jointly applied during pre-training. In contrast, models pre-trained
with a single objective do not consistently show comparable degradation when adaptation
methods are introduced.
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Table 6. Performance variation by adaptation method for each pre-training model (F1/EM) [32]. Bold
values indicate the best performance among the evaluated models.

Model

Korean (Original Table Language) Others
Training Method
Vanilla + CTL + Adv + Adv + CTL Vanilla + CTL + Adv + Adv + CTL

Vanilla 71.58/63.79 72.96/68.01 71.00/66.39 73.53/68.50 56.49/49.28 63.17/59.97 63.88/61.35 64.62/61.87
MLM 72.22/68.34 74.17/69.64 74.19/69.96 75.70/71.75 61.46/59.02 63.24/60.69 62.99/60.01 63.18/60.94
CS 78.34/74.67 77.89/74.02 79.08/75.32 77.04/73.21 68.06/65.34 69.36/66.60 67.46/64.94 67.02/64.09
MLM + CS 81.22/77.59 79.67/75.64 80.95/77.11 80.92/76.94 70.07/67.25 68.47/65.88 69.56/67.10 69.06/66.51
Adapter + MLM + CS 78.77/75.00 79.04/75.32 77.83/73.53 77.79/74.51 66.00/63.33 66.71/64.22 65.12/62.76 66.64/64.16

These findings suggest that cross-lingual adaptation, which explicitly modifies the
representation space, can interfere with representations that have already been strongly
shaped by multiple task-oriented pre-training objectives. This interaction appears to be
less pronounced when the pre-training objective remains more general, such as masked
language modeling alone, indicating that the negative effect arises from representation-level
interactions rather than from the adaptation strategies themselves.

Notably, this negative interaction is substantially reduced in the adapter-based setting.
Since adapter-based training freezes the backbone parameters of the pre-trained language
model and updates only lightweight adapter modules, the representations learned dur-
ing pre-training are largely preserved. This observation suggests that the performance
degradation observed when both pre-training objectives are jointly applied arises from rep-
resentation modifications introduced during cross-lingual adaptation, which can interfere
with knowledge acquired in earlier pre-training stages.

5.3. Experimental Results with Large Language Models

In this subsection, we present the experimental results obtained from fine-tuning and
evaluating LLMs on multilingual table question answering. Our analysis focuses on how
different parameter sizes, training data configurations, and domain conditions influence
model performance across languages and table types.

Table 7 presents a comparison of model performance depending on the translation
models used to construct the training data. Overall, the performance gap between models
trained on data translated by open LLMs and those translated by commercial LLMs was
relatively small. This trend suggests that the quality of recent open-source LLMs has
improved substantially, and that the impact of occasional translation errors in the training
data remains limited as long as the amount of erroneous data is not large.

Table 7. Performance comparison of LLaMA-3.2-3B-Instruct on multilingual KorQuAD 2.0 using
different translation models (F1/EM). Bold values indicate the best performance among the evaluated
models.

Translation Models Arabic English Indonesian Japanese Korean Thai Vietnamese
Gemini 75.31/63.90 81.00/74.45 79.11/72.05 75.48/68.31 87.47/79.26 74.20/64.56 78.33/71.17
Gemma-3-12b-it 76.82/63.52 82.44/74.84 81.98/73.30 76.80/69.36 90.04/81.47 75.16/65.22 78.39/69.17
Gemma-3-27b-it 77.83/64.48 82.09/74.14 80.33/71.95 76.21/67.74 88.39/77.81 75.72/65.31 76.21/67.74

Models trained on data translated by Gemma-3 tended to achieve slightly higher F1
scores, while those trained on Gemini-translated data showed slightly higher EM scores.
Interestingly, the model trained on data translated by Gemma-3-12B performed better than
the one translated by Gemma-3-27B. This result seems to come not from translation quality
itself but from the fact that Gemma-3-12B produced outputs that matched the required
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format more reliably. Since fewer examples were filtered out, the model was able to learn
from a larger amount of training data.

Table 8 reports the performance of LLaMA-3 models with different parameter sizes
under three training data settings. Korean-Only refers to models trained solely on the
original Korean KorQuAD 2.0 data. Multi-lang Query uses the same Korean table data
but replaces the queries translated into target languages. Multi-lang Dataset uses Gemini-
translated tables and queries, where all content is translated into each target language.

Table 8. Performance comparison of LLaMA-3 models with different parameter sizes under varying
training data configurations derived from KorQuAD 2.0 (F1/EM).

Train Dataset Size Arabic English Indonesian Japanese Korean Thai Vietnamese
Korean-Only 1B 64.32/43.50 71.93/61.87 69.01/57.93 65.07/52.80 80.61/70.00 63.27/50.98 67.43/56.80
Multi-lang Query 1B 59.55/34.84 78.43/68.16 75.53/61.70 65.15/44.43 84.90/76.11 65.67/48.16 72.17/59.46
Multi-lang Dataset 1B 66.66/48.70 74.48/64.44 71.86/60.05 68.46/58.42 80.55/69.69 66.78/54.94 71.80/60.98

Korean-Only 3B 70.41/57.65 78.33/71.81 73.53/66.34 71.11/62.22 87.20/79.89 68.11/59.00 73.14/65.65
Multi-lang Query 3B 72.59/51.87 83.87/76.94 82.54/74.56 70.29/49.95 91.63/85.19 74.36/59.00 79.57/69.93
Multi-lang Dataset 3B 75.31/63.90 81.00/74.45 79.11/72.05 75.48/68.31 87.47/79.26 74.20/64.56 78.33/71.17

Korean-Only 8B 77.20/65.92 79.51/71.89 78.76/70.69 71.93/63.17 87.34/80.02 72.77/65.92 75.81/67.45
Multi-lang Query 8B 51.28/36.09 83.81/76.24 80.08/71.56 55.99/37.86 91.43/85.63 48.52/37.70 76.23/64.03
Multi-lang Dataset 8B 77.78/67.46 82.69/76.16 79.87/72.14 74.99/67.17 88.87/81.53 76.83/64.75 78.49/70.40

For the 8B model trained with the Multi lang Query setup, we observed a notable drop
in performance for Arabic, Japanese, and Thai. Under the supervised fine tuning setting
adopted in this study, all LLaMA 3 models were trained and evaluated using identical
prompts and system instructions. Despite this controlled setup, the performance degra-
dation was observed only for the 8B model in these specific languages. This suggests that
the reduced scores are unlikely to stem from insufficient instruction clarity or deficiencies
in reasoning ability. Instead, the degradation primarily arises from model-specific and
language-specific generation behaviors that lead to deviations from the required answer
format, which in turn negatively affect strict evaluation metrics such as EM and F1.

Aside from these outliers, all three model sizes (1B, 3B, and 8B) generally showed
higher performance when trained with translated data than when trained only on Korean
data. This indicates that adding target-language supervision, whether through translated
queries or fully translated datasets, helps improve cross-lingual table QA performance.

However, unlike the encoder-based results in Table 9, where models trained on fully
translated datasets showed a clear advantage over those trained with translated queries
only, the LLaMA-3 models exhibited much smaller differences across the two settings. This
suggests that decoder-based LLMs already possess strong cross-lingual generalization,
and therefore do not rely as heavily on fully translated table data to achieve competitive
performance on multilingual TQA tasks.

Table 10 presents the performance of LLaMA-3 models of different parameter sizes
on each domain of the DomainTQA dataset. The tables in the Public Administrative
Document domain are extracted from government documents and therefore resemble
many of the Wikipedia tables used in KorQuAD. They contain fewer domain-specific terms
and tend to follow more familiar tabular structures. As a result, models trained on the
multilingual KorQuAD 2.0 dataset generally outperformed those trained solely on the
Korean DomainTQA tables for this domain.
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Table 9. Performance of multilingual TQA model with addition of translated table context data
(F1/EM) [32]. Bold values indicate the best performance among the evaluated models.

Korean (Original Table Language) Others

Model
Number of Translated Train Table Dataset
0 500 1000 5000 0 500 1000 5000

MLM 72.22/68.34 76.72/73.05 77.21/73.37 79.61/75.97 61.46/59.02 65.36/62.10 66.32/64.03 69.42/67.00
MLM + CTL 74.17/69.64 77.97/73.70 76.50/72.40 79.36/75.48 63.24/60.69 66.04/63.35 65.37/62.73 69.43/66.87
MLM + Adv 74.19/69.96 75.35/72.07 75.76/62.24 78.76/75.32 62.99/60.01 62.54/60.07 65.54/53.32 68.48/65.84
MLM + CTL + Adv 77.04/73.21 75.45/71.59 76.45/73.21 78.65/74.67 63.18/69.94 63.84/61.64 66.20/63.75 69.99/67.55
MLM + CS 81.22/77.59 80.27/76.78 81.18/78.40 80.74/77.27 70.07/67.25 70.63/68.01 72.14/69.47 73.09/70.31
Adapter + MLM + CS 78.77/75.00 79.35/75.97 76.49/73.21 80.68/76.78 66.00/63.33 67.10/64.35 68.45/65.77 69.60/66.82

Table 10. Performance comparison of LLaMA-3 models across different parameter sizes and domains
in the DomainTQA dataset (F1/EM).

Domain Train Dataset Size Arabic English Indonesian Japanese Korean Thai Vietnamese

Public Administrative
Document Tables

KorQuAD 2.0 1B 63.85/38.52 72.52/57.01 65.93/44.57 60.03/44.98 70.49/56.71 59.81/39.28 61.82/41.88
DomainTQA 1B 58.71/38.63 71.34/54.94 64.09/43.31 63.76/47.57 75.68/65.69 58.71/38.63 60.31/40.83
KorQuAD 2.0 3B 72.24/54.42 81.24/72.00 75.08/61.85 73.95/63.02 81.39/70.75 72.39/56.49 72.95/58.35
DomainTQA 3B 71.42/49.31 78.71/67.14 73.05/57.70 73.01/57.68 83.71/75.59 68.44/51.54 69.05/53.02
KorQuAD 2.0 8B 78.69/60.90 85.04/75.11 79.17/65.20 76.81/65.29 85.22/77.20 74.63/56.81 75.89/61.90
DomainTQA 8B 76.16/59.12 81.41/71.53 75.61/61.05 76.45/65.69 83.52/75.36 72.93/58.60 74.05/60.45

Legal Document Tables

KorQuAD 2.0 1B 28.66/13.95 44.20/24.75 43.29/19.39 38.00/20.46 46.69/23.49 38.79/17.87 45.31/21.94
DomainTQA 1B 62.93/22.09 63.45/35.92 63.28/26.58 63.30/27.55 71.33/41.73 61.30/27.99 61.61/28.81
KorQuAD 2.0 3B 50.21/28.23 60.31/40.61 56.02/33.77 55.66/31.35 57.89/30.44 52.01/28.33 58.47/34.67
DomainTQA 3B 74.08/38.53 76.72/55.66 74.86/39.63 73.10/41.91 77.97/46.21 71.09/35.91 74.37/46.06
KorQuAD 2.0 8B 73.63/42.02 82.69/63.43 71.46/44.81 67.92/40.75 77.25/46.83 72.18/37.77 74.24/48.57
DomainTQA 8B 75.80/44.51 83.47/62.94 77.65/46.15 76.23/50.49 78.96/51.31 72.87/39.62 75.44/49.24

Product Specification Tables

KorQuAD 2.0 1B 45.88/22.65 50.95/28.75 42.14/20.92 53.66/30.62 56.85/36.97 40.02/18.02 49.99/27.65
DomainTQA 1B 53.52/29.78 56.64/31.62 52.51/27.81 55.67/31.62 63.89/40.66 48.08/24.15 51.53/26.40
KorQuAD 2.0 3B 48.38/30.03 50.70/31.00 42.36/23.68 63.19/34.50 60.71/46.06 44.23/24.40 45.01/24.40
DomainTQA 3B 63.14/42.92 65.11/47.25 61.81/45.36 71.99/56.75 77.52/61.67 60.38/42.42 61.71/42.80
KorQuAD 2.0 8B 64.30/45.43 77.33/63.50 63.33/45.98 76.73/63.12 76.83/64.37 63.57/47.68 65.46/49.93
DomainTQA 8B 66.73/47.93 72.32/55.50 66.46/50.00 75.12/58.50 78.18/61.67 67.37/49.06 67.11/49.56

In contrast, the Legal Document and Product Specification domains contain a large
number of specialized terms and table formats that differ noticeably from those found in
KorQuAD. In these domains, models trained only on the original Korean DomainTQA data
achieved higher performance for all languages, including Korean itself, even though the
amount of DomainTQA training data was much smaller than the translated KorQuAD 2.0
data. This suggests that even when trained in a single language, the ability to understand
and reason over domain-specific structures and terminology can transfer effectively across
languages. The difference between the two training settings was most pronounced for the
smaller 1B and 3B models, whereas the 8B model showed almost no performance gap.

Tables 11 and 12 present the performance of the Polyglot-1.3B model on KorQuAD
and DomainTQA. In Table 11, the model trained only with Korean data shows reasonably
strong performance for Korean and English, but its performance drops sharply for all other
languages. When multilingual queries or multilingual datasets are added during training,
the model does improve, yet the performance gap between Korean and the other target
languages remains much larger than what we observed in the LLaMA experiments.
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Table 11. Performance comparison of Polyglot-1.3B across different training data configurations
(F1/EM).

Train Dataset Arabic English Indonesian Japanese Korean Thai Vietnamese
Korean-Only 16.64/ 2.33 42.35/15.68 27.53/4.57 23.06/ 7.60 52.02/32.56 15.45/ 4.38 25.51/ 5.04

Multi-lang Query 22.32/ 7.26 48.94/23.97 36.41/13.00 30.92/12.64 54.08/36.20 23.54/ 9.72 37.57/15.14

Multi-lang Dataset 30.43/12.19 52.61/29.44 42.09/21.11 39.45/21.17 55.98/38.18 27.79/13.69 47.30/25.86

Table 12. Performance of Polyglot-1.3B across different domain-specific dataset (F1/EM).

Domain Train Dataset Arabic English Indonesian Japanese Korean Thai Vietnamese

Public Administrative Document Tables
KorQuAD 2.0 31.87/ 6.12 53.16/20.40 38.19/10.15 32.58/11.48 48.64/27.94 28.04/ 3.47 40.04/10.87
DomainTQA 10.32/ 1.02 42.51/ 8.13 24.07/ 2.29 42.51/ 8.13 37.56/16.94 6.38/ 2.08 27.42/ 2.63

Legal Document Tables
KorQuAD 2.0 19.57/ 7.45 27.48/ 7.05 25.28/ 6.62 17.58/ 6.62 31.46/13.33 17.77/ 7.51 27.72/ 7.12
DomainTQA 2.70/ 0.03 42.43/ 5.24 14.58/ 0.08 20.29/ 4.85 48.26/15.19 2.86/ 1.15 22.83/ 3.13

Product Specification Tables
KorQuAD 2.0 33.39/ 0.00 51.70/11.11 34.65/ 0.00 45.38/20.00 47.10/20.89 52.63/ 0.00 46.08/20.00
DomainTQA 0.00/ 0.00 36.94/ 6.94 22.00/ 4.00 31.98/ 0.00 49.59/23.88 0.00/ 0.00 20.12/ 0.00

A similar trend appears in Table 12. For the Legal Document and Product Specification
domains, Polyglot-1.3B performs well only in Korean, while its accuracy for the other
languages remains extremely low. This finding is notably different from the LLaMA results,
where models trained only on the Korean DomainTQA data performed better than those
trained on multilingual KorQuAD for these domains. For Polyglot, the model trained on
Korean DomainTQA data does not outperform the multilingual KorQuAD trained model
for any of the non-Korean languages.

These observations highlight an important point. When an LLM has limited cross-
lingual generalization ability, as in the case of Polyglot-1.3B, performance improvements
through dataset design alone become difficult. Meaningful gains require either training
directly in the target languages or applying an explicit cross-lingual adaptation strategy.
Without such support, the model struggles to transfer domain knowledge or reasoning
skills beyond the languages it was primarily trained on.

6. Ablation Study
We carried out additional experiments to examine the impact of table-based pre-

training and cross-lingual adaptation techniques on performance in settings where trans-
lated table context is not available. Furthermore, we conducted supplementary analyses
to determine which input representations are most effective when applying cross-lingual
adaptation methods.

Table 9 reports the performance across different numbers of training instances as
translated table data in each language is incrementally incorporated into the training set.
When 5000 translated table instances were added, the performance difference between
models employing adaptation methods and the vanilla baseline became negligible. This
suggests that adaptation techniques are particularly beneficial in low-resource scenarios,
where only a small amount of translated table data—or solely original-language table
data—is available. Additionally, the performance gap between models trained with and
without translated data was further reduced when additional table-based pre-training
was applied.

Table 13 presents the performance variations observed when different input repre-
sentations are used for the adaptation methods. Models trained with adversarial learning
exhibited inconsistent performance depending on the specific model configuration. In con-
trast, models employing contrastive learning consistently achieved the best results when
using a representation vector obtained by mean-pooling over all table token representations.
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Table 13. Performance with hidden representation input in cross-lingual adaptation methods
(F1/EM) [32]. Bold values indicate the best performance among the evaluated models.

MLM MLM + CS
CTL ADV CTL ADV

Korean

None 72.22/68.34 81.22/77.59
[CLS] 75.70/71.91 74.19/69.96 79.17/75.64 80.95/77.11
Answer Cell 75.95/72.24 75.61/71.91 79.67/75.64 81.40/78.08
Header Cell 75.95/72.24 73.21/69.31 79.30/75.97 81/30/77.92
Header + Answer Cell 76.05/72.88 74.43/71.10 77.61/74.51 82.03/78.40
All Table Cell 76.64/72.72 75.88/72.24 81.98/78.40 81.89/78.24

Others

None 61.46/59.02 70.07/67.25
[CLS] 61.24/59.06 62.99/60.01 65.03/63.09 69.56/67.10
Answer Cell 63.24/60.69 62.57/60.51 68.47/65.88 68.90/66.06
Header Cell 60.93/58.55 62.17/59.76 65.04/62.68 70.70/67.94
Header + Answer Cell 59.59/57.41 60.85/58.57 64.44/62.01 69.41/66.70
All Table Cell 64.01/61.29 62.70/60.42 69.61/67.10 68.71/66.16

7. Limitations
In this study, we conducted multilingual table question answering experiments pri-

marily on the KorQuAD 2.0 dataset. This choice was motivated by practical considerations,
as the native language of the researchers responsible for verifying translated data was
Korean, enabling reliable quality control during dataset construction and evaluation. While
this setup allowed us to carefully analyze cross-lingual generalization under controlled
conditions, it also limits the diversity of table structures and linguistic phenomena covered
in the experiments. Since many widely used table QA benchmarks are originally published
in English, extending our evaluation to English-centric datasets remains an important
direction for future work.

Another limitation arises from computational constraints during pre-training. All
table-specific pre-training experiments were conducted using RTX-3090 GPUs, which
imposed strict limitations on batch size, sequence length, and the total number of training
steps. To ensure stable and reproducible training under this hardware configuration, we
restricted the size of the pre-training corpora for both masked language modeling and cell
selection objectives. As a result, the pre-training data used in our experiments represents
only a subset of the available resources, and larger-scale pre-training may lead to different
performance trends, particularly for multilingual and domain-specific generalization.

Our experimental results further indicate that while adversarial training consistently
improves performance in cell-matching tasks and contrastive learning is particularly ef-
fective for reasoning-oriented questions, applying these adaptation techniques on top of
models that have already undergone cell selection pre-training can lead to performance
degradation. This suggests that certain adaptation objectives may interfere with strong
structural priors learned during table-specific pre-training, especially when training ca-
pacity is constrained. Investigating more flexible or configurable training strategies—such
as scaling pre-training data, decoupling adaptation stages, or leveraging more powerful
hardware—remains an important avenue for future research.

A further limitation concerns the applicability of the proposed cross-lingual adaptation
methods to different model architectures. The contrastive learning and adversarial training
strategies introduced in this work are designed for encoder-based models, where explicit
sentence- or cell-level representations can be directly aligned across languages. In contrast,
applying these techniques to decoder-only large language models is non-trivial, as such
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models do not expose intermediate representations in a manner that readily supports
representation-level alignment or adversarial objectives.

As a result, the LLM-based experiments in this study do not incorporate the proposed
cross-lingual adaptation mechanisms, and instead rely on the inherent multilingual gener-
alization capabilities of decoder-only models. While our results show that modern LLMs
exhibit strong robustness to cross-lingual table reasoning even without explicit adapta-
tion, this architectural gap limits a direct comparison between encoder-based adaptation
methods and decoder-based training paradigms. Developing cross-lingual adaptation tech-
niques that are compatible with decoder-only architectures remains an important direction
for future research, particularly for enabling more principled multilingual alignment in
large language models.

We note that the variation in improvement magnitude across languages is not fully
explained within the scope of this study. While linguistic characteristics such as morpho-
logical structure or script differences may contribute to cross-lingual performance variation,
we do not provide a dedicated analysis to isolate or quantify their effects. As a result, our
discussion focuses on empirical observations rather than attributing performance differ-
ences to specific linguistic causes. A more detailed analysis of how linguistic properties
interact with cross-lingual adaptation in table question answering, such as the role of
tokenization, morphology, or script characteristics, is left for future work.

8. Conclusions
In this work, we investigated the construction of multilingual table question answering

systems in settings where only limited resources are available. Since translating large table
datasets is both costly and labor-intensive, we proposed an efficient strategy that translates
only the question text while keeping the original table content intact. This approach
leverages the language-agnostic nature of tabular structures, in which the meaning of a cell
is largely independent of language-specific syntax or word order, and allows for scalable
multilingual dataset creation without compromising table structure.

To reduce the performance gap that arises when models are trained on untranslated
tables paired with translated queries, we introduced cross-lingual adaptation techniques
based on contrastive learning and adversarial training. These two methods contributed in
complementary ways. Adversarial learning promoted the acquisition of language-invariant
representations and improved performance in cell matching questions. Contrastive learning
encouraged alignment of semantically equivalent queries written in different languages
and yielded notable gains in reasoning oriented questions.

We additionally explored how table-based pre-training affects multilingual general-
ization. Pre-training on multilingual Wikipedia tables using a masked language modeling
objective and on SQL-derived data using a cell selection objective substantially improved
performance across all target languages. Among the two strategies, cell selection-based
pre-training produced the largest improvements, demonstrating that structural supervision
from SQL executions contributes strongly to multilingual table reasoning even when the
pre-training data are written in English. However, once the model was pre-trained with
strong table-specific objectives, the benefits of applying cross-lingual adaptation dimin-
ished, indicating that adaptation objectives and table-based pre-training may interact in
non-trivial ways.

Beyond encoder-based models, we evaluated decoder-only large language models un-
der the same multilingual TQA conditions. LLaMA-3 models exhibited strong cross-lingual
generalization, achieving competitive or superior performance even when trained solely
on Korean table data. The performance differences among training configurations, such as
using translated queries or fully translated datasets, were considerably smaller than those
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observed with encoder models. This suggests that modern large language models possess
robust multilingual reasoning capabilities that extend naturally to structured tabular data.
Experiments on domain-specific datasets further revealed that domain knowledge learned
from Korean table data transfers effectively to other target languages, even without explicit
multilingual supervision.

Overall, our findings demonstrate that multilingual table question answering can be
effectively achieved without fully translating table datasets. Selective question translation,
cross-lingual adaptation, and table-based pre-training provide a practical solution for
encoder-based architectures in low-resource environments. At the same time, decoder-only
large language models present a powerful alternative due to their inherent multilingual
robustness and their ability to generalize across domains and languages. Future work
will extend our experiments to a broader range of multilingual benchmarks and explore
adaptation techniques suitable for decoder-only architectures, with the goal of further
improving multilingual table reasoning in low-resource or partially translated settings.
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