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Abstract

We introduce INDOTABVQA, a benchmark for
evaluating cross-lingual Table Visual Question
Answering (VQA) on real-world document im-
ages in Bahasa Indonesia. The dataset com-
prises 1,593 document images across three vi-
sual styles (bordered, borderless, and colorful)
with one or more than one tables, and 1,593
question-answer sets in four languages: Ba-
hasa Indonesia, English, Hindi, and Arabic.
This enables evaluation of Vision-Language
Models (VLMs) in both monolingual (Ba-
hasa documents with Bahasa questions) and
cross-lingual settings (Bahasa documents with
questions in other languages). We bench-
mark leading open-source VLMs (Qwen2.5-
VL, Gemma-3, LLaMA-3.2) and GPT-40 and
reveal substantial performance gaps, particu-
larly on structurally complex tables and in low-
resource languages. Fine-tuning a compact
3B model and a LoRA-finetuned 7B model on
our dataset yields 11.6% and 17.8% improve-
ments in accuracy. Providing explicit table
region coordinates as additional input further
improves performance by 4-7%, demonstrat-
ing the value of Spatial priors for table-based
reasoning. Our findings underscore the im-
portance of language-diverse, domain-specific
datasets and demonstrate that targeted fine-
tuning can significantly enhance VLM perfor-
mance on specialized document understand-
ing tasks. INDOTABVQA provides a valu-
able resource for advancing research in cross-
lingual, structure-aware document understand-
ing, especially in underrepresented regions of
the world. The dataset is publicly available via
Hugging Face at: https://huggingface.co/
datasets/NusaBharat/INDOTABVQA.

1 Introduction

Vision-Language Models (VLMs) have demon-
strated strong performance on text-centric visual
understanding tasks, as shown on benchmarks such
as TextVQA (Singh et al., 2019), ST-VQA (Xia
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Figure 1: INDOTABV QA presents document images in
Bahasa Indonesia, and semantically aligned QA pairs
in four languages, enabling cross-lingual evaluation of
VLMs.

et al., 2023), DocVQA (Mathew et al., 2021),
and OCRBench (Liu et al., 2024). Recent table-
focused datasets such as TableVQA-Bench (Kim
et al., 2024), TabComp (Gautam et al., 2025a), and
ComTQA (Zhao et al., 2024) further assess nu-
merical reasoning and structure-aware comprehen-
sion. However, these benchmarks share a critical
limitation: they are predominantly monolingual
and English-centric, providing limited insight into
VLM performance on low-resource languages or
cross-lingual generalization. Documents in lan-
guages like Bahasa Indonesia, Hindi, and Ara-
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bic represent billions of users globally, yet VLMs
trained primarily on English data may fail to pro-
cess these documents reliably. For table-based
VQA specifically, models must handle both lin-
guistic variation and structural complexity, a chal-
lenging combination that remains underexplored.

The Core Problem: Existing VQA benchmarks
do not adequately test whether VLMs can (1) un-
derstand tables in low-resource languages, or (2)
answer questions about these tables when queries
are posed in different languages. This gap limits
our understanding of true multilingual capability
and hinders the development of globally applicable
document Al systems.

This paper introduces INDOTABVQA, a bench-
mark designed to evaluate the cross-lingual and
structure-aware capabilities of VLMs in the con-
text of real-world document tables. Our bench-
mark comprises document images containing tables
in Bahasa Indonesia, a language spoken by over
200 million people but underrepresented in vision-
language research, paired with question-answer
(QA) annotations in Bahasa Indonesia, English,
Hindi, and Arabic, as shown in Fig. 1. Detailed
statistics of our benchmark are presented in sec-
tion 2.5 and table 1.

Our work provides three main contributions:

* A novel cross-lingual benchmark featuring
real-world documents in an underrepresented
language (Bahasa Indonesia) with parallel an-
notations in four languages, enabling system-
atic evaluation of cross-lingual visual reason-
ing.

* Comprehensive baseline evaluation of cur-
rent VLMs, revealing specific failure modes in
structure-aware reasoning and language trans-
fer that inform future model development.

* Analysis of Spatial priors and fine-tuning
showing that explicit table localization and
domain adaptation are effective strategies for
improving VLM performance on specialized
document tasks.

INDOTABVQA addresses a critical gap in multilin-
gual document Al and provides a testbed for devel-
oping more inclusive and robust vision-language
systems. The dataset and evaluation code will be
made publicly available upon acceptance.

2 INDOTABVQA Dataset

This section describes the construction of IN-
DOTABVQA in detail, covering the dataset scope
and design, data collection, the diversity of table
types, the annotation protocol, statistics, and bench-
mark configuration.

2.1 Dataset Scope and Design
INDOTABV QA enables evaluation in two settings:

* Monolingual setting: Both documents and
QA pairs are in Bahasa Indonesia, testing the
model’s ability to understand low-resource
language content.

* Cross-lingual setting: Documents remain in
Bahasa Indonesia while questions are posed
in English, Hindi, or Arabic. This probes
whether models can align visual content in one
language with semantically equivalent ques-
tions in another, assessing true cross-lingual
transfer rather than memorized language pat-
terns.

This design isolates two distinct challenges:
(1) visual-linguistic understanding of low-resource
document content, and (2) cross-lingual alignment
between visual and textual modalities.

2.2 Data Collection and Sources

We sourced table images from real-world Indone-
sian documents across government reports (sta-
tistical summaries, budget allocations), educa-
tional records (enrollment data, performance met-
rics), business documents (invoices, financial state-
ments), public health data (demographic statistics,
service records). A significant portion of our data
derives from the Institutional Repository of the
Ministry of Primary and Secondary Education of
Indonesia'. We retrieved documents from the offi-
cial portal and manually selected those containing
well-formed tables suitable for VQA.

2.3 Visual Diversity: Table Types

To reflect real-world document variation, we cate-
gorize tables into three types based on visual pre-
sentation:

* Bordered Tables (500 images): Traditional
tables with explicit cell borders, commonly
found in official forms and reports.
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Figure 2: Architecture comparison with left-to-right pipeline flow across three evaluation settings. Each row
represents a complete evaluation pipeline from input to output. Setting 1: Uses a pretrained VLM without fine-
tuning (zero-shot). Setting 2: Fine-tunes the model on table QA data but without spatial information. Setting 3:
Introduces spatial priors through table detection, enabling the model to use table locations during reasoning.

* Borderless Tables (602 images): Tables with-
out explicit cell lines, requiring inference of
structure from whitespace, alignment, and text
positioning.

* Colorful Tables (491 images): Tables us-
ing background colors, cell shading, or high-
lighted headers for emphasis or grouping.

This taxonomy is not mutually exclusive (some
tables have both borderless and colors as table
present in Fig. 1), but we assign each image to
its primary category for analysis purposes and give
the color category a higher priority.

2.4 Annotation Protocol

Each table instance is paired with one ques-
tion—answer (QA) item, authored in Bahasa Indone-
sia, following a controlled template designed to
cover lookup, aggregation, comparison, and struc-
tural reasoning. Annotators were instructed to
write unambiguous, table-grounded, and answer-
contained questions. We then translated each Ba-
hasa QA into English, Hindi, and Arabic using
automatic translation, followed by human valida-
tion by native speakers. Validators corrected lexical
errors, normalized number formats, ensured that

entity references remained faithful to the table, and
flagged ambiguous or culturally mismatched trans-
lations. Each QA underwent a two-stage quality
check: (1) internal consistency (answer must exist
exactly in the table region) and (2) cross-lingual
equivalence (the four versions must express the
same intent). Items failing either check were re-
vised or removed. Table 7 summarises the key
statistics. Extended guidelines and annotation ex-
amples appear in Appendix A. Figure 3 illustrates
language coverage by country, highlighting our fo-
cus on evaluating VLMs in linguistically diverse
and underrepresented regions, such as Southeast
Asia, the Middle East, South Asia, and other
English-dominated countries.

2.5 Dataset Statistics and Properties

Table 1 summarizes the key characteristics of the
dataset. The visual content in all images is ex-
clusively in Bahasa Indonesia, ensuring linguis-
tic consistency across table elements. However,
the question—answer (QA) annotations are multilin-
gual, available in Bahasa Indonesia, English, Hindi,
and Arabic, enabling cross-lingual evaluation and
analysis. Each table instance is accompanied by
detailed annotation metadata, including table-level
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Property INDOTABVQA

# Document Images 1,593

# Total Tables 1,910

Avg. Tables per Image 1.20

# QA Pairs 6,372 (Bahasa+English+Hindi+Arabic)
QA per Language 1,593 per language

Languages Bahasa Indonesia, English, Hindi, Arabic

Human-written + Translated

Bordered, Borderless, Colorful table
Government, Finance, Education, Health
JPEG (OCR-compatible resolution)
Table-level bounding boxes

Doc in Bahasa, QA in other languages

QA Annotation Style
Table Layouts

Domains

Image Format

Bounding Box Annotations
Cross-lingual Setting

Table 1: INDOTABVQA dataset properties covering
multilingual QA, layout styles, and domain diversity.

bounding boxes to precisely locate tables within
document images and table type tags covering three
distinct categories that capture structural or func-
tional variations among tables.

2.6 Benchmark Configuration

We split the dataset into Test/Training/Validation
set: 1043/500/50 samples.

We intentionally maintain a large test set to en-
able robust evaluation across diverse table styles
and domains. Also, a small training set proves that
fine-tuning with a small dataset size can improve
the model’s capability effectively.

3 Evaluation Methodology

3.1 Task Formulation

We formulate the task as image-grounded vi-
sual question answering: Given a document
image [ containing one or more tables and
a natural language question (), in language
L € {Bahasa Indonesia, English, Hindi, Arabic},
the model must generate or select the correct an-
swer A in the same language. Formally, the task
can be described as:

A= VLM(I, Q)

3.2 Input Format

Each input instance consists of a table image [
(in PNG or JPEG format) and a question () in
either Bahasa Indonesia, English, Hindi, or Ara-
bic. The answer A is a short free-form text or
numeric value. Question types span factual lookup
(retrieving specific cell values), numerical compar-
ison (identifying maximum, minimum, or ranking
items), aggregation (sum, count, or computing over
multiple cells), and table-structure-related queries
about table organization or headers.

3.3 Evaluation Settings

We evaluate models under three settings shown in
Fig. 2:

* Zero-Shot Evaluation: Models are tested di-
rectly on INDOTABVQA without any task-
specific training. This measures out-of-the-
box capability for cross-lingual table under-
standing.

¢ Fine-Tuned Evaluation: Model is trained on
the INDOTABV QA training set (500 images)
and evaluated on the test set (1,043 images).

* Fine-Tuned + Spatial Priors: In this, we
add an explicit table detection pre-processing
stage (orange block) using YOLOV9Y to locate
table regions. These coordinates are then in-
corporated into an augmented prompt before
VLM processing.

3.4 Table Localization as Additional Input

Motivation: A key challenge in document VQA is
that tables may occupy only a small region of the
full image, and documents may contain multiple ta-
bles with varying layouts and positions. Real-world
document processing systems typically address this
through multi-stage pipelines that first detect doc-
ument regions (tables, figures, text blocks) before
applying specialized models to each region. By
providing explicit table bounding box coordinates
to VLMs, we mirror this practical workflow and
potentially help models focus their attention on rel-
evant content rather than searching across the entire
image. This approach also allows us to isolate the
impact of spatial localization from other factors af-
fecting model performance, providing insights into
whether structural ambiguity, particularly in bor-
derless tables, is a primary bottleneck for accurate
table understanding.

3.5 Implementation of setting 3

Our approach consists of two stages:

* Stage 1: Table Detection: A separate, off-the-
shelf object detection model (YOLOV9 (Wang
et al., 2024a) pretrained on TableBank (Li
et al., 2020) and PubLayNet (Zhong et al.,
2019)) to identify table regions in document
images. The detector outputs: 1) Bounding
box coordinates: [(x1,y1, 2, y2), ...] for each
detected table. 2) Number of tables detected:
N
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e Stage 2: Augmented Input: VLM re-
ceives:1) Original input + Table bounding
boxes. 2) Number of tables.

Example prompt augmentation:

Augmented Input

Document Image 1.

Document contains 2 tables at regions:
[(120, 80, 650, 400), (120, 450, 650, 700)].
Question: [question text]

Answer:

3.6 Evaluation Metrics

To evaluate model performance across diverse set-
tings and languages, we employ both exact and
semantic answer matching strategies.

3.6.1 In-Match Accuracy (Relaxed Matching)

We use a relaxed matching criterion where a pre-
diction is correct if the normalized ground truth
answer appears as a substring within the predicted
answer.

Normalization involves converting text to lower-
case, removing punctuation, collapsing whitespace,
and handling number formatting variations. This
relaxed matching accounts for VLMs that often
generate answers with additional context (e.g., ‘if
the ground truth is ‘5 tables’, a prediction of ‘There
are 5 tables in the document’) would be consid-
ered correct. In-Match captures correct answers
embedded in longer responses.

Formula:

1, Norm(A,) C Norm(A,)
0, otherwise.

In-Match(A,, Ay) = { T (D

3.6.2 Semantic Textual Similarity (STS)

To better assess how well our model captures the
true meaning of an answer, we go beyond simple
word-for-word comparisons. We use Semantic
Textual Similarity (STS) to measure the degree
of meaning alignment between predicted answers
Ap and ground truth answers A,. STS is computed
as the cosine similarity between their dense vector
representations:

_ ¢(Ap )
[o(Ap)l - lo(Ag)ll

STS(Ap, Ag) 2)

where ¢(-) denotes a sentence-level se-
mantic encoder. To compute Seman-
tic Textual Similarity (STS), we use the
paraphrase-multilingual-MinilLM-L12-v2
model from the Sentence Transformers library
(Reimers and Gurevych, 2019), which produces
language-agnostic sentence embeddings across
50+ languages. The similarity score lies in [0, 1],
with higher values indicating greater semantic
alignment.

Breakdown by QA Type. Beyond overall met-
rics, to understand where models succeed and fail,
we report fine-grained accuracy across all four lan-
guages, table types mentioned in section 2.3, and
evaluation Settings mentioned in section 3.3

3.7 Baseline Models

We evaluate a diverse set of VLMs spanning dif-
ferent scales and architectures, including Open-
Source Models such as: Qwen2.5-VL [3B] (Wang
et al., 2024b): Compact VLM with strong multi-
lingual capability. Qwen2.5-VL [7B] (Bai et al.,
2025): Larger variant with enhanced reasoning.
Gemma-3 [12B] (Team et al., 2025): Google’s
model with broad language coverage. LLaMA-
3.2 [11B] (Grattafiori et al., 2024): Meta’s vision-
enabled language model, and a Closed-Source
Model such as GPT-40 (OpenAl, 2024), which
is a state-of-the-art proprietary VLM with strong
multilingual performance.

We also evaluate Donut (Document Understand-
ing Transformer (Kim et al., 2022)), an OCR-free
document understanding model that directly maps
document images to structured outputs using an
encoder-decoder architecture. As it lacks multilin-
gual pretraining and cross-lingual transfer capabili-
ties, we expect it to serve as a lower-bound baseline,
particularly in the Hindi and Arabic settings.

3.8 Fine-Tuning Configuration

Our fine-tuning strategy follows a full Instruc-
tion Fine-Tuning approach for Qwen2.5-VL [3B]
and parameter-efficient finetuning (LoRA) for
Qwen2.5-VL [7B]. The model was trained sepa-
rately on each language variant of the dataset to
isolate language-specific learning patterns. A de-
tailed training setup is present in Appendix A.2

4 Results and Analysis

We present evaluation results across three dimen-
sions: (1) overall performance by language, (2)

21973



In-Match accuracy(%) STS Accuracy(%)
Model [#params] 1D EN HI AR A 1D EN HI AR A
Open-source
Donut 10.5 548 474 439 620 1552 9.10 517 603 896
Qwen2.5VL [3B] 37.8 28.7 4.1 16.4 21.9 29.0 44.9 4.4 27.5 26.5
Gemma3 [12B] 409 274 19.5 174 26.1 414 31.0 273 265 316
Qwen2.5VL [7B] 548 362 173 23.0 329 36.5 58.1 16.1 343 363
Llama-3.2 [11B] 574 30.8 155 194 30.7 54.2 36.1 15.7 195 314
Closed-source
GPT-40 722 446 260 214 411 71.1 60.6 38.8 384 522
Finetuned + Spatial Priors (SP)
GPT-40+SP 72,6 527 272 255 446 73.4 622 39.1 40.0 53.6
INDOTABVQA [3B] 66.4  46.1 22.1 258 397 714 493 273 380 46.7
INDOTABVQA [7B] 719 516 262  28.1 44.5 77.6 645 314 464 549
INDOTABVQA [3B]+SP  73.1 548 272 311 46.6 75.2 612 36.0 40.1 53.1
INDOTABVQA [7B]+SP 783 584 294 328 485 82.1 66.1 367 48.6 58.3

Table 2:

Evaluation of various VLMs on In-Match and STS Accuracy across four languages here ID is

INDOTABVQA-ID, EN is INDOTABVQA-EN, HI is INDOTABVQA-HI, AR is INDOTABVQA-AR, and SP

is Spatial Prior, A is average accuracy.

breakdown by table visual style, and (3) fine-
grained analysis by question type. Our analysis
focuses on understanding where and why models
struggle, rather than simply ranking performance.
Results are reported using two complementary met-
rics: In-Match accuracy, which measures relaxed
answer inclusion, and STS accuracy, which cap-
tures semantic similarity using sentence-level em-
beddings. Our analysis spans both language-wise
performance (Table 2) and table-type-specific be-
havior across languages (Table 3).

4.1 Opverall Performance Across Languages

Table 2 presents In-Match and STS accuracy for
all models across four languages. Several patterns
emerge:

4.1.1 Performance Ranking by Model Scale
(Zero-Shot)

Zero-shot performance among open-source VLMs
generally increases with model scale. Qwen2.5-
VL-3B attains 21.9% average accuracy, while
Qwen2.5-VL-7B improves to 32.9%. Larger mod-
els such as LLaMA-3.2-11B and Gemma-3-12B
achieve intermediate performance (26-31%).

However, scale alone is insufficient: Qwen2.5-
VL-7B outperforms the larger Gemma-3-12B, un-
derscoring the importance of architecture and pre-
training. GPT-4o delivers the best zero-shot results
(41.1% In-Match, 52.2% STS), reflecting the bene-
fits of large-scale, diverse training.

4.2 The Cross-Lingual Performance Gap

Performance drops substantially in cross-lingual
settings compared to monolingual (Bahasa):

4.2.1 Zero-shot degradation from ID to other
languages:

GPT-40: 72.2% — 44.6% (EN), 26.0% (HI), 21.4%
(AR), Qwen2.5-VL [7B]: 54.8% — 36.2% (EN),
17.3% (HI), 23.0% (AR)

This 30-50 percentage point drop reveals a criti-
cal limitation: models struggle to align visual con-
tent in one language with questions in another. This
led to two research questions (RQ) mentioned be-
low:

RQ1: Why is Hindi particularly difficult?

Hindi shows the lowest accuracy across nearly
all models (4-27.2%). Possible explanations can
Script unfamiliarity: Devanagari script is less
common in VLM pretraining, and most mainstream
models use subword tokenization algorithms like
SentencePiece or BPE. When applied to Devana-
gari, these tokenizers often fail to identify mean-
ingful morphological units, instead splitting words
into a long sequence of less meaningful, sometimes
single-character, tokens. This sub-optimal segmen-
tation has two detrimental effects: first, it creates
much longer input sequences for the model, increas-
ing computational load and making it harder to cap-
ture long-range dependencies; second, and more
importantly, it fails to provide the model with con-
sistent, semantically meaningful representations for
Hindi words and concepts, thereby hindering learn-
ing and generalization (Kanjirangat et al., 2025).

Similarly, the challenges with Arabic extend be-
yond simple script differences. The Arabic lan-
guage is a right-to-left (RTL) script, which can
confound models that implicitly assume a left-to-
right flow of information, especially for questions
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In-Match accuracy(%) STS Accuracy(%)
Model [#params] Bordered Borderless Colorful | Bordered Borderless Colorful
Bahasa Indonesia
Donut 11.71 10.23 9.40 21.02 17.87 8.95
Qwen2.5VL-3B 32.73 44.25 36.36 24.62 34.27 279
Qwen2.5VL-7B 52.55 57.29 54.55 40.54 32.74 36.36
Gemma3-12B 48.05 34.78 39.81 48.35 32.74 43.26
Llama-3.2-11B 57.36 5243 62.38 52.20 50.50 60.10
GPT-40 74.03 65.94 76.60 7147 70.08 71.16
Finetuned + Spatial Priors (SP)
GPT-40+SP 75.23 65.94 76.6 73.38 73.45 73.34
INDOTABVQA-ID [3B] 72.07 62.92 64.26 73.38 68.43 72.27
INDOTABVQA-ID [7B] 72.07 69.82 74.61 79.58 73.15 81.50
INDOTABVQA-ID [3B]+SP 80.78 66.75 71.79 81.38 71.59 72.73
INDOTABVQA-ID [7B]+SP 80.25 73.15 81.50 87.65 76.47 83.39
English
Donut 3.90 5.63 6.90 7.81 6.14 14.11
Qwen2.5VL-3B 20.72 33.76 31.66 44.74 45.27 44.51
Qwen2.5VL-7B 29.43 41.18 37.93 55.26 61.13 58
Gemma3-12B 27.03 23.53 31.66 32.43 26.60 33.86
Llama-3.2-11B 25.53 28.90 37.93 41.40 28.90 37.93
GPT-40 42.34 41.18 50.16 63.96 53.96 63.95
Finetuned + Spatial Priors (SP)
GPT-40+SP 42.81 56.42 58.87 65.23 55.12 66.17
INDOTABVQA-EN [3B] 37.84 54.73 45.77 50.15 47.31 50.47
INDOTABVQA-EN [7B] 45.35 52.45 56.87 63.06 65.73 64.58
INDOTABVQA-EN [3B]+SP 48.95 55.75 59.87 60.70 57.30 65.50
INDOTABVQA-EN [7B]+SP 53.85 58.75 62.57 64.86 66.75 66.77
Hindi
Donut 3.60 4.35 6.27 4.20 4.60 6.90
Qwen2.5VL-3B 3.90 4.60 3.45 2.70 6.90 3.50
Qwen2.5VL-7B 14.41 18.41 18.81 13.81 16.88 17.55
Gemma3-12B 16.50 17.40 24.50 26.43 23.53 32.29
Llama-3.2-11B 1291 13.04 21.32 1291 13.04 21.32
GPT-40 20.92 26.80 30.35 35.44 39.62 40.22
Finetuned + Spatial Priors (SP)
GPT-40+SP 22.32 28.52 30.76 36.9 37.39 43.01
INDOTABVQA-HI [3B] 13.21 25.58 20.38 18.92 35.04 27.59
INDOTABVQA-HI [7B] 20.42 29.92 28.21 25.53 33.76 34.80
INDOTABVQA-HI [3B]+SP 14.11 28.90 21.94 31.02 36.88 40.1
INDOTABVQA-HI [7B]+SP 22.82 33.76 31.66 27.93 41.18 40.44
Arabic
Donut 2.10 5.96 5.12 6.61 3.84 8.15
Qwen2.5VL-3B 12.01 18.93 17.87 24.30 34.30 23.80
Qwen2.5VL-7B 19.50 24.81 24.14 28.23 4143 33.23
Gemma3-12B 18.30 14.60 19.40 26.40 24.80 28.20
Llama-3.2-11B 15.92 18.16 24.45 15.92 18.16 24.45
GPT-40 18.92 21.48 23.82 35.44 39.62 40.22
Finetuned + Spatial Priors (SP)
GPT-40+SP 21.24 28.80 26.40 37.60 38.39 44.01
INDOTABVQA-AR [3B] 17.72 34.02 24.14 32.10 46.30 35.40
INDOTABVQA-AR [7B] 40.66 34.17 23.42 43.84 48.85 46.08
INDOTABVQA-AR [3B]+SP 21.32 39.64 32.29 35.44 45.78 39.18
INDOTABVQA-AR [7B]+SP 40.66 34.17 23.42 47.15 51.66 46.39

Table 3: Results of various VLMs on In-Match and STS Accuracy based on table types across four languages.

involving spatial relationships.
RQ2: Why does Bahasa perform best?

The monolingual setting removes the cross-
lingual alignment challenge, as both the visual
content and the question share the same language.
Additionally, the fine-tuned model is directly ex-
posed to Bahasa examples during training, giving
it a distributional advantage. As shown in Table 2,
language-specific In-Match gains after fine-tuning
are: Bahasa Indonesia +28.6 points (highest), En-
glish +17.4, Hindi +18.0, and Arabic +9.4, demon-
strating that even modest task-specific supervision
over 500 training images yields meaningful im-

provements across all languages.

4.3 Effect of Spatial Priors (Bounding Boxes)

Adding table bounding box coordinates as addi-
tional input provides further gains:

Average improvement over fine-tuned model:
Compact 3B Model: In-Match: +6.9% points
(39.7% — 46.6%), STS: +6.4% points (46.7% —
53.1%). LoRA Finetuned 7B Model: In-Match:
+4.0% points (44.5% — 48.5%), STS: +3.4%
points (54.9% — 58.3%).

Average improvement on GPT-40 model: In-
Match: +3.5% points (41.1% — 44.6%), STS:
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+1.4% points (52.2% — 53.6%)

Notably, spatial priors benefit GPT-40 as well,
boosting its In-Match accuracy from 41.1% to
44.6%, confirming that explicit table localization
is useful regardless of model scale. Our fine-tuned
7B model with spatial priors achieves the best
overall performance across both metrics (48.5%
In-Match and 58.3% STS), outperforming GPT-
40+SP (44.6% and 53.6% respectively), suggesting
that the combination of domain adaptation and spa-
tial grounding is more effective than either alone.

4.4 Performance by Table Visual Style

Table 3 analyzes model performance across bor-
dered, borderless, and colorful tables, revealing the
strong influence of visual style on reasoning accu-
racy. Borderless tables pose the greatest challenge,
as models must infer row—column relationships
from whitespace and alignment, often leading to
ambiguity. Accuracy improves notably with spa-
tial priors (e.g., +3.8 points in Bahasa), showing
the benefit of explicit localization. Colorful tables
yield mixed results; GPT-40 performs better on
them (76.6% vs. 74.0%), likely because color aids
visual grouping and attention, though smaller mod-
els struggle due to limited robustness to color varia-
tion. Bordered tables provide the clearest structure
and serve as a baseline (GPT-40: 74.0%, LLaMA-
3.2: 57.4%, Gemma3-12B: 48.1%, Qwen2.5-VL
[7B]: 52.6%). Yet even here, performance below
75% indicates that accurate table reasoning remains
a challenging task despite clear visual cues. As
shown in Fig. 5, our model+SP produces correct
results across all three types of tables in a cross-
lingual setting.

To better understand model failures in our bench-
mark, we perform a detailed manual analysis of er-
roneous predictions in section A.1 of Appendix A.
We categorize the errors into five types for English,
Hindi, and Arabic, and into four types for Bahasa
Indonesia (due to the absence of translation-related
errors) as shown in Figure 4 and Table 8 in Ap-
pendix A.

4.5 Performance by Question Type

We further analyze model behavior across four
question types (lookup, aggregation, comparison,
and structural reasoning) as shown in Table 4.
Consistent with earlier observations, aggregation
and comparison questions achieve higher accuracy
across models and languages, indicating that VLMs
are relatively effective at coarse-grained reasoning

1 — ]

Figure 3: Global language coverage map for the IN-
DOTABVQA benchmark. The shading intensity indi-
cates the number of supported languages (1-3) spoken
in each country. For example, Canada supports both
English and Hindi. This visualization highlights the
geographical and cultural reach of our cross-lingual
benchmark.

where relevant values are localized or require lim-
ited structural interpretation. In contrast, lookup
and structural questions remain more challenging.
Lookup requires precise cell-level retrieval, while
structural reasoning depends on understanding ta-
ble organization, such as header alignment and
row—column relationships. These challenges are
further amplified in cross-lingual settings, where
accurate alignment between the query language
and table content is necessary. Hindi and Arabic
exhibit the largest performance degradation, consis-
tent with the cross-lingual trends discussed in Sec-
tion 4.2. Fine-tuning improves performance across
all question types, with the most notable gains in
lookup and structural reasoning. Incorporating
spatial priors provides additional improvements,
particularly for lookup, by guiding the model to-
ward relevant table regions. Overall, this analysis
highlights that while current VLMs handle coarse
reasoning well, fine-grained, structure-aware table
understanding remains a key limitation.

5 Related Work

5.1 Table-Based Visual Question Answering

Table-Based Visual Question Answering (VQA)
addresses the challenge of reasoning over tab-
ular structures embedded in images. Bench-
marks such as InfographicVQA (Mathew et al.,
2022), DocVQA (Mathew et al., 2021), and
ChartQA (Masry et al., 2022), TabFact (Chen et al.,
2019), TAT-QA (Zhu et al., 2021), and PubTables-
IM (Smock et al., 2022) emphasize reasoning over
semi-structured and document tables. However,
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Model [#params] Agg. Comp.  Look. Str. Model [#params] Agg. Comp. Look. Str.
Indonesia Hindi
Donut 13.13 0 4.39 12.33 Donut 6.50 0 0.78 0
Qwen2.5VL-3B 50.59 41.18 19.14 30.14 Qwen2.5VL-3B 6.40 0 2.56 3.36
Qwen2.5VL-7B 64.58 76.47 2756 5753 Qwen2.5VL-7B 21.60 0 7.31 4.10
Gemma3-12B 40.7 47.06 38.77 4795 Gemma3-12B 21.26 29.41 11.78 6.85
Llama-3.2-11B 66.23 100 4325 5342 Llama-3.2-11B 16.22 64.71 5.63 6.85
GPT-40 74.41 60.24 6459  71.60 GPT-40 32.22 29.41 14.87 9.59
Finetuned + Spatial Priors (SP) Finetuned + Spatial Priors (SP)
GPT-40 + SP 75.48 64.71 78.89  72.60 GPT-40 + SP 35.73 34.00 17.84 13.20
INDOTABVQA-ID [3B] 71.92 47.06 5897  65.75 INDOTABVQA-HI [3B] 29.01 29.41 5.40 5.48
INDOTABVQA-ID [7B] 76.62 82.35 65.55  71.23 INDOTABVQA-HI [7B] 36.50 29.41 13.03 4.11
INDOTABVQA-ID [3B]+SP 74.88 70.59 71.58 71.23 INDOTABVQA-HI [3B]+SP 30.39 29.41 8.29 8.22
INDOTABVQA-ID [7B]+SP 80.39 70.59 78.54 82.19 INDOTABVQA-HI [7B]+SP 36.46 47.06 10.41 6.85
English Arabic
Donut 7.98 0 1.37 1.39 Donut 6.15 0 1.56 0
Qwen2.5VL-3B 40.96 41.18 11.85 12.50 Qwen2.5VL-3B 21.50 5.88 5.28 4.11
Qwen2.5VL-7B 45.69 47.06 2273 23.61 Qwen2.5VL-7B 29.75 11.76 8.01 12.33
Gemma3-12B 32.39 23.53 2043 2083 Gemma3-12B 20.72 35.29 7.42 12.33
Llama-3.2-11B 40.97 58.82 16.77 18.06 Llama-3.2-11B 24.73 76.47 5.86 10.96
GPT-40 54.72 41.18 3597 3750 GPT-40 23.75 47.06 10.74 17.81
Finetuned + Spatial Priors (SP) Finetuned + Spatial Priors (SP)

GPT-40 + SP 62.23 65.84 38.84  38.70 GPT-40 + SP 28.33 50.28 12.84 17.81
INDOTABVQA-EN [3B] 58.26 41.18 2683 3194 INDOTABVQA-AR [3B] 36.24 52.94 10.41 10.96
INDOTABVQA-EN [7B] 62.85 52.94 32.97 29.17 INDOTABVQA-AR [7B] 41.17 17.65 13.14 13.70
INDOTABVQA-EN [3B]+SP  60.62 64.71 39.41 31.94 INDOTABVQA-AR [3B]+SP  38.62 35.29 11.34 9.59
INDOTABVQA-EN [7B]+SP  62.94 64.71 3288  30.56 INDOTABVQA-AR [7B]+SP 4342 41.18 12.59 16.44

Table 4: Performance (In-match) across question types in four languages, Agg is Aggregation, Comp. is Comparison,
Look. is Lookup, and Str. is Table structure related questions.

most existing benchmarks remain English-centric
and fail to capture the visual noise, layout diver-
sity, and multilingual characteristics of real-world
documents.

5.2 Multilingual and Cross-Lingual VQA

Several benchmarks, including MULE (Kim
et al., 2020), MTVQA (Tang et al., 2025) and
MaXM (Changpinyo et al., 2022), target multilin-
gual captioning and VQA. M*C (Kesen et al., 2025)
considers multilingual documents but focuses pri-
marily on scene text or scanned forms. Recent
work on XT-VQA (Yu et al., 2025) demonstrates
the cross-lingual gap but is linguistically limited
to Chinese, English, and French, whereas MM-
CricBench (Gautam et al., 2025b) is limited to En-
glish and Hindi only. Both benchmarks share the
goal of evaluating cross-lingual transfer, but IN-
DOTABVQA provides complementary coverage
of different languages, writing systems, and docu-
ment types. Table 6 contrasts INDOTABVQA with
related benchmarks.

6 Conclusions

We introduce INDOTABVQA, a novel benchmark
for table-based VQA grounded in real-world doc-
ument images from an underrepresented region,
with cross-lingual QA pairs in Bahasa Indonesia,
English, Hindi, and Arabic. Our evaluation re-
veals that even state-of-the-art closed-source VLMs

like GPT-40 struggle with layout-aware and cross-
lingual reasoning, particularly in low-resource lan-
guages. Fine-tuning a compact 3B model and
LoRA-finetuning a 7B model on our dataset sub-
stantially improves performance. Our analysis
shows that lookup and structural reasoning remain
the hardest categories. The additional performance
boost from spatial priors underscores that table
localization remains a key bottleneck. INDOTAB-
VQA enables inclusive, structure-aware document
Al and supports scalable research on document
intelligence.

7 Limitations

While INDOTABVQA addresses an important gap
in multilingual and cross-lingual table-based VQA,
our work has several limitations that point to direc-
tions for future research.

Our Benchmark is table-centric; it can be fur-
ther expanded to other layouts, such as charts
and histograms, which have not yet been ex-
plored. Furthermore, our spatial priors rely on
table-level bounding boxes, which improve per-
formance. However, we believe that more fine-
grained supervision, such as row, column, or cell-
level structure, can further enhance performance,
which remains to be explored. Incorporating richer
structural annotations could further disentangle vi-
sual perception errors from reasoning errors.
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A Appendix

Our dataset contains:
Question Type | Percentage (%)
Aggregation 58.1
Lookup 33.2
Comparison 1.6
Table Structure 6.9

Table 5: Distribution of Question Types

A.1 Error Analysis

Error Taxonomy: Incorrect (36-45%): Answer is
completely wrong, no semantic relation to ground
truth. Hallucination (10-20%): Model generates
plausible but unsupported information. Partial
Correct (31-38%): Answer includes correct in-
formation but adds or misses components. Typo
(0.7-7%): Minor lexical variation or spelling error.

Benchmark "Crossl QA Visual Table
g Languag Languag Focus
Tabular VQA:
DocVQA X English English Partial
TableVQA-B X English English v
TabComp X English English v
ComTQA X English English 4
XT-VQA v (EN/FR/CH) English Partial
MMCricBench v English EN/HI v
Ours:
INDOTABVQA v 4 language Bahasa v
(3B +7B) (ID/EN/HI/AR) Indonesia

Table 6: Comparison of VQA Benchmarks: Most
existing benchmarks support the English language for
visual content and QA. In contrast, our benchmark fo-
cuses on underrepresented low-resource languages, such
as Bahasa Indonesia in vision, and includes a variety of
languages in QA (including the reading order in case of
Arabic). TableVQA-B is TableVQA-Bench (Kim et al.,
2024)

Translation Error (9-22%, cross-lingual only): Mis-
understanding due to language-specific phrasing.

Key Insights from Error Analysis: Borderless
tables produce more hallucinations: Without a clear
structure, models are more likely to invent relation-
ships between cells. Cross-lingual errors are often
translation-related: Models sometimes respond in
the wrong language or misinterpret culture-specific
terms. Numerical errors are rare but catastrophic:
When models misread numbers, errors are factu-
ally wrong (not just semantic variations). Complex
tables increase all error types: Tables with merged
cells, nested headers, or irregular layouts have 2x
higher error rates.

Answer Format: All answers are kept concise
(1-5 words typically) and consistent across lan-
guages. Numerical answers use standard format-
ting (e.g., "1,380,201" or "1.380.201" depending
on locale conventions).

A.2 Training Setup

All experiments were conducted on a single
NVIDIA RTX A6000 GPU (48GB), where we
fine-tuned Qwen2.5VL-3B using mixed-precision
(bfloat16) with gradient checkpointing. Training
used the Hugging Face Trainer API with an ef-
fective batch size of 4 (per-device batch size of 1
with 4-step gradient accumulation), learning rate of
2e-5, AdamW optimizer, and a linear schedule over
3 epochs, with separate models trained for each of
the 4 languages and we used the LoRA method to
finetune the Qwen2.5-VL-7B model.
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Bahasa Indonesia

® Partial Correct

Hindi

® Incorrect

® Translation Error

English

Hallucination

Arabic

® Typo

Figure 4: Comparative distribution of prediction error types across the four languages in the INDOTABV QA test set.
The analysis categorizes failures into five types, revealing that ‘Incorrect’ and ‘Partial Correct’ are the dominant
error modes. ‘Translation Error’ is a significant factor unique to the cross-lingual settings (English, Hindi, and
Arabic), while "Hallucination’ and *Typo’ represent smaller but consistent sources of failure.

A.3 How INDOTABVQA is different:

* Geographic and linguistic diversity: We cover
Southeast Asia (Bahasa Indonesia), South
Asia (Hindi), and the Middle East (Arabic),
alongside English, to ensure both regional rep-
resentation and global accessibility.

* Script diversity: We include Devanagari
(Hindi) and right-to-left script (Arabic), which

Aspect Protocol Summary

pose different challenges than Latin/CJK
scripts.

* Diverse and Real-world images: Our bench-

Lookup, aggregation, comparison, structure
7-10 (across languages)

MT — human validation — consistency
check

3.1% (ambiguity, mistranslation)

3 (Bahasa), 4 validators (EN/HI/AR)

Question types
Avg. tokens per question
Translation workflow

Discarded items
Annotators

marks consist of real-world images featuring
various styles of table images.
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Question

Answer

Predicted answer

‘Which column has 4 points as its contents?

form of learning

| =

‘What is the most common type of disability in Indonesia?

mentally disabled

—

physical handicap, multiple..

What is the unit of school that receives the ...

school

‘What description is given from the falcon and eagle?

(all types of the family)

2

all species from the family

Which province has the highest number of persons with disabilities?

yogyakarta

ja~]

—

west java, yogyakarta

Table 8: Examples of errors, H=Hallucination, I=Incorrect, T=Translation, Ty=Typo, P=Partial Correct

E. Persyaratan Penerima
Peserta didik yang berasal dari prioritas sasaran penerima PIP, dapat
diusulkan dengan syarat sebagai berikut:

1. Peserta didik Pendidikan Formal:
a. Terdaftar sebagai peserta didik di sekolah;
b. Terdaftar dalam Dapodik sekolah.
2. Peserta Didik Lembaga Pendidikan Nonformal usia 6 sampai dengan
21 tahun
a. Terdaftar sebagai peseria didik di SKB/PKBM/LKP atau satuan
pendidikan nonformal lainnya;
b. Terdaftar dalam Dapodik catun pendi

an nonformal.

F. Sasaran dan Besaran Dana PI
Sasaran PIP adalah sebanyak 17 927.308 peserta didik dengan rincian
sebagai berikut :

Jenjang Pendidikan Sasaran PIP
SD/Paket A 10.360.614
SMP/Paket B 4.369.968

| SMA/Paket C 1.367.559
SMK/Kursus dan Pelatihan 1.829.167
Jumlah 17.927.308

Besaran dana PIP diberikan per peserta didik dari masing-masing
direktorat teknis, adalah sebagai berikut:
1. Sekolah Dasar (SD)/Paket A:

a. Peserta didik Kelas I, I, Il IV dan V Tahun Pelajaran
2015/2016 diberikan dana untuk dua semester scbesar
Rp450.000,00;

b. Peserta didik Kelas VI Tahun Pelajaran 2015/2016 diberikan
dana untuk satu semester sebesar Rp225.000,00;

c. Peserta didik Kelas II, Ill, IV, V dan VI Tahun Pelajaran
2016/2017 diberikan dana untuk dua semester sebesar
Rp450.000,00;

d. Peserta didik Kelas I Tahun Pelajaran 2016/2017 diberikan dana
untuk satu semester sebesar Rp225.000,00

. Sekolah Menengah Pertama (SMP)/Paket B:

a. Peserta didik Kelas VII dan VIII Tahun Pelajaran 20|§/2(HG
diberikan dana untuk satu tahun sebesar Rp750.000,00:

b. Peserta didik Kelas IX Tahun Pelajaran 2015/2016 diberikan
dana untuk satu semester sebesar Rp375.000,00;

c. Peserta didik Kelas VI dan IX Tahun Pelajaran 2016/2017
diberikan dana untuk satu tahun sebesar Rp750.000,00;

d. Peserta didik Kelas VIl Tahun Pelajaran 2016/2017 diberikan
dana untuk satu semester sebesar Rp375.000,00.

»

merupakan upaya Kualit b

sl Pardhan o Knodyaan, Vo2, Norer 1, A

koridor, yakni: 1) koridor

daya manusia yang mampu mendorong
percepatan pembangunan ekonomi Indonesia.

Keputusan Menteri Pendidikan dan Kebu-
dayaan Nomor 161/P/2012 tanggal 9 Agustus
2012 tentang Perguruan Tinggi Penyelenggara
Program Studi di Luar Domisili menetapkan 35
kabupaten/kota untuk mendirikan AK. Kabu-
paten/kota penyelenggara AK sesuai dengan
Kepmendikbud dimaksud dapat dilihat pada Tabel
1

Dari 35 AK tersebut, sebanyak 20 AK yang
diblayal dari sumber APBN dan 15 AK bersumber
dari APBNP. Prospek ke depan pemerintah
bersama Pemerintah Daerah mengembangkan
secara bertahap paling sedikit 1 (satu) AK dalam
bidang yang sesuai dengan potensi unggulan
daerah baik negeri maupun swasta.

Pendirian AK di 35 tersebut

ekonomi Sumatera, mempunyai tema pem-
bangunan sebagaia sentra produksi dan
pengolahan hasil bumi dan lumbung energi
nasional; 2) koridor ekonomi jawa, memiliki tema
pembangunan sebagai pendorong industri dan
jasa nasional; 3) koridor ekonomi Kalimantan,
meniliki tema pembangunan sebagai pusat
produksi dan pengolahan hasil tambang dan
lumbung energi nasional; 4) koridor ekonomi
Sulawesi, memilik tema pembangunan sebagai
pusat produksi dan pengolahan hasil pertanian,
perkebunan, perikanan, migas dan per-
tambangan nasional; ) koridor ekonomi Bali-
Nusa Tenggara, memiiki tema pembangunan
sebagal pintu gerbang pariwisata dan
pendukung pangan nasional; dan 6) koridor
ekonomi Papua-Kepulauan Maluky, memilii tema

dinarapkan mampu mendukung pengembangan
sumber daya unggulan daerah dalam kerangka
Masterplan Percepatan dan Perluasan Pem-
bangunan Indonesia (MP3EI). Sebagaimana
dipahami bahwa Pemerintah telah menetapkan
program MP3EI dengan membagi wilayah

Tabel 1 Lokasi Pendirian

sebagai pusat
pangan, perikanan, energi dan pertambangan
nasional (Republik Indonesia, 2011). Keunggulan
masing-masing koridor tersebut perlu didorong
dan dikembangkan untuk percepatan pem.
bangunan ekonomi nasional.

Akademi Komunitas

No Lokasi Provinsi
1 Kab. Ponorogo Jawa Timur
2 Kab. Sidoarjo Jawa Timur
3 Kab. Nganjuk Jawa Timur
4 Kab. Pacitan Jawa Timur
5 Kab. Situbondo Jawa Timur
6 Kab. Sumenep wa Timur
7 Kab. Bojonegoro  Jawa Timur
8  Kab. Tuban Jawa Timur
9 Kota Bitar Jawa Timur

10 Kab. Temanggung
11 Kab. Jepara

12 Kab. Cianjur Jawa Barat
13 Kab. Karawang Jawa Barat
14 Kab.Aceh Barat 0. 1. Aceh

Jawa Tengah

15 Kota Prabumulih  Sumsel
16 Kab.Lahat Sumsel
17 KabpagarAlam  Sumsel
18 Kab. Lampung Lampung

Sumber: SK Mendikbud Nomor 161/P/2012

No Lokasi Provinsi
19 Kab.Rej. Lebong Bengkulu
20 Kab.Muko-muko Bengkulu
21 Kab.D. Serdang Sumut

22 Tanah Datar Sumbar

23 Kota PkipngTengah  Babel

24 KabkotWaringin T Kalteng
25 Kota Bontang Kaltim

26 Kab.Singkawang  Kalbar

27 Kab. Sumbawa e

28 Kota Mataram NTB

29 Kab. Smb.Timur NTB

30 Kab. GianyarBali  Bali

31 Kab. Nagekeo NTT

32 KabupatenKolaka  Sulteng

33 Kab.Pulau Buru Maluku

34 Kab. Manukwarl Papua Barat
35 Kab. Keerom Papua

Pihak yang berperan aktif dalam pelaksanaan komponen literasi dipaparkan
pada Tabel 2.1 berikut.

PIHAK YANG
ERPERAN AKTIF

KOMPONEN
LITERAST

1. |Literasi usia dini Orang tua dan keluarga, guru/PAUD,

2. [Literasi dasar Pendidikan formal

3. |Literasi Pendidikan formal

4._| Literasi teknologi Pendidikan formal dan keluarga
5. [Literasi media Pendi

ikan formal, keluarga, dan lingkungan sosial

(tetangga/masyarakat sekitar)

Pendidikan formal, keluarga, dan lingkungan sosial
sekitar)

6. | Literasi visual

Literasi yang komprehensif dan saling terkait ini memampukan seseorang
untuk berkontribusi kepada masyarakatnya sesuai dengan kompetensi dan
perannya sebagai warga negara global (global citizen).

Dalam pendidikan formal, peran aktif para pemangku kepentingan, yaitu
kepala sekolah, guru sebagai pendidik, tenaga kependidikan, dan pustakawan
sangat untuk kom- ponen literasi
peserta didik. Agar lingkungan literasi tercipta, diperlukan perubahan paradigma
semua pemangku kepentingan

Selain it diperlukan juga pendekatan cara_belajr-mengajar yang

ponen literasi ini. peserta didik
terpajan dengan kellma komponen literasi akan menentukan kesiapan peserta
didik berinteraksi dengan literasi visual.

D. Ihwal Literasi di Sekolah

Mengacu pada metode pembelajaran Kurikulum 2013 yang menempatkan
peserta didik sebagai subjek pembelajaran dan guru sebagai fasili- tator, kegiatan
literasi tidak lagi berfokus pada peserta didik semata. Guru, selain sebagai fasilitator,
juga menjadi subjek pembelajaran. Akses yang luas pada sumber informasi, baik
di dunia nyata maupun dunia maya dapat menjadikan peserta didik lebih tahu
daripada guru. Oleh sebab itu, kegiatan peserta dalam berliterasi semestinya
tidak lepas dari kontribusi guru, dan guru sebaiknya berupaya menjadi fasilitator
yang berkualitas. Guru dan pemangku kebijakan sekolah merupakan figur teladan

- Desain Induk Gerakan Literasi Sekolah

Question: Jenjang pendidikan apa yang memiliki sasaran PIP
terbanyak?
Predicted Answer: sd/paket a

Question: What level of education has the most PIP targets?
Predicted Answer: sd/package a

Question: RI&T & fFF FaX 9 NS Fe7 Fay 31 &2
Predicted Answer: THSI/d%sT T

Question: <ilaf e 2o SH 4 G aledll s sl 58 L PIPS
Predicted Answer: | &)/ ol

Question: Lokasi apakah yang ada pada no. 1?

Answer: kab. pt ¢
Question: What location is at no. 1?
Predicted Answer: go Regency

Question: #aX 1 TR FieT AT FATT 872
Predicted Answer: SIS SISt

Question: 1 3, 3 gl L
Predicted Answer: s, 55 ol

Question: Apa saja komponen literasi yang termasuk pendidikan
formal?
Predicted Answer: literasi dasar, literasi perpustakaan

Question: What are the components of literacy that are included
in formal education?
Predicted Answer: basic literacy, library literacy

Question: 3iioaTRe fRA&T 7 WERAT & iet & Teh MAT &2
Predicted Answer: feTTcY HTERCT, GEHTTT HIERAT

Question: el alaall e Al Yl jan lsSa o L
Predicted Answer: &Sl dul) gan i) Y1 e

Figure 5: Example of the INDOTABV QA correct predictions on mono-lingual and cross-lingual question answering
across three table formats. Bordered (left), Borderless (middle), and Colorful (right). The examples include
questions in Bahasa Indonesia, English, Hindi, and Arabic.
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