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Abstract

Visual Question Answering (VQA) over charts
and tables requires joint reasoning over lan-
guage, visual structure, and numerical infor-
mation, yet no standard benchmark currently
exists for Vietnamese. We introduce Chart-
TableViVQA, a Vietnamese VQA dataset with
13,003 question–answer–instruction triplets
over 868 chart and table images. Questions
cover multiple reasoning types, ranging from
simple value lookup to multi-step aggregation,
comparison, and trend analysis, and are ac-
companied by concise instructions that explic-
itly guide the reasoning process. The dataset
is built via a semi-automatic human-in-the-
loop pipeline, combining large language model
generation with manual verification by Viet-
namese annotators. We evaluate several vision-
language models in zero-shot and instruction-
based settings. Results show strong perfor-
mance on simple questions but clear weak-
nesses in complex reasoning, particularly on
charts, while instruction-based prompting con-
sistently improves accuracy.

1 Introduction

Visual Question Answering (VQA) over structured
visuals such as charts and tables is a challenging
testbed for multimodal reasoning. Unlike natu-
ral images, charts and tables encode information
through axes, legends, cell structures, and numer-
ical values, requiring models to jointly interpret
language, layout, and quantitative relationships.
Such capabilities are essential in real-world do-
mains, including education, official statistics, and
data-driven reporting.

Recent chart and table VQA benchmarks have
driven rapid progress by covering diverse visual
encodings and question types, ranging from di-
rect value lookup to aggregation and comparison.
However, existing datasets are almost exclusively
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available in English and assume high-resource set-
tings. For low-resource languages such as Viet-
namese, there is still no standardized benchmark
for structured visual reasoning, making it difficult
to systematically evaluate current vision-language
models (VLMs) and analyze their limitations.

To address this gap, we introduce ChartTable-
ViVQA, a Vietnamese VQA dataset for chart
and table images. The dataset contains 13,003
question–answer–instruction triplets grounded in
868 images collected from official statistical
sources. Each question is annotated with one of
four reasoning types—value lookup, aggregation,
comparison, and trend analysis—and assigned to
three difficulty levels. In addition, each QA pair is
accompanied by a concise instruction describing
how to locate relevant values in the visual input and
perform the required reasoning steps.

ChartTableViVQA is constructed through a
semi-automatic, human-in-the-loop pipeline. A
large language model is first used to generate can-
didate questions, answers, and instructions, which
are then reviewed and corrected by Vietnamese an-
notators to ensure semantic consistency with the
visual content and numerical correctness. This de-
sign balances annotation quality with scalability in
a low-resource language setting.

Using ChartTableViVQA, we evaluate sev-
eral recent VLMs, including both multilingual and
Vietnamese-centric models, under two inference
settings: zero-shot and instruction-based. Our eval-
uation focuses on three research questions:

• RQ1: How well do current VLMs handle
Vietnamese chart and table VQA across dif-
ferent reasoning types and difficulty levels?

• RQ2: How does performance differ between
chart-based and table-based questions?

• RQ3: To what extent do explicit instructions
improve performance on multi-step reasoning
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tasks?

Our results show that even strong models per-
form reliably on simple lookup questions but
struggle with multi-step reasoning, particularly on
charts. Providing explicit instructions leads to sub-
stantial performance improvements, especially for
aggregation, comparison, and trend analysis, but
does not fully close the gap on the most challenging
cases.

Our contributions are summarized as follows:

• We introduce ChartTableViVQA, the first
Vietnamese VQA benchmark for structured
reasoning over charts and tables, comprising
13,003 triplets across four reasoning types and
three difficulty levels.

• We propose an LLM-assisted, human-in-the-
loop data construction pipeline suitable for
low-resource languages.

• We conduct a systematic evaluation of multi-
lingual and Vietnamese-centric VLMs under
zero-shot and instruction-based settings.

• We provide an error analysis highlighting
common failure modes in numerical and com-
parative reasoning.

The remainder of the paper is organized as fol-
lows. Section 2 reviews related work. Section 3
introduces the ChartTableViVQA dataset and de-
tails the data collection process, question–answer
and instruction generation, data format, and anal-
ysis. Section 4 outlines the experimental setup.
Section 5 presents the evaluation results and error
analysis. Section 6 concludes with discussions and
future directions.

2 Related Work

Vision-based table question answering (table VQA)
focuses on answering natural language questions
directly from table images, such as scanned docu-
ments or screenshots, without relying on underlying
table markup. This setting is common in real-world
document understanding scenarios. Additionally,
Chart question answering (chart VQA) aims to an-
swer questions about visualized data, such as bar,
line, and pie charts. Compared to table VQA, chart
VQA requires interpreting graphical encodings in
addition to textual and numerical information.

Several datasets that support table and chart un-
derstanding from images are constructed. For ex-
ample, TableVQA-Bench (Kim et al., 2024) intro-
duces QA pairs over rendered table images across
multiple domains, WikiDT (Shi et al., 2024) pro-
vides web-style document images with table QA
and intermediate annotations for retrieval and struc-
ture analysis, ChartQA (Masry et al., 2022) is
a widely adopted benchmark emphasizing visual
and logical reasoning over charts, and ChartQA-X
(Hegde et al., 2025) extends chart VQA by in-
troducing natural language explanations to justify
model predictions. Despite these advances, most
existing table VQA datasets are constructed in En-
glish and focus on question–answer supervision.
Moreover, the supervision is typically limited to
final answers or free-form explanations, without
concise step-by-step instructions that guide reason-
ing from visual evidence.

Recent frontier vision–language models have
demonstrated strong performance on chart and ta-
ble VQA tasks. Closed-source models such as
GPT-4o (OpenAI et al., 2024) and Gemini-2.5-
Flash (Comanici et al., 2025) have established new
state-of-the-art results in multimodal understand-
ing and complex visual reasoning. Open-source
models, including Qwen-VL (Bai et al., 2023), In-
ternVL (Chen et al., 2024), and Llama-3.2-Vision
(Grattafiori et al., 2024), have significantly scaled
vision–language pretraining for generic multimodal
reasoning. In addition, Vietnamese-focused open-
source models such as LaVy (Tran and Thanh,
2024) and Vintern-3B (Doan et al., 2024) fur-
ther extend these multimodal capabilities to low-
resource languages. However, systematic evalua-
tion of these models on Vietnamese chart and table
VQA remains limited, primarily due to the lack of
suitable high-quality benchmarks in Vietnamese.

Finally, developing VQA datasets for Viet-
namese is challenging because of limited multi-
modal resources and annotations (Nguyen et al.,
2023). This scarcity restricts both model train-
ing and reliable evaluation. Recent studies show
that large language models can assist data anno-
tation and synthesis, reducing human effort while
maintaining scalability (Tan et al., 2024; Rocha
et al., 2025). In vision–language tasks, LLM-
assisted pipelines combined with human verifica-
tion have proven effective for dataset construction
(Choi et al., 2025a). Motivated by these findings,
we adopt a semi-automatic, human-in-the-loop an-
notation strategy for Vietnamese chart and table
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Figure 1: ChartTableViVQA dataset construction pipeline.

VQA. Initial questions, answers, and instructions
are generated using LLMs and then reviewed by
human annotators to ensure visual grounding and
numerical correctness.

3 Dataset

ChartTableViVQA is constructed as a Vietnamese
VQA benchmark targeting two types of structured
visuals: charts and tables. Each sample consists of
an image, a Vietnamese question, a short answer,
and a concise instruction describing the reasoning
steps required to derive the answer. The dataset
aims to cover diverse visual formats, real-world
topics, multiple reasoning types (lookup, aggrega-
tion, comparison, and trend analysis), and natural
Vietnamese language.

3.1 Data Collection
Chart and table images were collected from
three major Vietnamese educational plat-
forms—Vuihoc.vn, Vietjack.com, and Yourhome-
work.net —which frequently reuse charts and
tables sourced from official statistical publications,
particularly the Niên giám Thống kê Việt Nam
(Statistical Yearbook of Viet Nam) of the General
Statistics Office (Tổng cục Thống kê). As a
result, the dataset reflects standardized real-world
statistical data across diverse domains such as
population, trade, agriculture, and education.

Approximately 920 images were initially col-
lected across subjects such as mathematics, eco-
nomics, and data analysis. After removing irrele-
vant, low-quality, and duplicate samples, the final
dataset contains 868 images, including 395 charts
and 473 tables.

3.2 Iterative Prompt Design

We iteratively refined a Vietnamese meta-prompt
to generate question–answer–instruction triplets for
each image. Each iteration produced approximately
16 questions covering four reasoning types: lookup,
aggregation, comparison, and trend analysis, with
constraints progressively added to improve clarity
and numerical accuracy. The full prompt templates
are provided in Appendix A.

• Prompt 1 (Initial Version) The first version
defined the basic structure and categories of
the 16 questions but lacked diverse phrasing,
unit consistency, and clear reasoning steps.

• Prompt 2 (Refined for Diversity and For-
matting) The second version introduced var-
ied phrasing, standardized year formatting
(e.g., “Năm 2019”), and unit consistency. An-
swers were required to use specific units such
as USD or %.

• Prompt 3 (Added Reasoning and Instruc-
tion Format) The third version required the
inclusion of explicit reasoning steps for cal-
culations such as differences and percentages,
ensuring consistency between the questions,
answers, and data values.

• Prompt 4 (Final Consolidated Version) The
final version consolidated all improvements,
enforcing 100% calculation accuracy, consis-
tent formatting, strict unit handling, and ex-
plicit instructions for each question.
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Split Chart Table
Images Questions Images Questions

Training 275 3,902 333 5,219
Develop 60 840 70 1,111
Test 60 826 70 1,105

Total 395 5,568 473 7,435

Table 1: Dataset statistics for each split.

3.3 Question–Answer and Instruction
Generation

Using the finalized meta-prompt, we employ
ChatGPT (gpt-4o) to generate question–answer–
instruction triplets for each chart or table image.
For every image, the model produces approxi-
mately 16 questions spanning four reasoning types,
together with a short answer and a concise instruc-
tion.

Questions are designed to assess different rea-
soning skills over structured visuals, while the ac-
companying instructions describe the procedural
steps required to derive the answer, such as locating
relevant values, performing numerical operations,
or identifying trends. Instructions complement the
questions without repeating their content.

3.4 Annotation and Validation

All automatically generated question–answer–
instruction triplets were manually validated by two
Vietnamese annotators following a standardized
guideline to ensure semantic consistency and nu-
merical correctness.

Annotation Procedure Annotators followed a
three-stage validation process:

1. Semantic consistency check: verify gram-
maticality, clarity, and alignment between the
question and the visual content. Questions re-
ferring to nonexistent entities or mismatched
concepts were removed.

2. Numerical verification: manually recompute
all arithmetic operations (e.g., sums, averages,
percentage changes) and correct the answer
and instruction when needed.

3. Cross-review: overlapping subsets were in-
dependently reviewed by multiple annotators,
with disagreements resolved through discus-
sion to improve consistency.

Error Categories Annotation errors fall into
three main types. (1) Severe semantic errors are
discarded due to incompatibility with the visual
data. (2) Repairable semantic issues involve un-
clear or awkward phrasing and are corrected while
preserving the original intent. (3) Computational
errors arise from incorrect numerical calculations
and are fixed through manual recomputation. Rep-
resentative examples for each category are provided
in Appendix B.

Overall, from the 13,904 question triplets auto-
matically generated by LLMs, 901 triplets (6.5%)
were completely discarded during validation. The
remaining 13,003 triplets (93.5%) passed the au-
tomatic validation process. Among these, 5,314
questions (38.2%) required manual editing. Of the
edited cases, 2,226 were revised for semantic or
phrasing issues, and 3,088 were corrected for nu-
merical accuracy. This indicates that quantitative
verification was the dominant component of the
annotation effort.

Data split To properly evaluate model perfor-
mance and prevent visual information leakage, we
partition the dataset into training, develop and test
sets strictly at the image level. As detailed in Ta-
ble 1, the partitioning roughly follows a 70-15-15
ratio.

3.5 Dataset Analysis
We categorize questions into three difficulty lev-
els based on the reasoning complexity required to
derive the answer:

• Easy: Lookup and Image Info, which only
require reading a single value or identifying
the overall content of a chart or table.

• Medium: Aggregation, involving basic arith-
metic operations such as sums, differences,
averages over multiple values.

• Hard: Comparison and Trend Analysis,
which require comparing values across cat-
egories or time periods (e.g., determining
which is higher/lower and by how much) and
analyzing increases or decreases over time.

Figure 2 shows the distribution of question
types in the ChartVQA and TableVQA subsets
of ChartTableViVQA, where minor categories
are merged into Aggregation. In both subsets,
Lookup accounts for the largest proportion of
questions (46.47% for ChartVQA and 55.87% for
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TableVQA), followed by Comparison and Trend
Analysis, while Aggregation and Image Info make
up smaller shares. This reflects our design choice
to emphasize multi-value reasoning rather than di-
rect value retrieval. For chart images, hard ques-
tions dominate across all categories, peaking in
Stacked Area Charts (92.9%) and Area Charts
(85.9%). Medium-level questions (Aggregation)
are notably more common in chart types with
multiple interacting data series, such as Stacked
Bar Charts (35.7%), Combo Charts (26.8%), and
Grouped Bar Charts (22.7%). Easy questions
(Lookup and Image Info) remain the minority
across all types (4.8%–8.4%), suggesting that the
structural characteristics of each chart type natu-
rally shape the reasoning demands of the associated
questions. The details of the difficulty of question
distribution by chart types are shown in as shown
in Appendix C.

Question Answer Instruction

Max length 35 42 120
Average length 16.08 4.07 25.60
Min length 5 1 4
Median length 16 3 26

Table 2: Token length statistics of questions, answers,
and instructions in ChartTableViVQA.

Averaging across ChartVQA and TableVQA
yields 15.42% easy, 51.17% medium, and 33.42%
hard questions. This stratification is used in Sec-
tion 5 to analyze model performance by difficulty
level. Appendix F presents several representative
examples covering all major question types. Ad-
ditionally, Table 2 reports token-length statistics:
questions are moderately long (16.08 tokens on
average), answers are short (4.07 tokens), and in-
structions are longer (25.60 tokens), reflecting the
need for explicit step-by-step reasoning over charts
and tables.

Finally, each instance in ChartTableViVQA is
stored as a unified JSON object containing image-
level metadata, a structured representation of the
underlying chart or table data, and a list of ques-
tion–answer–instruction triplets. Full examples of
ChartQA and TableQA are illustrated in the Ap-
pendix G and H.

4 Methodology

4.1 Task formulation and prompting
Each instance in ChartTableViVQA is represented
as a quadruple (I, q, s, a), where I is the chart or
table image, q is the Vietnamese question, s is an
optional step-by-step instruction, and a is the gold
answer. We evaluate all models under two settings:
zero-shot (input: only I and q) and instruction-
based (input: I , q, and s). In both settings, models
generate a Vietnamese answer â using a unified
prompt format. Gold answers are intentionally
short and unit-sensitive to support precise auto-
matic evaluation of numerical and visual reasoning
(Section 4.3).

4.2 Vision–Language Models
We evaluate a comprehensive suite of vision-
language models covering both closed-source
and open-source architectures, diverse parameter
scales, and varying levels of Vietnamese special-
ization, including:

Closed-source models include the frontier pro-
prietary systems GPT-4o (OpenAI et al., 2024) and
Gemini-2.5-Flash (Comanici et al., 2025).

Open-source models comprise general multilin-
gual systems such as Qwen2.5-VL-7B-Instruct
(Bai et al., 2023), Qwen3-VL-8B-Instruct,
Qwen3-VL-8B-Thinking (Bai et al., 2025), and
Llama-3.2-11B-Vision-Instruct (Grattafiori et al.,
2024), together with Vietnamese-centric models
LaVy-7B (Tran and Thanh, 2024) and Vintern-3B
(Doan et al., 2024). We additionally include the
open-weight baseline Unicorn-VL-R31 for broader
coverage.

This selection enables a balanced comparison
between proprietary and community-driven mod-
els, between general-purpose and language-specific
designs, and across different model scales.

4.3 Evaluation metrics
We evaluate model predictions on ChartTable-
ViVQA by comparing the generated answer â with
the gold answer a using both automatic metrics and
a strong LLM-based judge.

BLEU (Papineni et al., 2002): measures n-gram
precision between the predicted and reference an-
swers. We report BLEU-1 to BLEU-4 with uni-
form weights and smoothing, which are suitable for

1https://huggingface.co/unicorn-team/
Unicorn-VL-R3
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Figure 2: Question type distribution in the ChartVQA (left) and TableVQA (right) datasets.

short, factual responses where exact token match-
ing is important.

ROUGE (Lin, 2004): a recall-oriented overlap
metric. We report ROUGE-1 and ROUGE-2 to
assess how well the predicted answers cover the
content of the gold answers.

METEOR (Banerjee and Lavie, 2005): com-
bines unigram precision and recall. Due to limited
Vietnamese support, we compute METEOR using
exact word matches only.

BERTScore (Zhang et al., 2019): measures se-
mantic similarity using contextualised multilingual
embeddings, enabling soft matching beyond exact
token overlap.

G-Eval (Liu et al., 2023): We use GPT-4o as a
reference-based LLM judge to evaluate the gen-
erated answer â by directly comparing it with the
ground-truth answer a. The judge scores the pre-
diction on a scale from 0 to 1 based on factual cor-
rectness, completeness, and relevance. This metric
is reported in percentages.

5 Experimental Results

5.1 Overall Results on Table and Chart
Questions

Tables 3 and 4 present the performance of vari-
ous vision-language models on the table test set
(1,105 questions) and the chart test set (826 ques-
tions) of the ChartTableViVQA benchmark under
two settings: instruction-based and zero-shot (no
instruction). The details of implementation config-
urations are described in Appendix D.

On the table test set (Table 3), Qwen mod-
els achieve the most outstanding results in
the instruction-based setting. Qwen3-VL-8B-
Instruct leads in BERTScore with 91.2%. Mean-
while, Qwen2.5-VL-7B-Instruct demonstrates the
best generation quality with BLEU-4 of 39.1%,

ROUGE-2 of 79.2%, METEOR of 73.9%, and
notably the highest LLM Judge score (95.3%).
GPT-4o ranks closely behind with a BERTScore
of 90.3% and LLM Judge of 92.6%. In the
zero-shot setting, GPT-4o leads in LLM Judge
(91.3%), while Qwen2.5-VL-7B-Instruct main-
tains the highest BERTScore (89.5%). Vietnamese-
focused models such as LaVy-7B and Vintern-3B
show significantly lower performance.

On the chart test set (Table 4), GPT-4o es-
tablishes clear leadership in both settings, achiev-
ing the highest BERTScore (92.3% with instruc-
tion and 90.7% zero-shot). Qwen2.5-VL-7B-
Instruct remains highly competitive, particularly
recording the highest LLM Judge score (94.8%) in
the instruction-based setting. Other models such
as Gemini-2.5-Flash, Llama-11B, LaVy-7B, and
Vintern-3B fall into the mid-to-lower tier, while
Qwen3-VL-8B-Thinking and Unicorn-VL-R3 re-
main at the bottom.

The results reveal a significant modality gap be-
tween the two data types. All models perform
substantially better on structured tabular data than
on visually complex charts, with sharp declines in
BLEU-4, ROUGE-2, METEOR, and LLM Judge
scores. This highlights the greater challenge of
chart understanding, which requires advanced vi-
sual analysis, axis and legend interpretation, spatial
reasoning, and quantitative trend extraction.

The use of instruction-based prompting brings
remarkable improvements for the top-performing
models. On the table test set, Qwen2.5-VL-7B-
Instruct improves its LLM Judge from 64.7% to
95.3% (an increase of 30.6%), and METEOR from
59.3% to 73.9% (an increase of 14.6%). On the
chart test set, the model significantly boosts its
LLM Judge from 57.5% to 94.8% (an increase of
37.3%) and METEOR from 39.4% to 65.9% (an
increase of 26.5%). GPT-4o also shows notable
gains in both datasets. These results confirm the
critical importance of detailed instructional guid-
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Model BERTScore BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 METEOR G-Eval

Instruction-based

Qwen3-VL-8B-Instruct 91.2 66.2 57.7 54.0 37.2 83.6 77.5 69.9 92.6
Qwen2.5-VL-7B-Instruct 90.8 69.6 62.7 56.6 39.1 84.3 79.2 73.9 95.3
GPT-4o 90.3 66.0 59.0 53.6 34.8 82.2 76.7 69.8 92.6
Llama-11B 81.2 48.8 44.6 40.1 28.1 64.5 56.8 54.3 78.4
Gemini-2.5-Flash 80.3 38.4 33.9 29.4 19.6 62.4 51.3 42.0 84.1
Vintern-3B 79.1 29.1 20.0 16.3 13.1 61.8 48.3 35.6 88.0
LaVy-7B 76.6 27.6 23.9 18.3 14.5 46.5 40.1 58.8 94.6
Qwen3-VL-8B-Thinking 67.7 18.6 15.7 14.1 8.8 31.4 26.1 26.1 79.2
Unicorn-VL-R3 56.6 0.7 0.5 0.3 0.2 7.5 4.5 6.1 85.0

Zero-shot (No Instruction)

Qwen2.5-VL-7B-Instruct 89.5 56.5 48.0 37.6 27.1 69.1 61.0 59.3 64.7
GPT-4o 88.7 56.7 51.5 44.1 29.7 75.0 65.8 61.5 91.3
Qwen3-VL-8B-Instruct 77.9 20.0 15.3 12.0 9.6 41.8 30.2 24.9 57.2
Gemini-2.5-Flash 73.5 19.5 15.6 11.5 7.8 48.0 33.7 23.2 78.2
Llama-11B 71.6 19.2 13.4 8.7 6.5 32.2 20.3 18.7 28.5
Vintern-3B 71.6 14.2 9.3 6.5 4.8 36.9 25.8 21.2 62.1
LaVy-7B 70.6 12.6 7.4 4.4 3.2 28.3 17.7 29.3 24.1
Qwen3-VL-8B-Thinking 69.4 18.5 15.4 12.2 8.1 35.3 28.3 25.3 77.6
Unicorn-VL-R3 62.4 4.1 2.9 2.2 1.4 11.4 6.7 5.0 46.4

Table 3: Results on the table test set (1,105 questions) with and without instructions (all scores in %).

Model BERTScore BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 METEOR G-Eval

Instruction-based

GPT-4o 92.3 69.3 50.2 40.5 26.6 79.8 62.8 69.5 90.2
Qwen2.5-VL-7B-Instruct 89.7 65.5 48.1 39.6 27.0 76.8 61.7 65.9 94.8
Qwen3-VL-8B-Instruct 88.8 60.8 42.7 36.2 23.9 76.5 58.5 61.2 88.4
Gemini-2.5-Flash 84.1 49.7 30.6 21.9 15.3 69.6 47.9 48.5 83.1
LaVy-7B 83.4 49.5 37.4 24.6 18.0 62.2 48.7 62.6 95.8
Llama-11B 82.4 47.9 35.6 29.8 20.6 62.8 48.0 51.2 82.7
Vintern-3B 79.3 33.8 21.5 16.1 12.4 51.6 39.2 35.5 80.7
Qwen3-VL-8B-Thinking 70.4 25.2 18.0 15.8 10.1 36.5 28.8 29.1 78.1
Unicorn-VL-R3 56.9 1.2 0.8 0.6 0.4 6.0 3.2 6.6 90.5

Zero-shot (No Instruction)

GPT-4o 90.7 58.7 42.2 32.7 21.8 69.1 52.1 57.8 76.3
Qwen2.5-VL-7B-Instruct 82.6 37.0 27.5 21.1 14.6 48.9 37.0 39.4 57.5
Gemini-2.5-Flash 81.5 39.4 22.2 15.5 11.1 60.1 38.8 38.0 77.7
Qwen3-VL-8B-Instruct 81.4 29.9 17.4 12.8 9.5 45.9 29.2 31.4 60.6
Llama-11B 78.0 24.9 16.9 11.6 8.2 36.3 23.5 24.2 39.9
Vintern-3B 74.8 16.2 9.7 6.6 5.2 26.7 16.0 17.6 44.2
LaVy-7B 74.6 18.3 9.7 6.3 5.0 34.3 21.8 21.9 30.1
Qwen3-VL-8B-Thinking 73.4 20.1 14.4 10.2 7.0 39.1 28.6 22.4 72.5
Unicorn-VL-R3 69.6 14.6 10.4 7.3 5.1 28.9 21.3 16.2 60.5

Table 4: Results on the chart test set (826 questions) with and without instructions (all scores in %).

Subset Question type Count BERTScore (%) BLEU-1 (%) BLEU-2 (%) BLEU-3 (%) BLEU-4 (%) ROUGE-1 (%) ROUGE-2 (%) METEOR (%) G-Eval (%)

Chart Image Info 26 90.8 71.6 66.6 61.5 57.1 84.3 77.8 84.7 95.5
Chart Lookup 196 93.9 79.9 57.3 52.3 31.9 85.7 70.6 78.6 97.9
Chart Aggregation 138 95.0 82.4 63.8 56.6 35.4 89.7 79.3 82.3 98.7
Chart Comparison 258 85.9 53.5 39.9 29.0 21.1 65.9 48.8 55.9 90.1
Chart Trend Analysis 208 86.9 54.7 36.7 26.7 20.6 72.4 55.9 53.0 95.1

Table Image Info 70 95.9 85.5 83.2 81.0 78.4 93.3 90.3 90.4 96.4
Table Lookup 189 98.1 92.8 87.7 81.5 50.2 98.2 95.3 94.5 98.9
Table Aggregation 351 96.3 87.2 80.2 76.0 48.9 93.2 90.7 90.5 99.0
Table Comparison 208 75.0 27.1 26.4 15.5 11.1 59.0 50.7 42.5 87.7
Table Trend Analysis 287 89.5 59.8 46.3 40.3 30.4 80.4 72.4 58.8 93.8

Table 5: Average scores by question type for Qwen2.5-VL-7B-Instruct on the chart (826 questions) and table (1,105
questions) test subsets with instructions.

ance in enhancing the structured visual reasoning
capabilities of current vision-language models.

5.2 Results by Question Type and Difficulty

To provide a finer-grained analysis, we break down
the performance of Qwen2.5-VL-7B-Instruct
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according to our question taxonomy in the
instruction-based setting (Table 5). Following
the defined difficulty hierarchy—Image Info and
Lookup (easy), Aggregation (medium), and Com-
parison and Trend Analysis (hard)—the results
strongly validate the intended design of the bench-
mark. Easy questions are largely solved across
both modalities. On tables, Image Info achieves
a BLEU-4 of 78.4%, METEOR of 90.4%, and
LLM Judge of 96.4%, while Lookup attains 50.2%
BLEU-4, 94.5% METEOR, and 98.9% LLM
Judge. On charts, Image Info reaches 57.1%
BLEU-4, 84.7% METEOR, and 95.5% LLM
Judge, and Lookup obtains 31.9% BLEU-4, 78.6%
METEOR, and 97.9% LLM Judge. These strong
scores reflect robust visual grounding and precise
value extraction capabilities. Medium-difficulty
Aggregation questions also yield excellent results,
particularly on tables (BLEU-4 48.9%, METEOR
90.5%, LLM Judge 99.0%) and to a lesser extent
on charts (BLEU-4 35.4%, METEOR 82.3%, LLM
Judge 98.7%). In contrast, hard questions requir-
ing complex numerical reasoning remain signifi-
cantly more challenging. On tables, Comparison is
the most difficult category (BLEU-4 11.1%, ME-
TEOR 42.5%, LLM Judge 87.7%), followed by
Trend Analysis (BLEU-4 30.4%, METEOR 58.8%,
LLM Judge 93.8%). On charts, both hard cat-
egories show notable weakness: Comparison at
21.1% BLEU-4, 55.9% METEOR, 90.1% LLM
Judge and Trend Analysis at 20.6% BLEU-4, 53.0%
METEOR, 95.1% LLM Judge. Overall, the clear
performance stratification across difficulty levels
confirms the taxonomy’s validity. While Qwen2.5-
VL-7B-Instruct excels at straightforward visual-
text alignment and simple retrieval tasks (reflected
in very high LLM Judge scores), tasks involving
comparative reasoning, multi-step aggregation, and
temporal/spatial trend interpretation continue to
expose the current limitations of vision-language
models, especially in the chart modality.

5.3 Error Analysis

Subset #Q Numerical Mismatch Comparison

Chart 151 5 41 11
Table 159 4 55 18

Table 6: Distribution of error types for Qwen2.5-VL-
7B-Instruct on a sampled set of chart and table questions
in the instruction setting.

We analyze the failure modes of Qwen2.5-VL-

7B-Instruct by manually inspecting its predictions
on 151 chart questions and 159 table questions in
the instruction-based setting. Errors are classified
into three main categories: Mismatch, Compari-
son, and Numerical. The distribution of these error
types is summarized in Table 6, with representative
examples provided in the Appendix E. Mismatch
errors are the most prevalent in both modalities, ac-
counting for 41 out of 57 errors on charts and 55 out
of 77 errors on tables. These cases typically involve
producing a semantically correct numerical value
but failing to match the expected surface form (e.g.,
differences in sign notation, decimal formatting, or
unit presentation). This highlights how strict string-
based evaluation metrics can penalize predictions
that are conceptually accurate yet unnormalized.
Comparison errors form the second largest cate-
gory, with 11 instances on charts and 18 on tables.
Here, the model correctly extracts relevant values
but fails to infer the proper relational conclusion
(e.g., misjudging which value is higher, lower, or
equal). This pattern is consistent with the notably
low BLEU-4 and METEOR scores observed for
Comparison questions in Table 5, underscoring
ongoing difficulties in relational reasoning even
under guided prompting. Pure numerical errors
are the least common (5 on charts and 4 on tables)
and primarily stem from mistakes in magnitude,
scaling, or unit interpretation (e.g., treating scaled
values as absolute quantities). Overall, the qual-
itative error analysis complements the automatic
metrics by revealing that answer normalization is-
sues and comparison-based reasoning remain the
dominant sources of failure for Qwen2.5-VL-7B-
Instruct on ChartTableViVQA, despite step-by-step
instructions usage.

6 Conclusion

This paper introduced ChartTableViVQA, a
benchmark dataset for Vietnamese Visual Ques-
tion Answering over chart and table images. The
dataset consists of 13K human-validated question-
answer-instruction triplets that span multiple rea-
soning types and difficulty levels, providing a
systematic evaluation setting for a low-resource
language. Through extensive benchmarking, we
showed that current vision-language models per-
form substantially better on tables than on charts,
and that instruction-based prompting consistently
improves performance. Finally, ChartTableViVQA
facilitates future research on model adaptation,
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reasoning-aware architectures, and training strate-
gies for chart and table understanding in low-
resource settings. The dataset and source code are
available at https://github.com/sonlam1102/
charttablevivqa.

Limitations

Despite the improvements brought by instruction-
based prompting, current vision–language models
still exhibit fundamental limitations in numerical
reasoning on ChartTableViVQA. Although models
can often identify relevant numerical values from
tables or charts, their reasoning remains unstable
across similar questions, resulting in inconsistent
predictions for numerically comparable cases.

Relational operators such as higher, lower, in-
crease, decrease, and difference are not consistently
grounded in correct numerical comparisons, espe-
cially when multiple reference values or directional
changes must be considered. These issues are par-
ticularly evident in comparison and trend analysis
tasks, where correct answers require reasoning over
relationships rather than direct value extraction.

Furthermore, model performance degrades on
multi-step and multi-reference questions, such as
aggregations across rows or columns or analyses
over multiple time points. Even when intermediate
values are correctly identified, failures in combin-
ing them coherently highlight the lack of reliable
structured and compositional numerical reasoning
in current vision–language models.
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A Appendix: Full Prompt Templates with
Example Outputs

Below are the full versions of each Vietnamese
meta-prompt used in the experiments. Each version
is followed by example outputs and their English
translations.

A.1 Prompt 1 – Initial Version (Basic
Questions)

Prompt in Vietnamese (Prompt 1): Dựa trên ảnh
Bảng/Biểu đồ trên, hãy tạo 16 câu hỏi cho một
bảng/biểu đồ số liệu (bạn tự chọn), chia thành 4
nhóm, mỗi nhóm 4 câu. Các nhóm câu hỏi bao
gồm:

1. Truy xuất dữ liệu trực tiếp (lookup) – 4 câu
Mỗi câu yêu cầu xác định rõ hàng và cột chứa
dữ liệu và chỉ truy xuất một giá trị cụ thể từ
bảng. Không yêu cầu tính toán.

2. Phép toán cơ bản (aggregation) – 4 câu Mỗi
câu yêu cầu xác định phạm vi dữ liệu và nêu rõ
phép toán cần áp dụng như tổng (sum), trung
bình (average), hoặc hiệu (difference). Kết
quả phải được tính toán chính xác.

3. So sánh (comparison) – 4 câu Mỗi câu yêu
cầu so sánh hai hoặc nhiều giá trị từ bảng, với
yêu cầu rõ ràng về loại so sánh cần thực hiện
(lớn nhất, nhỏ nhất, cao hơn, thấp hơn). Kết
quả phải có đơn vị cụ thể và chỉ rõ sự chênh
lệch.

4. Phân tích xu hướng (trend analysis) – 4 câu
Câu hỏi yêu cầu phân tích sự thay đổi của
giá trị theo thời gian. Ví dụ: “Từ năm 2015
đến năm 2021, GDP của Ma-lai-xi-a tăng hay
giảm bao nhiêu %?”

Yêu cầu:

• Có một câu hỏi tổng quan về nội dung bảng,
như “Biểu đồ trên cho thấy gì?”

• Câu hỏi cần rõ ràng và dễ hiểu

English translation (Prompt 1): Based on the
table/chart image provided, create 16 questions for
any data table or chart you choose, divided into 4
groups of 4 questions each. The groups are:

1. Data Retrieval (lookup) – 4 questions Each
question requires identifying the row and col-
umn containing the data and retrieving a spe-
cific value from the table, with no calcula-
tions.

2. Basic Operations (aggregation) – 4 ques-
tions Each question requires specifying a data
range and the operation to perform, such as
sum, average, or difference. Results must be
calculated accurately.

3. Comparison – 4 questions Each question re-
quires comparing two or more values from the
table, with clear instructions on the type of
comparison (largest, smallest, higher, lower).
Results must include specific units and the
difference.

4. Trend Analysis – 4 questions Each question
requires analyzing the change in values over
time. Example: “From 2015 to 2021, did
Malaysia’s GDP increase or decrease by what
%?”

Requirements:

• At least one question should summarize the
overall content of the table/chart.

• Questions should be clear and easy to under-
stand.

Example Output for Prompt 1 (Initial Version)

1. Question: Biểu đồ nói về gì?
Answer: Thu nhập bình quân đầu người của
Việt Nam và Singapore từ 2015 đến 2020.

2. Question: Năm 2020 Việt Nam bao nhiêu?
Answer: 2779

3. Question: Singapore năm 2018 là bao nhiêu?
Answer: 66679

4. Question: Tổng thu nhập Việt Nam 6 năm là
bao nhiêu?
Answer: khoảng 15000

English Translation (Example Output for
Prompt 1):

1. Question: What does the chart show?
Answer: The per capita income of Vietnam
and Singapore from 2015 to 2020.

2. Question: How much was Vietnam’s income
in 2020?
Answer: 2779

3. Question: How much was Singapore’s in-
come in 2018?
Answer: 66679

109



4. Question: What is the total income of Viet-
nam over 6 years?
Answer: approximately 15000

A.2 Prompt 2 – Refined Version

Prompt in Vietnamese (Prompt 2): Dựa trên ảnh
Bảng/ Biểu đồ trên, hãy tạo 16 câu hỏi cho một
bảng/biểu đồ số liệu (bạn tự chọn), chia thành 4
nhóm, mỗi nhóm 4 câu. Các nhóm câu hỏi bao
gồm:

1. Truy xuất dữ liệu trực tiếp (lookup) – 4 câu
Mỗi câu yêu cầu xác định rõ hàng và cột chứa
dữ liệu và chỉ truy xuất một giá trị cụ thể từ
bảng. Không yêu cầu tính toán.

2. Phép toán cơ bản (aggregation) – 4 câu Mỗi
câu yêu cầu xác định phạm vi dữ liệu và nêu rõ
phép toán cần áp dụng như tổng (sum), trung
bình (average), hoặc hiệu (difference). Kết
quả phải được tính toán chính xác.

3. So sánh (comparison) – 4 câu Mỗi câu yêu
cầu so sánh hai hoặc nhiều giá trị từ bảng, với
yêu cầu rõ ràng về loại so sánh cần thực hiện
(lớn nhất, nhỏ nhất, cao hơn, thấp hơn). Kết
quả phải có đơn vị cụ thể và chỉ rõ sự chênh
lệch.

4. Phân tích xu hướng (trend analysis) – 4 câu
Câu hỏi yêu cầu phân tích sự thay đổi của
giá trị theo thời gian. Ví dụ: “Từ năm 2015
đến năm 2021, GDP của Ma-lai-xi-a tăng hay
giảm bao nhiêu %?”

Yêu cầu:

• Có một câu hỏi tổng quan về nội dung bảng,
như “Biểu đồ trên cho thấy gì?”.

• Câu hỏi đa dạng cách hỏi, luôn thay đổi chủ
ngữ, tránh lặp lại.

• Với năm, trả lời thêm “Năm” trước, như “Năm
2019” thay vì chỉ 2019.

• Thêm đa dạng cụm từ như “tăng/giảm bao
nhiêu phần trăm”, “cao hơn hay thấp hơn”.

• Đáp án phải có đơn vị đầy đủ.

English translation (Prompt 2): Based on the
table/chart image provided, create 16 questions for
any data table or chart you choose, divided into 4
groups of 4 questions each. The groups are:

1. Data Retrieval (lookup) – 4 questions Each
question requires identifying the row and col-
umn containing the data and retrieving a spe-
cific value from the table, with no calcula-
tions.

2. Basic Operations (aggregation) – 4 ques-
tions Each question requires specifying a data
range and the operation to perform, such as
sum, average, or difference. Results must be
calculated accurately.

3. Comparison – 4 questions Each question re-
quires comparing two or more values from
the table, with clear instructions on what type
of comparison is needed (largest, smallest,
higher, lower). Results must include specific
units and the difference.

4. Trend Analysis – 4 questions Each question
requires analyzing the change in values over
time. Example: "From 2015 to 2021, did
Malaysia’s GDP increase or decrease by what
%?"

Requirements:

• At least one question should summarize the
overall content of the table/chart.

• Questions should vary in phrasing, always
changing the subject and avoiding repetition.

• For year-related questions, include "Year" be-
fore the year, such as "Year 2019" instead of
just 2019.

• Add variety in phrases such as "in-
crease/decrease by how much", "higher or
lower", "how much did it change", etc.

• Answers must always include full units (e.g.,
USD, %, million VND, etc.).

Example Output for Prompt 2 (Refined Version)

1. Question: Biểu đồ trên thể hiện nội dung gì?
Answer: Thu nhập bình quân đầu người/năm
của Việt Nam và Singapore từ 2015 đến 2020.

2. Question: Năm 2020, thu nhập bình quân
đầu người của Việt Nam là bao nhiêu?
Answer: 2779 đô la Mỹ.

110



3. Question: Thu nhập bình quân đầu người của
Singapore năm 2020 tăng hay giảm bao nhiêu
phần trăm so với năm 2019?
Answer: Giảm khoảng 8,3%.

4. Question: Năm 2019, thu nhập bình quân
đầu người của Việt Nam cao hơn hay thấp
hơn năm 2018 bao nhiêu đô la Mỹ?
Answer: Cao hơn 144 đô la Mỹ.

English Translation (Example Output for
Prompt 2):

1. Question: What does the chart show?
Answer: The per capita income per year of
Vietnam and Singapore from 2015 to 2020.

2. Question: What was the per capita income of
Vietnam in 2020?
Answer: 2779 USD.

3. Question: Did Singapore’s per capita income
in 2020 increase or decrease by how much
compared to 2019?
Answer: Decreased by approximately 8.3%.

4. Question: Was Vietnam’s per capita income
in 2019 higher or lower than in 2018 by how
much?
Answer: Higher by 144 USD.

A.3 Prompt 3 – Enhanced Version with
Instruction

Prompt in Vietnamese (Prompt 3): Dựa trên ảnh
Bảng/ Biểu đồ trên, hãy tạo 16 câu hỏi cho một
bảng/biểu đồ, chia thành 4 nhóm chính, mỗi nhóm
4 câu. Các nhóm câu hỏi bao gồm:

1. Truy xuất dữ liệu trực tiếp (lookup) – 4 câu
Mỗi câu yêu cầu xác định rõ hàng và cột chứa
dữ liệu và chỉ truy xuất một giá trị cụ thể từ
bảng. Không yêu cầu tính toán.

2. Phép toán cơ bản (aggregation) – 4 câu Mỗi
câu yêu cầu xác định phạm vi dữ liệu và nêu rõ
phép toán cần áp dụng như tổng (sum), trung
bình (average), hoặc hiệu (difference). Kết
quả phải được tính toán chính xác.

3. So sánh (comparison) – 4 câu Mỗi câu yêu
cầu so sánh hai hoặc nhiều giá trị từ bảng, với
yêu cầu rõ ràng về loại so sánh cần thực hiện
(lớn nhất, nhỏ nhất, cao hơn, thấp hơn). Kết
quả phải có đơn vị cụ thể và chỉ rõ sự chênh
lệch.

4. Phân tích xu hướng (trend analysis) – 4 câu
Câu hỏi yêu cầu phân tích sự thay đổi của
giá trị theo thời gian. Ví dụ: “Từ năm 2015
đến năm 2021, GDP của Ma-lai-xi-a tăng hay
giảm bao nhiêu %?”

Yêu cầu:

• Mỗi câu hỏi và đáp án phải có phần Instruc-
tion chỉ rõ vị trí hàng/cột và cách tính toán
(nếu có).

• Năm phải ghi đầy đủ theo định dạng “Năm
20XX”.

• Câu hỏi và đáp án phải rõ ràng và chính xác.

Hướng dẫn trả lời và đáp án:

• Đáp án phải có đơn vị rõ ràng (%, tỷ đồng,
triệu người, nghìn tấn, km², . . . tùy vào từng
trường hợp).

• Với “chênh lệch”, chỉ ghi giá trị chênh lệch,
không cần ghi “cao hơn” hay “thấp hơn”.

• Với “cao hơn” hoặc “thấp hơn”, chỉ cần ghi
mức chênh lệch, không cần thêm từ “chênh
lệch”.

• Với câu hỏi “thay đổi như thế nào”, trả lời theo
cấu trúc “tăng” hoặc “giảm” bao nhiêu và kèm
đơn vị, ví dụ: "Năm 2019, tỷ lệ thất nghiệp ở
thành thị có tăng hay giảm so với năm 2015?".

• Khi câu hỏi yêu cầu tính phần trăm, phải thực
hiện phép toán và trả lời theo tỷ lệ phần trăm.

Nguyên tắc Instruction:

• Mỗi câu hỏi phải có hướng dẫn rõ ràng, chỉ rõ
vị trí hàng và cột trong bảng.

• Câu truy xuất dữ liệu (lookup) bắt đầu bằng:
“Tìm giá trị tại cột ’A’, hàng ’B’ là . . . ”.

• Câu về chênh lệch (difference) bắt đầu bằng:
“Lấy giá trị tại cột ’A’, hàng ’B’ là số liệu”
và tiếp theo là phép trừ để tính hiệu. Ví dụ:
“Lấy giá trị tại cột ’Bắc Trung Bộ và Duyên
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hải Nam Trung Bộ’ tại cột ’2021’ là 1198.7
và trừ giá trị tại cột ’2020’ là 1157.7: 1198.7
- 1157.7 = 17.0".

• Câu về so sánh bắt đầu bằng: “So sánh giá trị
tại hàng ’B’, cột ’A’ và hàng ’C’, cột ’B’”. Sau
đó sẽ nêu rõ kết quả và sự chênh lệch.

• Câu hỏi về tăng/giảm thay đổi sử dụng cấu trúc
tương tự như câu so sánh nhưng ghi “tăng”
hoặc “giảm”.

• Câu tính toán (tổng, trung bình, phần trăm,. . . )
cần chỉ rõ cột và hàng, ví dụ: "Tính tổng tỷ lệ
thất nghiệp ở thành thị trong các năm từ 2010
đến 2021".

Đồng bộ giữa Instruction và Answer:

• Đảm bảo đáp án phải khớp hoàn toàn với In-
struction về số liệu và đơn vị.

• Kiểm tra kỹ lưỡng các phép toán trong In-
struction để đảm bảo chúng đúng với dữ liệu
bảng.

English translation (Prompt 3): Based on the ta-
ble/chart image provided, create 16 questions for a
table/chart, divided into 4 main groups, each group
containing 4 questions. The groups are:

1. Data Retrieval (lookup) – 4 questions Each
question requires identifying the row and col-
umn containing the data and retrieving a spe-
cific value from the table, with no calcula-
tions.

2. Basic Operations (aggregation) – 4 ques-
tions Each question requires specifying a data
range and the operation to perform, such as
sum, average, or difference. Results must be
calculated accurately.

3. Comparison – 4 questions Each question re-
quires comparing two or more values from
the table, with clear instructions on what type
of comparison is needed (largest, smallest,
higher, lower). Results must include specific
units and the difference.

4. Trend Analysis – 4 questions Each question
requires analyzing the change in values over
time. Example: "From 2015 to 2021, did
Malaysia’s GDP increase or decrease by what
%?"

Creation Guidelines:

• Every question and answer must include an
Instruction specifying the row/column posi-
tions and calculation method (if applicable).

• Years must be written in full as "Year 20XX".

• Questions and answers must be clear and ac-
curate.

Answer and Instruction Guidelines:

• Answers must include specific units (%, mil-
lion tons, million people, etc.).

• For "difference", only the value of the dif-
ference should be written, without adding
"higher" or "lower".

• For "higher" or "lower", only the difference
should be provided, without adding the word
"difference".

• For "how much change", answer with "in-
crease" or "decrease" and include the unit,
e.g., "In 2019, did the urban unemployment
rate increase or decrease compared to 2015?".

• When a question asks for a percentage, the
calculation must be done and answered in per-
centage form.

Instruction Guidelines:

• Every question must have clear instructions
specifying row/column positions in the table.

• For data retrieval (lookup), instructions should
begin with: "Find the value in column ’A’, row
’B’ as . . . ".

• For difference, instructions should begin with:
"Take the value in column ’A’, row ’B’ as data”
and perform subtraction. For example: "Take
the value for ’Central North and South Central
Coast’ in column ’2021’ as 1198.7 and sub-
tract the value in column ’2020’ as 1157.7:
1198.7 - 1157.7 = 17.0".

• For comparison, instructions should begin
with: "Compare the value at row ’B’, column
’A’ and row ’C’, column ’B’". Then, state the
result and difference.

• For increase/decrease, use the same structure
as comparison but specify "increase" or "de-
crease".
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• For calculations (sum, average, percentage,
etc.), clearly specify the rows and columns
used, e.g., "Calculate the total unemployment
rate in urban areas from 2010 to 2021".

Ensure consistency between Instruction and An-
swer:

• Ensure the answer matches the instruction
completely, including values and units.

• Double-check the calculations in the instruc-
tion to ensure they match the table data.

Example Output for Prompt 3 (Appearance of
Instruction)

1. Question: Biểu đồ trên thể hiện nội dung gì?
Answer: Biểu đồ trên thể hiện Thu nhập bình
quân đầu người/năm của Việt Nam và Singa-
pore từ 2015 đến 2020.
Instruction: Đọc tiêu đề và chú thích của biểu
đồ.

2. Question: Năm 2020, thu nhập bình quân đầu
người của Việt Nam là bao nhiêu?
Answer: 2779 đô la Mỹ.
Instruction: Tìm giá trị tại cột ’Việt Nam’ tại
Năm ’2020’ là 2779.

3. Question: Thu nhập bình quân của Singapore
năm 2020 tăng hay giảm bao nhiêu phần trăm
so với năm 2019?
Answer: Giảm 8,33%.
Instruction: Tính phần trăm thay đổi giữa
năm 2020 và 2019 cho Singapore.

4. Question: Năm 2019, thu nhập bình quân đầu
người của Việt Nam cao hơn hay thấp hơn
năm 2018 bao nhiêu đô la Mỹ?
Answer: Cao hơn 144 đô la Mỹ.
Instruction: So sánh giá trị tại cột ’Việt Nam’
tại Năm ’2019’ là 2714 và Năm ’2018’ là
2570: 2714 - 2570 = 144.

English Translation (Example Output for
Prompt 3):

1. Question: What does the chart show?
Answer: The per capita income per year of
Vietnam and Singapore from 2015 to 2020.
Instruction: Read the title and caption of the
chart.

2. Question: What was the per capita income of
Vietnam in 2020?

Answer: 2779 USD.
Instruction: Find the value in the column
’Vietnam’ for Year ’2020’ as 2779.

3. Question: Did Singapore’s per capita income
in 2020 increase or decrease by how much
compared to 2019?
Answer: Decreased by 8.33%.
Instruction: Calculate the percentage change
between 2020 and 2019 for Singapore.

4. Question: Was Vietnam’s per capita income
in 2019 higher or lower than in 2018 by how
much?
Answer: Higher by 144 USD.
Instruction: Compare the value in the column
’Vietnam’ for Year ’2019’ as 2714 and Year
’2018’ as 2570: 2714 - 2570 = 144 (Higher).

A.4 Prompt 4 – Final Consolidated Version
(used in experiments)

Prompt in Vietnamese (Prompt 4): Dựa trên
ảnh Bảng/ Biểu đồ trên, hãy tạo 16 câu hỏi cho
bảng/biểu đồ, chia thành 4 nhóm chính, mỗi nhóm
4 câu. Các nhóm câu hỏi cụ thể bao gồm:

1. Truy xuất dữ liệu trực tiếp (lookup) – 4 câu
Mỗi câu yêu cầu xác định rõ hàng và cột chứa
dữ liệu và chỉ truy xuất một giá trị cụ thể từ
bảng, không yêu cầu tính toán.

2. Phép toán cơ bản (aggregation) – 4 câu Mỗi
câu yêu cầu xác định phạm vi dữ liệu và nêu rõ
phép toán cần áp dụng như tổng (sum), trung
bình (average), hoặc hiệu (difference). Kết
quả phải được tính toán chính xác.

3. So sánh (comparison) – 4 câu Mỗi câu yêu
cầu so sánh hai hoặc nhiều giá trị từ bảng, với
yêu cầu rõ ràng về loại so sánh cần thực hiện
(lớn nhất, nhỏ nhất, cao hơn, thấp hơn). Kết
quả phải có đơn vị cụ thể và chỉ rõ sự chênh
lệch.

4. Phân tích xu hướng (trend analysis) – 4 câu
Câu hỏi yêu cầu phân tích sự thay đổi của
giá trị theo thời gian. Ví dụ: “Từ năm 2015
đến năm 2021, GDP của Ma-lai-xi-a tăng hay
giảm bao nhiêu %?”

Yêu cầu:

• Với các câu hỏi liên quan đến năm, trả lời phải
bao gồm đầy đủ "Năm" trước giá trị năm, ví
dụ: "Năm 2019" thay vì chỉ ghi "2019".
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• Đảm bảo sự đa dạng trong các cụm từ như
"tăng/giảm bao nhiêu phần trăm", "cao hơn
hay thấp hơn", "thay đổi như thế nào".

Cách trả lời và yêu cầu về phần đáp án:

• Đáp án phải có đơn vị rõ ràng (%, tỷ đồng,
triệu người, nghìn tấn, km², . . . tùy vào từng
trường hợp).

• Đối với các câu có từ "chênh lệch", trả lời chỉ
cần giá trị chênh lệch mà không cần thêm "cao
hơn" hoặc "thấp hơn".

• Câu hỏi có từ "cao hơn" hoặc "thấp hơn" chỉ
cần xác định sự khác biệt giữa hai giá trị mà
không cần tính thêm "chênh lệch".

• Các câu hỏi có từ "thay đổi như thế nào" phải
trả lời theo hướng "tăng hay giảm bao nhiêu"
và kèm đơn vị, ví dụ: "Năm 2019, tỷ lệ thất
nghiệp ở thành thị có tăng hay giảm so với
năm 2015?".

• Khi câu hỏi yêu cầu tính phần trăm, phải thực
hiện phép toán và trả lời theo tỷ lệ phần trăm.

Quy tắc cho phần Instruction:

• Mọi câu hỏi phải có instruction rõ ràng, chỉ rõ
vị trí hàng và cột trong bảng.

• Câu truy xuất trực tiếp (lookup) bắt đầu bằng:
"Tìm giá trị tại cột ’A’, hàng ’B’ là . . . ".

• Câu hỏi về chênh lệch (difference) sẽ bắt đầu
bằng: "Lấy giá trị tại cột ’A’, hàng ’B’ là số
liệu" và tiếp theo là phép trừ để tính hiệu. Ví
dụ: "Lấy giá trị hàng ’Bắc Trung Bộ và Duyên
hải Nam Trung Bộ’ tại cột ’2021’ là 1198.7
và trừ giá trị tại cột ’2020’ là 1157.7: 1198.7
- 1157.7 = 17.0".

• Câu hỏi về so sánh bắt đầu bằng: "So sánh giá
trị tại hàng ’B’, cột ’A’ và hàng ’C’, cột ’B’".
Sau đó sẽ nêu rõ kết quả và sự chênh lệch.

• Câu hỏi về tăng/giảm thay đổi sử dụng cấu
trúc tương tự như câu so sánh nhưng kết quả
phải ghi là "tăng" hoặc "giảm".

• Câu hỏi tính toán (tổng, trung bình, phần
trăm,. . . ) cần chỉ rõ cột và hàng, ví dụ: "Tính
tổng tỷ lệ thất nghiệp ở thành thị trong các
năm từ 2010 đến 2021".

Đảm bảo tính nhất quán giữa Instruction và
Answer:

• Đảm bảo answer phải trùng khớp hoàn toàn
với instruction, cả giá trị số và đơn vị.

• Kiểm tra kỹ lưỡng trước khi đưa ra đáp án để
đảm bảo mọi phép toán trong instruction đều
được áp dụng đúng theo bảng dữ liệu.

English translation (Prompt 4): Create exactly
16 questions for the table/chart, divided into 4 main
groups, each group containing 4 questions. Each
question in the groups will follow specific guide-
lines to ensure clarity and consistency. The groups
are:

1. Data Retrieval (lookup) – 4 questions Each
question requires clearly identifying the row
and column containing the data and retriev-
ing a specific value from the table, without
calculations.

2. Basic Operations (aggregation) – 4 ques-
tions Each question requires identifying a data
range and specifying a calculation such as sum
(sum), average (average), or difference (differ-
ence). Results must be calculated accurately.

3. Comparison – 4 questions Each question re-
quires comparing two or more values from
the table, specifying the type of comparison
needed, such as "largest", "smallest", "higher",
"lower", "greater", "smaller". The result of the
comparison should include specific units and
the difference, if applicable.

4. Trend Analysis – 4 questions Each question
requires analyzing the change in values over
time. Example: "From 2015 to 2021, did
Malaysia’s GDP increase or decrease by what
%?"

Creation Guidelines:

• For year-related questions, always include
"Year" before the year, e.g., "Year 2019" in-
stead of just "2019".

• Ensure diversity in phrasing such as "in-
crease/decrease by how much", "higher or
lower", "how much did it change".

Answer and Instruction Guidelines:

• Answers must include specific units (%, mil-
lion tons, million people, etc.).
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• For "difference", only the value of the dif-
ference should be written, without adding
"higher" or "lower".

• For "higher" or "lower", only the difference
should be provided, without adding the word
"difference".

• For "how much change", answer with "in-
crease" or "decrease" and include the unit,
e.g., "In 2019, did the urban unemployment
rate increase or decrease compared to 2015?".

• When a question asks for a percentage, the
calculation must be done and answered in per-
centage form.

Instruction Guidelines:

• Every question must have clear instructions
specifying row/column positions in the table.

• For data retrieval (lookup), instructions should
begin with: "Find the value in column ’A’, row
’B’ as . . . ".

• For difference, instructions should begin with:
"Take the value in column ’A’, row ’B’ as data”
and perform subtraction. For example: "Take
the value for ’Central North and South Central
Coast’ in column ’2021’ as 1198.7 and sub-
tract the value in column ’2020’ as 1157.7:
1198.7 - 1157.7 = 17.0".

• For comparison, instructions should begin
with: "Compare the value at row ’B’, column
’A’ and row ’C’, column ’B’". Then, state the
result and difference.

• For increase/decrease, use the same structure
as comparison but specify "increase" or "de-
crease".

• For calculations (sum, average, percentage,
etc.), clearly specify the rows and columns
used, e.g., "Calculate the total unemployment
rate in urban areas from 2010 to 2021".

Ensure consistency between Instruction and An-
swer:

• Ensure the answer matches the instruction
completely, including values and units.

• Double-check the calculations in the instruc-
tion to ensure they match the table data.

Example Output for Prompt 4 (Fully Developed
Version with Strict Instructions)

1. Question: Biểu đồ trên thể hiện nội dung gì?
Answer: Biểu đồ trên thể hiện Thu nhập bình
quân đầu người/năm của Việt Nam và Singa-
pore từ 2015 đến 2020.
Instruction: Thu nhập bình quân đầu
người/năm của Việt Nam và Singapore từ
2015 đến 2020.

2. Question: Năm 2020, thu nhập bình quân đầu
người của Việt Nam là bao nhiêu?
Answer: 2779 đô la Mỹ.
Instruction: Tìm giá trị tại cột ’Việt Nam’ tại
Năm ’2020’ là 2779.

3. Question: Thu nhập bình quân của Singapore
năm 2020 tăng hay giảm bao nhiêu phần trăm
so với năm 2019?
Answer: Giảm 8,33%.
Instruction: Tính phần trăm thay đổi bằng
cách lấy ((59798 - 65233) / 65233) * 100 =
-8,33% (Giảm).

4. Question: Năm 2019, thu nhập bình quân đầu
người của Việt Nam cao hơn hay thấp hơn
năm 2018 bao nhiêu đô la Mỹ?
Answer: Cao hơn 144 đô la Mỹ.
Instruction: So sánh giá trị tại cột ’Việt Nam’
tại Năm ’2019’ là 2714 và Năm ’2018’ là
2570: 2714 > 2570, 2714 - 2570 = 144 (Cao
hơn).

English Translation (Example Output for
Prompt 4):

1. Question: What does the chart show?
Answer: The per capita income per year of
Vietnam and Singapore from 2015 to 2020.
Instruction: Income per year of Vietnam and
Singapore from 2015 to 2020.

2. Question: What was the per capita income of
Vietnam in 2020?
Answer: 2779 USD.
Instruction: Find the value in the column
’Vietnam’ for Year ’2020’ as 2779.

3. Question: Did Singapore’s per capita income
in 2020 increase or decrease by how much
compared to 2019?
Answer: Decreased by 8.33%.
Instruction: Calculate the percentage change
by taking ((59798 - 65233) / 65233) * 100 =
-8.33% (Decrease).
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4. Question: Was Vietnam’s per capita income
in 2019 higher or lower than in 2018 by how
much?
Answer: Higher by 144 USD.
Instruction: Compare the value in the column
’Vietnam’ for Year ’2019’ as 2714 and Year
’2018’ as 2570: 2714 > 2570, 2714 - 2570 =
144 (Higher).

B Appendix: Additional Examples of
Annotation Errors

This appendix provides illustrative examples for
the three error categories described in Section 3.4.
The original question–answer pairs are written in
Vietnamese, as in the dataset, and are accompanied
by English translations for clarity.

B.1 Severe Semantic Errors (Removed)
Example 1: Conceptually invalid terminology.

• Underlying chart: Annual crude oil produc-
tion (million tonnes) of a country.

• Original Vietnamese question (generated
by ChatGPT):
“Sản lượng nuôi trồng dầu thô năm 2014 là
bao nhiêu?”
English translation:
“What is the production of cultivated crude
oil in 2014?”

• Issue: The phrase “nuôi trồng dầu thô” (“cul-
tivated crude oil”) is semantically incorrect:
crude oil is extracted, not cultivated like crops
or aquaculture products.

• Resolution: The question is treated as a se-
vere semantic error and removed from the
dataset, since fixing it would effectively create
a new question with different meaning.

B.2 Repairable Semantic Issues (Corrected
and Retained)

Example 2: Unnatural phrasing in a relative
comparison.

• Underlying table: Population of Viet Nam
and Thailand (millions) in 2021.

• Original Vietnamese question (generated
by ChatGPT):
“Dân số của Việt Nam năm 2021 có cao hơn
1,5 lần so với Thái Lan không?”
English translation:

“Is the population of Viet Nam in 2021 more
than 1.5 times higher than that of Thailand?”

• Issue: The comparison is meaningful, but the
expression “cao hơn 1,5 lần” is stylistically
stiff in Vietnamese.

• Revised Vietnamese question:
“Dân số của Việt Nam năm 2021 có cao hơn
khoảng gấp rưỡi so với Thái Lan không?”
English translation:
“Is the population of Viet Nam in 2021 ap-
proximately one and a half times larger than
that of Thailand?”

• Resolution: The wording is normalised while
preserving the underlying comparison task;
the answer is checked and adjusted to match
the actual ratio in the table.

B.3 Computational Errors (Corrected by
Manual Recalculation)

Example 3: Incorrect percentage growth.
• Underlying chart: Growth rate (in %) of or-

ange and mandarin production from 2017 to
2021.

• Original Vietnamese question (generated
by ChatGPT):
“Năm 2021, tỉ lệ tăng trưởng sản lượng cam,
quýt là bao nhiêu?”
English translation:
“In 2021, what is the growth rate of orange
and mandarin production?”

• Original Vietnamese answer (generated by
ChatGPT, incorrect):
“236,2%.”
English translation:
“236.2%.”

• Issue: The question is aligned with the chart,
but 236.2% does not match the value obtained
when the growth rate is computed from the
data using the standard formula:

growth rate =
value2021 − value2020

value2020
× 100.

• Resolution: The annotator manually recom-
putes the percentage based on the 2020 and
2021 values, replaces 236.2% with the correct
value, and updates the Vietnamese instruc-
tion to describe the correct computation steps.
The triplet is kept in the final dataset after
correction.
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Figure 3: Distribution of question difficulty by chart type in ChartTableViVQA (%).

C Question difficulty distribution by
chart types

Figure 3 shows the difficulty distribution broken
down by chart types, including Area Chart, Bar
Chart, Combo Chart, Grouped Bar Chart, Line
Chart, Pie Chart, Stacked Area Chart, and Stacked
Bar Chart.

D Implementation details

All experiments are implemented in PyTorch us-
ing official or community-maintained inference li-
braries. Inference is performed on a single NVIDIA
RTX 3090 GPU via vast.ai.

We use a unified decoding configuration for
all models: maximum generation length of 150
tokens, beam size equals 7, temperature equals
0.4, top-p equals 0.9, and repetition penalty equals
1.5. Prompts instruct models to answer concisely
in Vietnamese and include numerical values with
units.

Before evaluation, model outputs undergo mini-
mal normalisation (whitespace and punctuation),
while all numerical values and units are preserved.
The same post-processing is applied across models
and settings to ensure fair comparison.
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E Error predicted sample

Qualitative examples of numerical, mismatch, and comparison errors made by Qwen2.5-VL-7B-Instruct
on ChartTableViVQA.

Comparison error

Question: Trong năm 2019, tốc độ tăng trưởng sản lượng lúa của Trung du và miền núi Bắc Bộ cao hơn hay thấp hơn
Đồng bằng sông Hồng bao nhiêu phần trăm?
[English] In 2019, by how many percent was the growth rate of rice output in the Midland and Northern Mountainous
region higher or lower than that of the Red River Delta?
Gold answer: Cao hơn 10%. [English] Higher by 10%.
Prediction: Thấp hơn 10%. [English] Lower by 10%.

Mismatch error

Question: Lao động nông thôn giảm bao nhiêu phần trăm từ năm 2017 đến 2021?
[English] By how many percent did rural employment decrease from 2017 to 2021?
Gold answer: Giảm 14,38%. [English] Decreased by 14.38%.
Prediction: -14,38%. [English] -14.38%.

Numerical error

Question: Đông Nam Bộ trong năm 2021 sản xuất được bao nhiêu tấn lúa?
[English] How many tons of rice were produced in the Southeast region in 2021?
Gold answer: 1411,8 nghìn tấn. [English] 1411.8 thousand tons.
Prediction: 1411,8 tấn. [English] 1411.8 tons.
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F Appendix: Examples of questions, answers, and instructions in Vietnamese and
English in the ChartTableViVQA dataset

Question: Bảng trên thể hiện nội dung gì? [English: What does the table show?]
Answer: Bảng trên thể hiện đầu tư trực tiếp của nước ngoài được cấp giấy phép ở Việt Nam. [English: The table shows
foreign direct investment licensed in Vietnam.]
Instruction: Cho bảng số liệu đầu tư trực tiếp của nước ngoài được cấp giấy phép ở Việt Nam. [English: Given the
statistical table of foreign direct investment licensed in Vietnam.]
Question type / Difficulty: Image Info – Easy.

Question: Diện tích trồng chuối vào năm 2021 là bao nhiêu nghìn ha? [English: What was the area of banana cultivation
in Vietnam in 2021 in thousand hectares?]
Answer: 154.2 nghìn ha [English: 154.2 thousand hectares]
Instruction: Tìm giá trị của Diện tích (nghìn ha) tại năm 2021 là 154.2. [English: Find the value of Area (thousand
hectares) for the year 2021 which is 154.2.]
Question type / Difficulty: Lookup – Easy.

Question: Chênh lệch sản lượng nuôi trồng thuỷ sản giữa năm 2013 và năm 2005 là bao nhiêu nghìn tấn? [English: What
is the difference in aquaculture production between 2013 and 2005 in thousand tonnes?]
Answer: 1737.9 nghìn tấn [English: 1737.9 thousand tonnes]
Instruction: Lấy giá trị hàng Nuôi trồng tại cột 2013 là 3215.9 và trừ giá trị tại cột 2005 là 1478.0: 3215.9 − 1478.0 =
1737.9. [English: Take the value in the Aquaculture row for the 2013 column which is 3215.9 and subtract the value for
the 2005 column which is 1478.0: 3215.9 − 1478.0 = 1737.9.]
Question type / Difficulty: Aggregation – Medium.
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Question: Năm 2013, diện tích cây công nghiệp lâu năm ở cả nước có cao hơn năm 2005 không? [English: In 2013, was
the area of perennial industrial crops in Vietnam higher than in 2005?]
Answer: Cao hơn 501.3 nghìn ha [English: Higher by 501.3 thousand hectares]
Instruction: So sánh giá trị tại hàng Cây công nghiệp lâu năm, cột Cả nước (nghìn ha) năm 2013 là 2134.9 và năm 2005
là 1633.6: 2134.9 > 1633.6, và 2134.9 − 1633.6 = 501.3 (cao hơn). [English: Compare the value in the Perennial
industrial crops row, Nationwide (thousand hectares) column for 2013, which is 2134.9, and for 2005, which is 1633.6:
2134.9 > 1633.6, and 2134.9 − 1633.6 = 501.3 (higher).]
Question type / Difficulty: Comparison – Hard.

Question: Năm 2021, GDP của Bru-nây tăng bao nhiêu phần trăm so với năm 2020? [English: In 2021, by what
percentage did Brunei’s GDP increase compared to 2020?]
Answer: Tăng 22.73% [English: Increased by 22.73%]
Instruction: Tính phần trăm thay đổi bằng cách lấy (giá trị của cột Bru-nây (nghìn USD) tại năm 2021 là 32.4 trừ giá trị
tại năm 2020 là 26.4), chia cho giá trị tại năm 2020 là 26.4, rồi nhân với 100: ((32.4− 26.4)/26.4)× 100 = 22.73
(tăng). [English: Compute the percentage change by taking (the value in the Brunei (thousand USD) column for 2021,
which is 32.4, minus the value for 2020, which is 26.4), dividing by the value for 2020 (26.4), and multiplying by 100:
((32.4− 26.4)/26.4)× 100 = 22.73 (increased).]
Question type / Difficulty: Trend Analysis – Hard.

G Appendix: Example of Chart Description in Both Image and JSON Data Structures

G.1 Chart Data Structures in JSON

The following structure exemplifies the data format for a chart image, specifically a pie chart representing
the proportion of international tourists arriving in Vietnam by mode of transportation for the years 2010,
2012, and 2015. The structure includes the chart’s metadata, data, textual summary, and associated
question-answer pairs.
{

"document_id": "0870",
"image_info": {

"image_name": "0870.PNG",
"chart_type": "pie_chart",
"metadata": {

"title": "BIỂU ĐỒ CƠ CẤU KHÁCH DU LỊCH QUỐC

TẾ ĐẾN VIỆT NAM PHÂN THEO PHƯƠNG TIỆN ĐẾN",
"x_axis_label": "Năm",
"y_axis_label": "Tỷ lệ (%)"

},
"caption": "Biểu đồ thể hiện cơ cấu khách du lịch quốc tế đến Việt Nam
phân theo phương tiện đến trong các năm 2010, 2012 và 2015."

},
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"data": [
["Năm", "Phương tiện", "Tỷ lệ (%)"],
["2010", "Đường hàng không", 80.4],
["2010", "Đường thủy", 18.6],
["2010", "Đường bộ", 1.0],
["2012", "Đường hàng không", 81.4],
["2012", "Đường thủy", 14.4],
["2012", "Đường bộ", 4.2],
["2015", "Đường hàng không", 79.0],
["2015", "Đường thủy", 19.0],
["2015", "Đường bộ", 2.0]

],
"data_text": "Năm 2010: Đường hàng không 80.4%, Đường thủy 18.6%, Đường bộ 1.0%.
Năm 2012: Đường hàng không 81.4%, Đường thủy 14.4%, Đường bộ 4.2%.
Năm 2015: Đường hàng không 79.0%, Đường thủy 19.0%, Đường bộ 2.0%.",
"qa": [

{
"qa_id": "q1",
"question": "Biểu đồ trên thể hiện nội dung gì?",
"answer": "Biểu đồ thể hiện cơ cấu khách du lịch
quốc tế đến Việt Nam phân theo phương tiện đến trong các năm 2010,
2012 và 2015.",

"instruction": "BIỂU ĐỒ CƠ CẤU KHÁCH DU LỊCH QUỐC TẾ ĐẾN

VIỆT NAM PHÂN THEO PHƯƠNG TIỆN ĐẾN"
}
...

]
}

Below is the English version of the same structure.
{

"document_id": "0870",
"image_info": {

"image_name": "0870.PNG",
"chart_type": "pie_chart",
"metadata": {

"title": "CHART OF THE STRUCTURE OF INTERNATIONAL TOURISTS ARRIVING
IN VIETNAM BY MODE OF TRANSPORTATION",
"x_axis_label": "Year",
"y_axis_label": "Percentage (%)"

},
"caption": "The chart shows the structure of international tourists
arriving in Vietnam by mode of transportation for the years 2010, 2012, and 2015."

},
"data": [

["Year", "Mode of Transportation", "Percentage (%)"],
["2010", "Air", 80.4],
["2010", "Sea", 18.6],
["2010", "Land", 1.0],
["2012", "Air", 81.4],
["2012", "Sea", 14.4],
["2012", "Land", 4.2],
["2015", "Air", 79.0],
["2015", "Sea", 19.0],
["2015", "Land", 2.0]

],
"data_text": "Year 2010: Air 80.4%, Sea 18.6%, Land 1.0%.
Year 2012: Air 81.4%, Sea 14.4%, Land 4.2%.
Year 2015: Air 79.0%, Sea 19.0%, Land 2.0%.",
"qa": [

{
"qa_id": "q1",
"question": "What does the chart represent?",
"answer": "The chart represents the structure of international tourists
arriving in Vietnam by mode of transportation for the years 2010,
2012, and 2015.",
"instruction": "CHART OF THE STRUCTURE OF INTERNATIONAL TOURISTS
ARRIVING IN VIETNAM BY MODE OF TRANSPORTATION"
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}
...

]
}

G.2 Chart Image Example

Figure 4: Pie chart showing the proportion of international tourists arriving in Vietnam by mode of transportation
(2010, 2012, 2015) document ID 0870.

H Appendix: Example of Table Description in Both Image and JSON Data Structures

H.1 Table Data Structures in JSON
The following structure represents a table detailing the export values of selected commodities (pepper,
coffee, and rubber) in Vietnam from 2015 to 2021, including metadata and question-answer pairs based
on the provided image.
{

"document_id": "0405",
"image_info": {

"image_name": "0405.jpg",
"caption": "Trị giá một số mặt hàng xuất khẩu của nước ta, giai đoạn 2015 - 2021"

},
"columns": ["Năm", "2015", "2019", "2020", "2021"],
"rows": [

{ "Năm": "Hạt tiêu", "2015": 1259.9, "2019": 714.4, "2020": 660.6, "2021": 937.8 },
{ "Năm": "Cà phê", "2015": 2671.0, "2019": 2863.8, "2020": 2742.0, "2021": 3072.6 },
{ "Năm": "Cao su", "2015": 1531.5, "2019": 2300.7, "2020": 2384.4, "2021": 3278.3 }

],
"metadata": {

"Đơn vị": "Giá trị (Triệu USD)"
},
"qa": [

{ "qa_id": "q1", "question": "Bảng trên thể hiện nội dung gì?",
"answer": "Bảng trên thể hiện trị giá một số mặt hàng xuất khẩu của nước ta,
giai đoạn 2015 - 2021.", "instruction": "Cho bảng số liệu về trị giá một
số mặt hàng xuất khẩu của nước ta, giai đoạn 2015 - 2021." },
{ "qa_id": "q2", "question": "Giá trị Cao su năm 2021 là bao nhiêu?",
"answer": "3278.3 triệu USD.", "instruction": "Tìm giá trị tại cột 2021,
hàng Cao su là 3278.3 triệu USD." }

]
}

Below is the English version of the same structure.
{

"document_id": "0405",
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"image_info": {
"image_name": "0405.jpg",
"caption": "Export values of selected commodities in Vietnam, period 2015 - 2021"

},
"columns": ["Year", "2015", "2019", "2020", "2021"],
"rows": [

{ "Year": "Pepper", "2015": 1259.9, "2019": 714.4, "2020": 660.6, "2021": 937.8 },
{ "Year": "Coffee", "2015": 2671.0, "2019": 2863.8, "2020": 2742.0, "2021": 3072.6 },
{ "Year": "Rubber", "2015": 1531.5, "2019": 2300.7, "2020": 2384.4, "2021": 3278.3 }

],
"metadata": {

"Unit": "Value (Million USD)"
},
"qa": [

{ "qa_id": "q1", "question": "What does the table represent?",
"answer": "The table represents the export values of selected
commodities in Vietnam, period 2015 - 2021.",
"instruction": "Provide table data on the export values of selected
commodities in Vietnam, period 2015 - 2021." },
{ "qa_id": "q2", "question": "What is the export value of rubber in 2021?",
"answer": "3278.3 million USD.",
"instruction": "Find the value in the 2021 column, Rubber row,
which is 3278.3 million USD." }

]
}

H.2 Table Image Example

Figure 5: Table showing the export values of selected commodities in Vietnam (2015-2021) document ID 0405.
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