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Abstract

The evolution of Large Language Models
(LLMs) has underscored the necessity for
benchmarks designed for various languages
and cultural contexts. To address this need for
Vietnamese, we present the first Vietnamese
Multitask Language Understanding (VMLU)
Benchmarks. The VMLU benchmarks consist
of four datasets that assess different capabil-
ities of LLMs, including general knowledge,
reading comprehension, reasoning, and con-
versational skills. This paper also provides an
insightful overview of the current state of some
dominant LLMs, such as LLlama-3 (Grattafiori
et al., 2024), Qwen2.5 (Qwen et al., 2025),
and GPT-4, highlighting their performances
and limitations when measured against these
benchmarks. Furthermore, we provide insights
into how prompt design can influence VMLU’s
evaluation outcomes, as well as suggest that
open-source LLMs can serve as effective, cost-
efficient evaluators within the Vietnamese con-
text. By offering a comprehensive and ac-
cessible benchmarking framework, the VMLU
Benchmarks aim to foster the development and
fine-tuning of Vietnamese LLMs, thereby es-
tablishing a foundation for their practical appli-
cations in language-specific domains.

1 Introduction

Evaluating benchmarks is crucial in Al develop-
ment, as they are essential tools for assessing and
comparing model performance across various di-
mensions. However, the rapid advancement of large
language models (LLMs) has rendered traditional
benchmarks inadequate for capturing their com-
plex abilities. Tasks that require comprehension,
reasoning skills, extensive world knowledge, and
conversational proficiency demand more sophisti-
cated and comprehensive evaluation frameworks.

*Corresponding Author

As a result, the emergence of LLMs necessitates
the development of benchmarks that can effectively
address these complex tasks.

Several benchmarks have been developed to ad-
dress these challenges, such as MMLU (Hendrycks
et al.,, 2020), which assesses multitask accu-
racy with nearly 16,000 multiple-choice questions,
SQuAD (Rajpurkar et al., 2016) for reading com-
prehension with 107,785 QA pairs, including unan-
swerable questions in SQuAD 2.0 (Rajpurkar et al.,
2018). Big-Bench Hard (BBH) (Suzgun et al.,
2023) identifies LLM limitations through 23 chal-
lenging tasks, MT-Bench (Bai et al., 2024) assesses
conversational abilities through multi-turn inter-
actions, while IFEval (Zhou et al., 2023) evalu-
ates instruction-following capabilities with over
500 natural language prompts.

These benchmarks offer valuable insights into
the capabilities of LLMs on a global scale. How-
ever, they are primarily designed for English and
other widely spoken languages, creating a signifi-
cant gap when it comes to evaluating LLMs for less
represented languages, such as Vietnamese. In this
study, we focus on assessing the advanced capa-
bilities of foundational models in the Vietnamese
context, taking into account the language’s unique
linguistic and cultural characteristics.

There has been growing interest in develop-
ing resources for Vietnamese LLMs, including
ViGLUE (Tran et al., 2024), which evaluates nat-
ural language understanding across 12 tasks from
various domains, and the Comprehensive Eval-
uation Framework (Truong et al., 2024), which
encompasses 10 tasks and 31 metrics. However,
relying on simple English translation benchmarks
often limits the ability to capture the linguistic and
cultural nuances that are unique to Vietnamese.

To address the existing limitations and promote
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research in Vietnamese language models (LLMs),
we present the VMLU Benchmarks, a comprehen-
sive evaluation framework specifically designed for
these models. It includes four diverse tasks aimed
at capturing the full range of language understand-
ing and reasoning capabilities. The benchmarks
include Vi-MQA, Vi-SQuAD, Vi-DROP, and Vi-
Dialog. We create a dataset of 10,880 multiple-
choice questions across 58 topics for Vi-MQA to
assess foundational knowledge and cross-domain
understanding. Vi-SQuAD, a reading comprehen-
sion task, comprises 3,310 questions derived from
Vietnamese texts to evaluate text interpretation
and comprehension. Vi-DROP, focusing on rea-
soning, consists of 3,090 questions spanning six
reasoning categories to test logical and analyti-
cal skills. Lastly, Vi-Dialog, designed to assess
conversational proficiency, features 210 multi-turn
dialogues to evaluate coherence, contextual under-
standing, and conversational flow.

In addition to constructing the benchmark, this
study evaluates several state-of-the-art models, in-
cluding Llama-3, Qwen2.5, and GPT-4o, using
VMLU Benchmarks. The results provide important
insights into the performance of large-scale Viet-
namese LLMs, emphasizing the significant impact
of prompt design and evaluation methodologies on
the results.

In this paper, we make the following contribu-
tions:

1. Our paper introduces VMLU Benchmarks, a
toolkit comprising four tasks that comprehen-
sively evaluate Vietnamese LLMs’ capabili-
ties in knowledge, reasoning, reading compre-
hension, and conversational abilities. This
benchmark fosters research in Vietnamese
LLMs.

2. We evaluate dominant LLMs with stronger
Vietnamese abilities, offering comparative in-
sights into their performance on various tasks
under VMLU. Furthermore, we suggest some
open-source LLLMs can serve as effective,
cost-efficient judges within the Vietnamese
context.

3. We offer empirical insights to demonstrate
the impact of prompt design on model perfor-
mance, paving the way for improved method-
ologies in evaluating Vietnamese LLMs.

The rest of this paper is structured as follows:
section 2 reviews existing LLM benchmarks. Sec-

tion 3 introduces the VMLU benchmarks. In par-
ticular, we present experiments when evaluating
some state-of-the-art LLMs with VMLU bench-
marks and valuable insight in Section 4. Finally,
Section 5 presents conclusions and future work.

2 Related Work

Our proposed VMLU Benchmarks draw inspiration
from several prominent benchmarks in the field,
adapting their methodologies to the Vietnamese
language context to better capture its linguistic and
cultural intricacies.

General Knowledge Vi-MQA is inspired
by MMLU (Hendrycks et al., 2020). MMLU
evaluates multitask accuracy with nearly 16,000
multiple-choice questions across diverse subjects
such as STEM, humanities, and social sciences.
This benchmark is designed to evaluate LLMs’
capabilities across various subjects. Following
the idea of MMLU, different LLM benchmarks
are also introduced in other languages, such as
CMMLU (Li et al., 2024) in Chinese, Turkish-
MMLU (Yiiksel et al., 2024) in Turkish, and
ArabicMMLU (Koto et al., 2024) and KMMLU
(Son et al., 2024) in Arabic and Korea, respectively.

Reading Comprehension Vi-SQuAD is di-
rectly inspired by SQuAD (Rajpurkar et al.,
2016), which has become a standard for reading
comprehension tasks in NLP. SQuAD features a
vast collection of questions based on English texts,
including unanswerable questions in its second
version, SQuAD 2.0 (Rajpurkar et al., 2018).
Several benchmarks are also developed with the
same idea as SQuAD but expanded to multilingual
understanding, such as MLQA (Lewis et al.,
2020), which consists of over 5,000 extractive
QA instances in SQuAD format available in
seven languages, MKQA (Longpre et al., 2021)
includes 10,000 question-answer pairs aligned
across 26 languages, and Indic-QA (Clark et al.,
2020) multilingual dataset that focuses on question
answering across multiple typologically diverse
languages.

Reasoning Vi-DROP, which focuses on rea-
soning abilities, takes inspiration from the DROP
(Dua et al., 2019) benchmark. DROP tests
models’ abilities to perform complex reasoning
over paragraphs, including approximately 96,000
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questions containing numerical operations and
logical inference. Other well-known reasoning
datasets include GMS8K (Cobbe et al., 2021),
comprising grade-school math word problems
designed to test the ability of models to reason
numerically step-by-step, and HOTPOTQA (Yang
et al., 2018), multi-hop reasoning over paragraphs,
which requires the model to combine information
from multiple documents to answer a question.

Conversational ability Vi-Dialog is built
upon elements from the dialogue test set developed
by TencentLLMEval (Xie et al., 2023). This test set
encompasses 220 multi-turn dialogues and focuses
on conversation tasks to assess models’ knowledge,
long-term memory, and contextual understanding.
Additional benchmarks like MT bench (Bai et al.,
2024) assess LLM’s ability to engage in multi-turn
dialogues by simulating real-life conversations,
measuring how well chatbots follow instructions
and maintain a natural flow of conversation.

3 VMLU Benchmarks

This section presents the data construction and
evaluation process, along with details about four
benchmarks, including data collection, process-
ing, and quality assurance measures. Note that this
dataset was previously published. !

3.1 Dataset construction and evaluation

Annotators’ backgrounds: All annotators were
university students from leading institutions in
Vietnam, including Foreign Trade University and
Hanoi Law University. They possess strong ex-
pertise across both natural sciences and social sci-
ences. More than 70% of annotators were selected
from top-tier universities under the Vietnam Na-
tional University system.

Question refinement process: We implemented
a two-phase question refinement process. In the
first phase, we created standardized test datasets to
ensure comprehensive coverage, accuracy, and con-
sistency. Annotators had to achieve 100% accuracy
in a rigorous qualification test before being allowed
to participate in the project. The second phase in-
volved monitoring their performance throughout
the project, with tasks assigned according to their
demonstrated accuracy and adherence to guide-
lines.

Measures taken to ensure data quality We es-

"https://vmlu.ai/

tablished a multi-layered quality assurance process
that involved labelers and reviewers. Three inde-
pendent reviewers evaluated each data entry, which
was only accepted if two of the three reviewers
reached an agreement. If a data point did not meet
this criterion, it entered a maximum of two rework
cycles (indicated as "rework =2"). If any data point
required more than two reworks, all labeled data
from the responsible annotator was discarded and
re-evaluated. The Data Quality Control (QC) team
also conducted random checks on 20% of the data
to ensure that overall error rates remained below
3%. All annotation activities were carried out on a
secure platform that featured stringent access con-
trols and tracking mechanisms to prevent errors and
maintain quality.

All subsets in the VMLU benchmarks are subjected
to this data construction process.

3.2 Dataset
3.2.1 Vi-MQA

Task Overview Vi-MQA is a multiple-choice
question answering benchmark designed to evalu-
ate the overall capabilities of foundational models,
particularly focusing on the Vietnamese language.
The questions come from various subjects, orga-
nized into four main categories: STEM (Science,
Technology, Engineering, Mathematics), Humani-
ties, Social Sciences, and a broad category called
’Other’.

Data Collection Vi-MQA includes four difficulty
levels: Elementary School, Middle High School,
High School, and Professional level. Table 5 shows
examples of the Vi-MQA datasets with each diffi-
culty level.

For the Elementary, Middle and High School
levels, we collected standardized exams from seven
primary subjects in the Vietnamese general ed-
ucation curriculum, excluding English, Physical
Education, and Arts. Additionally, we have in-
cluded high-quality Vietnamese National High
School Graduation Exams compiled annually by
high school instructors and the Ministry of Edu-
cation and Training. These exams assess students’
knowledge of natural, language, and social sciences
and their ability to reason and respond to general
world knowledge.

At the advanced Professional level, the bench-
mark consists of mock exams based on topics from
undergraduate and graduate programs designed
to evaluate proficiency in complex reasoning and
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problem-solving skills. The subjects range from
standard areas such as history and mathematics to
more specialized fields like law and accounting,
ensuring a comprehensive assessment of exten-
sive knowledge. We also reference official voca-
tional qualification tests and have selected six rep-
resentative subjects, including legal professionals,
civil servants, and tax civil servant qualification
exams. These subjects are categorized into four
groups: STEM (Science, Technology, Engineering,
and Mathematics), Humanities, Social Sciences,
and others.

Our primary sources for the mock exams are
freely available online materials, including a vast
collection of midterm, final, and past exams from
top-tier universities and high schools in Vietnam.
We have also gathered official exam questions from
the Ministry of Education and Training, along with
illustrated exam queries. For specialized subjects
such as law, we collected mock questions shared
privately by students. These questions are not avail-
able online, and we obtained permission to include
approximately 1,000 questions in Vi-MQA.

Data processing We gathered raw data from var-
ious sources such as PDF, Microsoft Word doc-
uments, and public textbooks on the Internet and
then meticulously processed them. Initially, we
used an OCR tool to convert PDFs into text format.
After that, we combined both automatically and
manually parsed the questions, carefully convert-
ing them into a structured format to ensure data
consistency. For complex mathematical notations,
which are common in STEM subjects, we manually
parsed them into standard LATEX format.
Quality Check All questions undergo a stan-
dard data pre-processing pipeline that includes
de-duplication and cleaning, followed by several
rounds of human validation. In particular, all LA-
TEX notations are ensured to be compiled without
syntax errors. Note that all the questions in this
dataset are excluded from explanations to evaluate
models genuinely, innovatively, and devoid of bias.
Format Each entry in the Vi-MQA dataset is struc-
tured as a multiple-choice question with three, four,
or five options, of which only one is correct. The
questions are presented clearly and concisely, suit-
able for automated processing and evaluation.
Statistics Vi-MQA contains 10,880 questions dis-
tributed across 58 subjects. Each subject maintains
a minimum of around 200 questions, ensuring com-
prehensive coverage and statistical significance.
The dataset is partitioned into a development and

test set, with a designated portion allocated for fine-
tuning and validation purposes. Regarding subject
distribution, Vi-MQA includes 21 STEM tasks,
18 Humanities tasks, 10 Social Science tasks, and
9 tasks categorized under Other. The details are
shown in 6. This diverse composition allows for a
balanced evaluation of foundational models across
various disciplines, reflecting both general knowl-
edge and specialized problem-solving capabilities.

3.2.2 Vi-SQuAD

Task Overview Vi-SQuAD is a benchmark dataset
designed to evaluate the reading comprehension
abilities of Vietnamese language models. In-
spired by the SQuAD benchmark, it considers Viet-
namese’s unique linguistic and contextual features.
The example is presented in Table 7.

Data Collection Vi-SQuAD was constructed using
data from Vietnamese Wikipedia, combined Ope-
nAl GPT-3.5, and human labelers. Initially, pas-
sages were selected from Wikipedia, which covers
a wide range of topics, spanning 19 popular cate-
gories such as Economics, Sports, History, Music,
and more. This approach ensured a diverse and
comprehensive dataset for Vietnamese question-
answering tasks. These passages were then fed
into GPT-3.5, which generated synthetic question-
answer pairs. Notably, we aimed to generate ques-
tions that went beyond the standard types found in
SQuAD (What, Which, Who, When, Where); it
also expanded to encompass more difficult ques-
tion types, such as How and Why. Human experts
then reviewed, verified, and audited these pairs to
ensure accuracy. Additionally, human annotators
expanded the dataset by introducing variations of
correct answers, maintaining the same meaning but
employing different expressions. This multi-step
process ensures the dataset is both high-quality
and diverse, capturing a wide range of potential
responses.

Benchmark Detail The dataset comprises 3,310
samples, each consisting of a passage, a ques-
tion, and multiple potential answers. Vi-SQuAD
presents a significant challenge due to its longer
paragraphs, which average 272 words - more
than double the 120-word average of the original
SQuAD version. This increase in length demands
deeper comprehension and contextual reasoning in
order to extract the correct answers. The questions
are categorized into two types:

* Answerable Questions (94.6%): answers are
provided in various formats.
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e Unanswerable Questions (5.4%): answers
include phrases such as “NO ANSWER?”,
“Khong c6 cau tra 16i” or “khong tim thiy
cau trd 16i”.

3.2.3 Vi-DROP

Task Overview Vi-DROP is a benchmark inspired
by DROP, designed to assess the reasoning abili-
ties of foundational models in the Vietnamese lan-
guage. It emphasizes discrete reasoning, demand-
ing that models tackle complex reasoning tasks
that go beyond simple reading comprehension. Vi-
DROP examples can be found in Table 8.

Data Collection The annotation procedure is di-
vided into three stages: passage choosing, question
collection, and validation.

First, we utilized an automated process to ex-
tract passages from Vietnamese Wikipedia, focus-
ing particularly on those with numerical content
to facilitate complex reasoning tasks. This pro-
cess resulted in a collection of approximately 500
passages.

Secondly, GPT-40 model was used to generate
question-answer pairs based on these passages. We
designed questions across six categories: addition
and subtraction, calculator, selection, comparative,
superlative, counting, and other arithmetic oper-
ations (e.g., percentages and fractions). For each
passage, we generate 3 questions in the addition and
subtraction category, 2 in the selection and com-
parative categories, and 1 in each superlative and
counting category. This distribution is inspired by
the original DROP dataset. Subsequently, Labelers
were tasked with reviewing the generated questions
to ensure clarity, alignment with the passages, and
grammatical accuracy. The review process required
labelers to confirm that each question was clear
and well-structured and verify that the questions
were appropriately related to the given passages.
They need to revise unclear or grammatically in-
correct questions to improve coherence. Similarly,
the provided answers were carefully reviewed. La-
belers were asked to validate the correctness of
the answers and suggest additional valid answers
where applicable to enhance evaluation diversity.
Through this iterative process, we discarded ap-
proximately 30% of the data due to unclear ques-
tions or a mismatch between the question and the
passage. After filtering, we analyzed the propor-
tions of questions in each category and supple-
mented any underrepresented categories to balance
the dataset.

Benchmark Details This benchmark consists of
3,090 questions that feature a variety of question
types, categorized into six distinct reasoning types
to challenge foundational models across different
reasoning tasks. The reasoning types include Addi-
tion/Subtraction, Selection, Comparative, Superla-
tive, Counting, and Other Arithmetic. It is im-
portant to note that a single question may encom-
pass more than one type of reasoning. For exam-
ple, the question "How many events took place in
1975?" requires both comparative and counting
operations. Table 1 presents examples for each
category, along with the corresponding number of
questions in each.

3.2.4 Vi-Dialog

Task Overview Vi-Dialog is a dialogue benchmark
specifically designed for the Vietnamese context.
Its purpose is to evaluate the knowledge and con-
versational capabilities of foundation models. Vi-
Dialog examples can be found in Table 9.
Benchmark Detail We created the Vi-Dialog
Benchmark by translating Tencent LLMEval into
Vietnamese, with revisions to highlight common
knowledge related to Vietnamese geography, his-
tory, and logical reasoning. Subsequently, the
samples were annotated to ensure conversations
sounded natural and human-like. Additionally, we
varied the number of turns in each dialogue ran-
domly to enhance the diversity of user intents and
improve the flow of conversation. The benchmark
was finalized through collaboration with multiple
contributors, and the final version includes 210
conversations, totaling approximately 1,200 turns.

4 Evaluating public LLMs with VMLU
Benchmarks

4.1 Experimental settings

We benchmark several LLMs that support Viet-
namese from OpenAl, Meta Al, and Alibaba on the
VMLU benchmarks below.

* GPT-4o is a large language model developed
by OpenAl, known for its advanced perfor-
mance in various natural language understand-
ing tasks. It has been fine-tuned and opti-
mized for multilingual capabilities, including
Vietnamese.

* Llama-3 Developed by Meta Al, it is an open-
source series model that offers multiple model
sizes ranging from 1B to 70B parameters.
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Category

Number Description

add_sub 1073
selection 793
comparative 724
superlative 419
counting 514

other arithmetic 183

Adding or subtracting numerical values from the text.
Choosing specific information or entities from the text.
Comparing two or more entities mentioned.
Identifying the highest or lowest attribute.
Determining the frequency of events or entities.

Other calculations such as percentages.

Table 1: Vi-DROP Category

It significantly improves computational ef-
ficiency and accuracy for underrepresented
languages, including Vietnamese.

* Qwen2.5 is a collection LLM developed by
Alibaba, encompassing 7 sizes from 0.5B to
72B parameters. It is a cutting-edge LLM
optimized for multilingual tasks, with specific
fine-tuning for Vietnamese language data.

These models currently achieve state-of-the-art per-
formance for almost Vietnamese LLM tasks.

4.2 Inference Method

We employ multiple inference strategies to ensure a
comprehensive evaluation of VLMU benchmarks,
including zero-shot, few-shot, and chain-of-thought
(CoT) prompting techniques. These methods allow
us to assess the performance of language models
under varying conditions of prior knowledge and
reasoning complexity.

All four benchmarks are evaluated using a no-
CoT prompt. The evaluation of Vi-Dialog has
a unique approach: we sequentially input each
conversational turn into the model. This itera-
tive method allows us to assess the model’s ability
to maintain coherence, contextual awareness, and
conversational flow across multiple dialogue turns.
Each response is based on the preceding turns, sim-
ulating a realistic conversational environment.

For the CoT prompt inference, we experiment
with Vi-MQA and Vi-DROP since the tasks re-
quire reasoning ability. This approach encourages
the model to generate detailed reasoning processes
before arriving at an answer. Due to resource con-
straints and long inference times, we only conduct
few-shot inference experiments with Vi-MQA.

All prompts used for evaluating LLLMs on Vi-
MQA, Vi-SQuAD, and Vi-DROP are detailed in
Tables 10, 11, 12, 13, 14.

4.3 Evaluation Method

Among the four tasks in the VMLU benchmarks,
only the Vi-MQA task can be fully evaluated auto-
matically. This evaluation is achieved by compar-
ing the model’s short multiple-choice answers (A,
B, C, D, E) with the correct answers. In contrast,
the other tasks, including Vi-Drop, Vi-SQuAD, and
Vi-Dialog, produce generated responses that often
vary significantly in length and structure. This vari-
ability complicates the automation of performance
evaluation against the ground truth for these tasks.

Commonly used automatic evaluation metrics,
such as F1 and BLEU scores, measure the over-
lap between system-generated responses and the
ground truth. While these methods are compu-
tationally efficient, they are insufficient for accu-
rately evaluating tasks that require semantic un-
derstanding. Table 2 illustrates instances where
automatic metrics and human evaluations differ.
Two typical scenarios include (1) high overlap but
incorrect answers and (2) low overlap but correct
answers. For example, in Question 1, although
the system-generated response is correct and con-
tains valuable information, it has minimal overlap
with the ground truth, resulting in a low F1 score
of 0.1. These observations highlight the limita-
tions of automatic metrics, particularly in tasks
that necessitate nuanced semantic evaluations. Hu-
man evaluation offers a more reliable alternative in
these cases; however, it is resource-intensive and
requires stringent protocols to ensure result reliabil-
ity. Recent advancements in large language mod-
els (LLMs) from companies like OpenAl, Meta,
and Alibaba have popularized the concept of us-
ing "LLM-as-a-Judge" (Zheng et al., 2023). This
approach leverages LLLMs to evaluate tasks that tra-
ditional automatic metrics often struggle to assess
effectively. However, careful consideration must be
given to the nature of the evaluation tasks to ensure
that this method is both feasible and appropriate.
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Question System Response Ground F1 Human Qwen2.5-72B GPT-40
Truth
(1) Tha do Tha d6 ctia Viét Nam HaNoi 0.1 (X)
cia Viét Nam 1a Ha No6i, mot trong (Hanoi)
1a thanh phd nhting trung tdm chinh
na0? (What city ~ tri, van hoa va kinh té
is the capital of quan trong. (The capital
Vietnam?) of Vietnam is Hanoi, one of
the important political, cul-
tural, and economic centers.)
(2) Nu6c My  Nudc My c6 51 bang. Nudc 0.8 (V) X X b ¢
¢6 bao nhiéu (The United States has 51 MYy co
bang? states.) 50 bang.
(How many (The
states does the United
United States States has
have?) 50 states.)

Table 2: Comparison of system answers with ground truth using F1 score, LLM judges, and human evaluation

Alignment #Agree %

GPT-40 vs Human 1365  97.2%
Qwen2.5-72B vs Human 1361 96.9%
Qwen2.5-72B vs GPT-40 1367  97.3%

Table 3: Agreement Rates Between Models and Human
Evaluations in 1405 cases of the ViDrop benchmark

For tasks that involve comparing short texts gen-
erated by the model to established ground truth
answers, such as in the Vi-SQuAD and Vi-Drop
benchmarks, we simply prompt the model to com-
pare the semantic meanings of its outputs with the
ground truth. In the case of the Vi-Dialog bench-
mark, we adopt the scoring methodology outlined
in TencentLLMEval (Xie et al., 2023), evaluating
outputs against seven criteria: Safety, Neutrality,
Compliance with facts, Relevance, Logicality, Lan-
guage fluency, and Information content. Detailed
information regarding the judging prompt can be
found in Tables 15 16.

Regarding evaluators, several leading LL.Ms are
available, including GPT-4, the Qwen2.5 series,
and the Llama-3 series. For this evaluation, we
selected two models for comparison: one accessed
through an API and another that is publicly avail-
able. Specifically, we evaluated the performance
of GPT-40 and Qwen 2.5 72B by comparing their
assessments with those made by human evaluators.

We conducted experiments using a small set of
1,405 Vi-DROP questions to compare the different
evaluators. The results are summarized in Table 3.

For tasks involving comparing short texts be-
tween model output and ground truth, such as in the
Vi-SQuAD and Vi-DROP benchmarks, the eval-
uation performance of LLMs like Qwen2.5 72B
and GPT-40 demonstrates high accuracy, closely
aligning with human-level quality. These findings
suggest that using LLMs as judges can provide a
more accurate alternative to automated metrics,
such as the F1 score.

However, evaluating multiple-turn dialogues re-
mains a challenge. This is supported by findings
in (Xie et al., 2023), which indicate low agreement
between human evaluators, with a score of 0.49. In
our experience, we also noted difficulties in achiev-
ing agreement between LLM evaluators and human
labels. Nevertheless, this experience highlighted
an important insight: GPT-40 and Qwen2.5 72B
exhibited a high Pearson Correlation Coefficient
(r) of 0.9736, indicating strong alignment in their
evaluations.

Besides, Table 17 also shows a strong alignment
between GPT-40 and Qwen2.5 72B as evaluators
in Vi-SQuAD task. These experiences underscore
an essential takeaway for researchers: in addition
to the GPT-40, open-source LLMs can be effec-
tively utilized as judges for tasks that require simple
comparison.
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Model Vi-MQA Vi-SQuAD Vi-DROP Vi-Dialog
noCol' CoI' noCol no CoT no Col' CoT no CoT
0-shot 0-shot 5-shot 0-shot 0-shot  O-shot 0-shot

GPT4o0 74.0 78.3 77.3 96.3 85.1 89.4 92.7

Llama-3.2-1B-Instruct 37.6 25.7 38.2 70.1 32.7 29.6 33.9

Llama-3.2-3B-Instruct 47.6 40.0 46.2 90.3 53.5 63.5 50.8

Llama-3-8B-Instruct 52.0 50.0 52.1 93.1 67.3 80.3 66.5

Llama-3.1-8B-Instruct 54.1 52.4 52.6 92.0 64.3 75.6 60.0

Llama-3.1-70B-Instruct 68.7 72.2 69.1 95.1 77.5 87.6 73.2

Llama-3.3-70B-Instruct 69.1 73.9 68.7 96.4 79.1 89.7 74.8

Qwen2.5-0.5B-Instruct 39.1 26.3 39.2 62.5 32.1 31.5 28.0

Qwen2.5-1.5B-Instruct 48.7 42.8 49.2 86.7 45.7 54.5 39.8

Qwen2.5-3B-Instruct 52.9 51.2 54.7 88.3 49.1 72.4 54.4

Qwen2.5-7B-Instruct 59.1 59.1 60.6 91.8 63.8 81.4 65.4

Qwen2.5-14B-Instruct 66.4 68.1 66.9 96.1 75.1 87.7 73.1

Qwen2.5-72B-Instruct 72.4 74.2 73.3 96.8 81.0 89.9 88.2

Table 4: Detailed results of LLMs evaluated on the VMLU benchmark. The best results for each task are in bold text

4.4 Benchmark results

In this section, we present the benchmark results of
various open-source models on the VMLU bench-
marks. The results for Vi-MQA were evaluated au-
tomatically, while Vi-SQuAD and Vi-DROP were
evaluated using Qwen2.5-72B, and Vi-Dialog was
judged using GPT-40. Table 4 summarizes the re-
sults achieved by each model on the VMLU bench-
marks.

Overall, GPT-40 outperformed other models
in two tasks: Vi-MQA and Vi-Dialog, achieving
scores of 78.3% and 92.7%, respectively. Mean-
while, Qwen2.5-72B achieved the highest scores
in the other two tasks, Vi-SQuAD and Vi-DROP,
with scores of 96.8% and 89.9%. We found that the
Llama models demonstrate improved performance
with increasing model size. For example, Llama-
3.3-70B-Instruct attained the highest score for all
4 tasks, scores of 73.9% on Vi-MQA, 96.4% on
Vi-SQuAD, 89.7% on Vi-DROP and 74.8% on Vi-
Dialog. Similarly, the Qwen2.5 models exhibited
progressively better performance as their sizes in-
creased. In contrast, smaller models such as Llama-
3.2-1B-Instruct and Qwen2.5-0.5B-Instruct yielded
lower scores, indicating that capacity limitations
affect their performance. This analysis highlights
that both model size and architecture play critical
roles in determining performance. A comparison
of models of similar sizes, such as Qwen2.5-72B
versus Llama-3.1-70B, Qwen2.5-7B versus llama-

3.1-8B, and Qwen2.5-3B versus LlamA-3.2-3B,
revealed that Qwen2.5 consistently outperformed
Llama-3, reinforcing findings previously reported
in the Qwen2.5 Technical Report.(Qwen et al.,
2025) on various datasets.

While the overall results indicate strong perfor-
mance for leading LLMs on VMLU benchmarks,
we conduct a deeper analysis that reveals specific
areas where the datasets continue to pose signif-
icant challenges. For instance, in the Vi-MQA
dataset, categories such as "other" in ?? continue to
show relatively lower accuracy for advanced mod-
els like Qwen2.5-72B(68.2%) and LLlama3.3-70B
(69.8%), particularly in specialized subjects such as
Accounting and Environmental Engineering. Sim-
ilarly, for Vi-DROP, categories like "count" remain
challenging, with even the top-performing models
scoring below 78% . Table 19 illustrates the perfor-
mance of leading models across top Vi-DROP cat-
egories, showing persistent gaps in specific reason-
ing types. Moreover, our benchmarks are crucial
for evaluating and advancing smaller-sized mod-
els (under 7B parameters). These models are vital
for practical deployment due to their efficiency
and resource-friendliness, and their current under-
performance on our benchmarks underscores the
need for continued research and development in
this area.

Through these experiences, we observed that
several factors, such as Col prompting and few-
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shot inference, could affect the evaluation results.

CoT Prompting For the Vi-MQA dataset, using
CoT prompt resulted in improved performance,
particularly for larger models with over 14 billion
parameters. Notably, the Llama-3.3-70B-Instruct
model showed the most significant improvement,
increasing its performance from 69.1% to 73.8%
(+4.7%). Upon analyzing the Vi-MQA results by
category, we found that the increase in performance
primarily came from STEM subjects, which re-
quire more reasoning steps. Detailed breakdowns
of the results can be found in Table 18. In contrast,
smaller models saw a decline in performance; for
example, the Qwen2.5-0.5B-Instruct model only
improved by 12.8%. Regarding the Vi-DROP
dataset, we observed a substantial improvement
in results with Col prompting compared to no-
CoT prompting, except for some models that were
too small. Notably, Qwen2.5-3B-Instruct experi-
enced the highest increase proportion, from 49.1%
to 72.4% (+23.3%). Other models also displayed
substantial increases, with around 10%. The results
indicate that Col prompting effectively enhances
benchmark performance, particularly for tasks that
require the models’ reasoning abilities.

Few-shot inference In the experiment 5-shot on the
Vi-MQA dataset, the Qwen2.5 series demonstrates
consistent improvement over the zero-shot base-
line. Specifically, Qwen2.5-3B-Instruct achieves
the greatest improvement to 54.7%, which is an
increase of 1.8% compared to its zero-shot perfor-
mance. In contrast, the Llama3 model shows some
fluctuations in its results. For instance, Llama-
3.2-1B-Instruct increases from 37.6% to 38.2%
(+0.6%), while the performance of Llama-3.1-8B-
Instruct declines from 54.1% to 52.6% (-1.5%).
Overall, these results suggest that 5-shot prompt-
ing does not offer advantages across the Llama-3
series, but it positively impacts the performance of
Qwen2.5 models on the Vi-MQA dataset.

5 Conclusion and Future works

The VMLU Benchmarks introduced in this study
provide a comprehensive evaluation framework
for assessing the capabilities of Vietnamese large
language models (LLMs). By covering four crit-
ical tasks, this benchmark effectively measures
LLMs’ performance across domains such as gen-
eral knowledge, reading comprehension, reason-
ing, and conversational abilities. Our evaluation of
state-of-the-art models, including GPT-40, Llama-

3, and Qwen?2.5, highlights the strengths and limi-
tations of these models in the Vietnamese context.
The results emphasize the importance of prompt
design in influencing model performance, offering
valuable insights for future improvements. We are
confident that our benchmark dataset and analytical
insights will empower researchers to evaluate and
design Vietnamese LLMs effectively.

Limitations

Despite the comprehensive nature of the VMLU
Benchmarks in evaluating Vietnamese LLMs
across multiple dimensions, several limitations per-
sist. First, the benchmark primarily focuses on
four task types and does not include other essen-
tial tasks, such as summarization or instruction
following, which could provide a more complete
assessment. Second, while practical, the reliance
on LLMs for evaluation may introduce biases and
inconsistencies when compared to human evalua-
tion methods. Lastly, assessing Vi-Dialog remains
a challenge, as current methods struggle to accu-
rately capture conversational quality, coherence,
and understanding of context in a reliable and scal-
able way.

Ethics Statement

All data in the VMLU benchmarks has been
sourced from public resources that allow for re-
distribution. Additionally, all test instances in the
VMLU benchmarks have undergone a thorough re-
view to ensure the exclusion of any examples that
raise ethical concerns.
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A Dataset Details
A.1 Vi-MQA Examples

Level

Subject

Question

Elementary School =~ Chemistry

Tinh chét nao sau diy khong phai 1a tinh chit cda thiy tinh
chét luong cao:

A. Rit trong

B. Bén, khé vo

C. Chiu dudc néng, lanh

D. Dé chay

bép an: D

Middle School Geography

Viéc phat trién ndng-lam-thiy san tao co sG nguyén liéu cho
nganh phat trién cong nghiép nao?

A. Cdng nghiép nang lugng

B. Cong nghiép ché bién luong thuc thuc pham

C. Cong nghiép héa chit

D. Cong nghiép san xuét vat liéu xay dung

bép an: B

High School History

Su kién nao sau diy da tao ra mot co ché giai quyét cic van
dé lién quan dén hoa binh va an ninh & chau Au?

A. binh u6c Henxinki (08/1975)

B. Lién X6 va My ky Hiép dinh han ché vii khi tién cong chién
lugc

C. My va Lién X6 tuyén b chdm diit Chién tranh lanh

D. Hiép dinh vé nhiing co s6 clia quan hé gitta Dong Piic va
Tay buc

bap an: A

University

Clinical Phar-
macology

Khai niém DUQC LUC HOC:

A. Pong hoc ciia su hip thu, phan phdi, chuyén héa va thai
trit thube

B. Nghién ctiu tic dong ctia thudc trén co thé séng

C. Nghién ctiu vé tac dong ctia co thé dén thude

D. La mon khoa hoc nghién citu vé thude

bép an: B

Table 5: Vi-MQA Examples

A.2  Vi-MQA Category

Table 6: Statistic Vi-MQA benchmark categories

Id Subject Category # Questions
01 Elementary Mathematics STEM 200
02 Elementary Science STEM 200
03 Middle School Biology STEM 188
04 Middle School Chemistry STEM 200
05 Middle School Mathematics STEM 119
06 Middle School Physics STEM 200
07 High School Biology STEM 200
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Table 6: Statistic Vi-MQA benchmark categories

Id Subject Category # Questions
08 High School Chemistry STEM 200
09 High School Mathematics STEM 163
10 High School Physics STEM 200
11 Applied Informatics STEM 200
12 Computer Architecture STEM 200
13 Computer Network STEM 197
14 Discrete Mathematics STEM 182
15 Electrical Engineering STEM 194
16 Introduction to Chemistry STEM 197
17 Introduction to Physics STEM 191
18 Introduction to Programming STEM 197
19 Metrology Engineer STEM 155
20 Operating System STEM 200
21 Statistics and Probability STEM 192
22 Middle School Civil Education Social Science 196
23 Middle School Geography Social Science 162
24 High School Civil Education Social Science 200
25 High School Geography Social Science 179
26 Business Administration Social Science 192
27 Ho Chi Minh Ideology Social Science 197
28 Macroeconomics Social Science 200
29 Microeconomics Social Science 200
30 Principles of Marxism and Leninism Social Science 200
31 Sociology Social Science 196
32 Elementary History Humanity 195
33 Middle School History Humanity 200
34 Middle School Literature Humanity 192
35 High School History Humanity 200
36 High School Literature Humanity 200
37 Administrative Law Humanity 100
38 Business Law Humanity 197
39 Civil Law Humanity 200
40 Criminal Law Humanity 180
41 Economic Law Humanity 178
42 Education Law Humanity 183
43 History of World Civilization Humanity 200
44 Idealogical and Moral Cultivation Humanity 200
45 Introduction to Laws Humanity 139
46 Introduction to Vietnam Culture Humanity 200
47 Logic Humanity 192
48 Revolutionary Policy of the Vietnamese Communist Humanity 200
Party
49 Vietnamese Language and Literature Humanity 192
50 Accountant Other 186
51 Clinical Pharmacology Other 200
52 Environmental Engineering Other 189
53 Internal Basic Medicine Other 189
54 Preschool Pedagogy Other 112
55 Tax Accountant Other 192
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Table 6: Statistic Vi-MQA benchmark categories

Id Subject Category # Questions
56 Tax Civil Servant Other 189
57 Civil Servant Other 189
58 Driving License Certificate Other 189

A.3 Vi-SQuAD Examples

Table 7: "Examples of Answerable and Unanswerable Questions in the Vi-SQuAD Dataset"

Category: Answerable question

Passage:

VinFast VF 6 1a mau xe 6 t6 thong minh chay dong co dién phan khic D ¢d nhd dudc phat trién, gidi
thiéu nim 2022, phan phdi ra thi trudng nim 2023 bdi VinFast, thanh vién ctia TAp doan Vingroup.
Cubi thang 9, VinFast chinh thiic gii thiéu ban thuong mai ctia chiéc Suv/ Cuv hang B VF 6 véi gid
niém yét 675 triéu cho ban Eco pin thué; gid mua pin va gia chénh cho ban Plus déu 1a +90 triéu, c6
dai den LED tao hinh c4nh chim dic trung ctia VinFast, v6i 5 lua chon mau ngoai thit va 2 mau noi
that. VF 6 cling 4p dung bio hanh chinh hiang 7 nim hodc 160.000 km (tuy theo diéu kién nao dén
trudc); chinh sach hd trg dic biét cho céc su ¢d phat sinh do 16i ctia nha san xut, giy bt tién cho
ngudi dung; hay cam két gid mua lai 6 to dién da qua st dung sau 5 nim.

Question:

C6 bao nhiéu Iua chon mau ngoai thit cho mau xe VF6?

Possible answers:
{’5°,’5 lua chon mau ngoai thit’, *véi 5 lya chon mau ngoai that’, ’Cé 5 lua chon mau ngoai thit cho
mau xe VF 6’,’5 lva chon’ }

Category: Unanswerable Question

Passage:

Du lich Paris 12 mot trong nhiing nganh kinh té quan trong khong chi ctia thanh phd Paris ma con ca
nudc Phap vi Paris dugc ménh danh 12 trung tim chau Au va ciing 1a niém ty hio ctia Phap. Véi vi tri
dia 1y, trung tAm chinh tri, kinh t&, viin héa da gitip Paris trd thanh mot diém dén hap dan tir rit lau
trong lich sit. Cudi thé ky 19 va dau thé ky 20, thanh ph6 da nhiéu lan t& chiic cic trién 1am thé gidi,
danh d4u cho viéc nganh du lich bit dau tré nén quan trong ddi véi nén kinh té thanh phd. Trong thdi
ky phon vinh nay, Paris ciing di xAy dung thém nhiéu cong trinh, khich san, cita hang... gép phan cho
su phat trién ctia du lich thanh phé ngay nay.

Do6n khoang 30 triéu du khach méi nim, Paris 12 mot trong nhiing di€ém dén thu hiit nhit. Bén canh du
lich gidi tri, thanh phd con 1a dia diém thudng xuyén ctia cic hoi nghi, ciing 14 ndi td chifc nhiéu hoi
chg, trién 1am quan trong. Nhitng cong trinh kién triic ndi tiéng, cic bio tang v6i nhiing hién vat gid
tri, cac khu phd in ddm déu 4n lich si, vin héa, nhitng trung tim mua sam... tit ca da khién du khach
khong ngling tim dén vé6i "kinh dé dnh sang". Nhitng cong trinh, dia di€ém ving ngoai 6 cling gép phan
1am Paris thém phan hip dan.

Nganh du lich thanh phd hién nay ciing phai d6i mit véi su canh tranh tif nhiéu do thi 16n khéc, dic
biét 1a London va Roma. Nhiéu khich du lich danh gi4 Paris 12 mot thanh phd dat d6 va kém hiéu
khach. Mic du vay, trong mot cudc diéu tra ctia Vin phong du lich Paris vio mua he nim 2008, hau
nhu tit ca cic du khach dudc hdi déu cho biét ho sé quay lai thanh phd nay trong tuong lai.
Question:

Paris c6 nhitng cong trinh kién triic ndi tiéng nao?

Possible answers:

{"NO ANSWER’}

A.4 Vi-DROP Examples
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Table 8: Six categories of Vi-DROP and examples

Category: Add_Sub

Passage:

Anh phat hién thém 5.296 ca nhiém nCoV, ning téng s6 1én 166.441. Nudc nay ghi nhan 26.097 ca ti
vong, ting 4.419 trudng hop so véi mot ngay trude, tuong duong 17%, sau khi dua sd ngudi chét trong
vién dudng 130 va nhiing noi khéac vao théng ké. (vnexpress). Piic bao cdo thém 1.462 ca nhiém va
125 ca tit vong do nCoV, nang ca nhiém va ti vong 1én 1an lugt 161.197 va 6.405.(vnexpress). Nga bo
cdo thém 5.841 ca nhiém va 105 trudng hgp td vong, nang s6 ca nhiém va t vong ca nudc 1én 1an lugt
99.399 va 972. (vnexpress)

Question:

Tinh téng s6 ca nhiém méi dudgc bao cdo trong mot ngay tif ba qudc gia nay.

Possible answers:
["12599 ca", "12599 ca nhiém"]

Category: Selection

Passage:

Thong tin nhan khau C6 287.012 h, trong d6 29,60% c6 tré em dudi 18 tudi song chung véi ho,
45,20% 1a ddi vo chong sdng véi nhau, 14,70% c6 nit hd va khdng c6 chdng, va 36,20% la khong 1ap
gia dinh. 30,50% h gia dinh da dugc tao ra tif cic ca nhan va 10,30% c6 ngudi sébng mot minh 65 tudi
hoic 16n tudi hon. C3 ho trung binh 14 2,37 va ¢d gia dinh trung binh 12 2,97. Trong dan s6 quén da
dugc tréi ra véi 24,30% duéi do tudi 18, 8,90% 18-24, 30,40% 25-44, 22,80% i 45 dén 64, va 13,50%
tir 65 tudi trd 1én ngudi. Do tudi trung binh 13 37 nim. Déi v6i mbi 100 nit ¢6 91,60 nam gisi. Dbi v6i
mdi 100 nit 18 tudi trd 1én, da c6 87,60 nam gidi.

Question:

C6 bao nhiéu phan tram déan s tir 25- 44 tudi?

Possible answers:
[30,40%”, “30.40”,” “30,4 phan trim”, “C6 30,4 phan trim dan s6 tif 25-44 tu6i”]

Category: Comparative

Passage:

Theo Théng ké Dan s6 Hoa Ky nim 2000, quén c6 dan s 845.303 ngudi, 346.790 gia ho, va 212.582
gia dinh sdng trong quéan hat. Mat do dan s6 1a 801 ngudi/km? (2.075 ngudi/mi?). C6 373.393 don vi
nha & v6i mat do trung binh 354 nhi/km? (917 nha/mi?). Trong quan nay, 72,93% dan s6 12 ngudi da
trang, 23,43% la ngudi da den hay My gbc Phi, 0,18% la ngusi My ban thd, 1,61% la ngudi gdc A,
0,03% 1a ngudi gbc Thai Binh Duong, 0,51% tii céc chiing toc khéc, va 1,32% tif hai hodc nhiéu ching
toc. 1,13% dan s6 1a ngudi Hispanic hay Latino thudc mdt chiing toc nao. (Xem Ching toc va dan tdc
trong Thong ké Dan s6 Hoa Ky.)

Question:

S6 lugng don vi nha & véi mat do trung binh 354 nha/km? cao hay thip hon 400.000?

Possible answers:
[“thAp hon”, “Thip hon”, “400.000”, “thap hon”, “400.000”]

Category: Superlative

Passage:

Anh phit hién thém 5.296 ca nhiém nCoV, ning tong s6 1én 166.441. Nudc nay ghi nhan 26.097 ca ti
vong, ting 4.419 trudng hdp so véi mdt ngay trudce, tuong duong 17%, sau khi dua s6 ngudi chét trong
vién dudng lao va nhiing noi khac vao théng ké. (vnexpress) Piic bdo cdo thém 1.462 ca nhiém va 125
ca ti vong do nCoV, nang ca nhiém va t vong 1én lan Iugt 161.197 va 6.405.(vnex- press) Nga bdo
cdo thém 5.841 ca nhiém va 105 trudng hop ti vong, ning s6 ca nhiém va tif vong ca nudc 1én 1an luot
99.399 va 972. (vnexpress)

Question:
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Qudc gia nao c6 ti 1é ting s6 ca tif vong cao nhit trong ngay?

Possible answers:
[G‘Anh7’]

Category: Counting

Passage:

Pon vi hanh chinh 02 thén t&€n: Tho Son, 5 buén. Budn Krong thanh 1ap nam 1992, dién tich tu nhién
400,3 ha, dan s6 91 ho 421 khau, c6 2 dan toc anh em sinh song Edé va Tay. San xuit ndng nghiép lia
nuée va ngd lai 1a 2 ngudn thu nhap chinh ctia Buon. Budn Krang dién tich tu nhién 2.270,04 ha, dan
s6 194 ho 933 khau, chii yéu ddng bao ngudi Edé, san xuit luong thuc chi yéu ciy luong thuc ngin
ngay va ci phé 1a nguodn thu nhap chinh. Buén Kmil dién tich tu nhién 1.175 ha, dan s6 214 hd 1.106
khau, chii yéu dong bao ngusi Ede.

Question:

C6 bao nhiéu dan tdc dudc nhac dén trong doan van?

Possible answers:
[‘62 dﬁn té.\)c’7’ ‘627’]

Category: Other Arithmetic

Passage:

Nim 2020, dan s6 toan huyén Hong Dan 1a 112.548 ngudi, trong d6, dan sb thanh thi 1a 11.537 ngudi
chiém 10,25%, dan s6 nong thon 1a 101.011 ngudi chiém 89,75%. Theo théng ké ngay 1 thang 11 nim
2021, dan sb6 huyén Hong Dén 1a 113.351 ngudi, trong d6: dan s6 thanh thi 1a 11.616 (10,25%), dan s6
nong thon 1a 101.735 ngudi (89,75%). Téng dan sd nam 2020 toan huyén la 112.548 ngudi, chiém
12,32% dan sb toan tinh, mat do dan sb 265 ngudi/km?. Xi c6 dan sd cao nhit 12 Ninh Hoa véi 19.255
ngudi (chiém 17,11% dan sb toan huyén), Ninh Quéi A 16.041 ngudi (chiém 14,25%), thip nhét 1a xa
Ninh Thanh Lgi A 9.671 ngudi (chiém 8,59%).

Question:

Phan trim dan s6 thanh thi chénh 1éch so v6i dan s6 ndng thon & huyén Hong Dan nim 2021 1a bao
nhiéu phan trim?

Possible answers:

[€79,5%”]

A.5 Vi-Dialog Examples

Sample 1 — Dialog requires information shared in the earlier conversation.

Question: T6i mudn chdi tro choi dién ti 3 nha véi ban be vao cudi tuan. Ban cé dé xuit nao vé trd
choi phut hgp dé choi nhiéu ngudi khong?

Question: Trod choi thi nhét ban vita dé& cap dudc san xuit vao nim nao va tén cong ty san xut 1a gi?
Question: Pbi véi trd choi thit hai ma ban dé cp, cong ty san xuit c6 tru s& chinh & qubc gia nao?
Question: Cong ty nay con ¢ nhiing trd choi néi tiéng nao khac?

Question: Super Mario Bros va Mario Kart, su khac biét va mdi lién hé gitta hai trd chdi nay 1a gi?

Sample 2 - Dialog requires reasoning ability

Question: Doanh thu phong vé ctia Lat Mat 2 dat bao nhiéu?

Question: Doanh thu phong vé cao hon hay thip hon Lat Miit?

Question: Tai sao?

Question: Ban c6 thé gidi thiéu thém cho t6i mot s6 phim theo thé loai nay dudc khong?

Table 9: Vi-Dialog Example
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B Prompt Inference

B.1 Vi-MQA
B.1.1 Prompt inference Vi-MQA non-CoT, 0-shot

Tra 16i cau hoi tric nghiém.
Cau hoi: {question}

Cac lua chon:

{context}

Dap an ding la:

Table 10: Prompt Inference Vi-MQA Zero Shot

B.1.2 Prompt inference Vi-MQA CoT, 0-shot

#TASK: Tra 15i cau hoi tric nghiém bing cach suy nghi titng budc (step by step) sau d6 dua ra dap an.
# Instruction:

- Phai chon diing 1 d4p 4n duy nhét: A hoic B, C, D, E.

- Dong cudi cling bat budc tré 1i theo dinh dang Pap 4n ding la: A/B/C/D/E

# Output format:

Output:

Budc 1: ...

Budc 2: ...

Dap an ding 1a: A/B/C/D/E
# Input:

Cau hoi: question

Céc lya chon:
{context}

# Output:

Table 11: Prompt Inference Vi-MQA CoT

11511



B.2 Vi-SQuAD

Table 12: Prompt Inference Vi-SQuAD

Hay tra 15i cAu hdi dua vao nodi dung doan vin / vin ban. Yéu cau:

- Cau tra 16 phai rat ngan gon dudc trich ra tif viin ban. Chi sif dung thong tin trong vin ban dudc cung
clp.

- V6i nhitng cAu hdi vé s6 liéu, ngudi, thdi gian, ... thi cAu tra 18i c6 thé 12 mot ti hodc cum ti.

- Néu trong viin ban khong c6 cau tra 16i, hodc nodi dung doan vin khong lién quan thi output *NO
ANSWER’.

Van ban:
{context}

Cau hoi: {question}
Cau tra 1oi:

B.3 Vi-DROP
B.3.1 Prompt inference Vi-DROP CoT

Table 13: Prompt Inference ViDrop (CoT)

# Task:
Dua vao doan vin, hiy tra 15i cau héi sau bang cach dua ra 18i giai thich cu thé tiing bude. Néu 1a so
sanh hon kém, hon nhit, hily dua ra cdc biéu thiic so sdnh méi két luan.

# Output format:
Budc 1:

Buéc 2:

Két luan:

B.3.2 Prompt inference Vi-DROP no-CoT

#Task:

Dua vio doan vin, hdy tra 1i cau hoi sau. Chi cung cip ciu tra 15i ngan gon khong giai thich gi thém.
# Input:

Doan vin:

{context}

Cau hoi: question
#Output:

Table 14: Prompt Inference Vi-DROP Without CoT
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C Prompt Evaluate
C.1 Vi-SQuAD and Vi-DROP.

Table 15: Prompt evaluation Vi-SQuAD and Vi-DROP

Dudi day 1a thong tin tra 10i clia ting vién (candidate) va danh sach ddp 4n chip nhan ctia chuyén gia
(expert) cho tac vu hoi dap.

<question>

{QUESTION}
</question>

<expert>
{GOLDS}
</expert>

<candidate>
{ANSWER}
</candidate>

Hay danh gia do chinh x4c clia ddp 4n ciia Ung vién bang so sanh v6i mot trong nhiing dép 4n diing ctia
chuyén gia. Néu cau tra 15i c6 y nghia gidng v6i véi mot trong nhitng dép 4n thi output Puing, ngudc
lai output Sai.

- Chi ouput Bung/Sai

OUTPUT:

C.2 Vi-Dialog

Table 16: Prompt evaluation Vi-Dialog using GPT-40

[Dialog]
{dialog}

[Evaluation Criteria]

The following are 7 evaluation rules, with decreasing priority:

a. Safety: No pornography, no politics, no violence or illegal content

b. Neutrality: No prejudice, racial discrimination, or subjective bias

c. Compliance with facts: Not against the truth, common sense

d. Relevance: The content of the answer matches the user’s question

e. Logicality: No contradictions, coherence

f. Language fluency: Clear description, no typos, no grammar errors, and understandable

g. Information content: No omission of key points, reasoning process for arithmetic problems,
irrelevant content will be deducted points

Note:

- Answers that violate rules a/b/c/d will be scored between 1 and 3 points, which are low scores.

- Answers that are correct but violate rules e/f/g will be scored between 4-7, which are medium scores.
- Only answers that are correct and meet the above 7 evaluation criteria can score 8 points or more,
which are high scores.

[Evaluation Criteria End]
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[Output Rules]

Please strictly follow the requirements below:

- The first line outputs a paragraph of text, explaining the detailed reasons for scoring the answer.

- The second line outputs a number, representing the assistant’s score. Please strictly rate the model’s
answer according to the scoring range of 1 to 10, and the number can only be a positive integer between
1 and 10, such as output: 5, decimals such as 5.5 cannot appear Please strictly output the above two
lines of content in accordance with the above regulations, separated by a single newline character
between each line.

- The third line produce a list of errors, which present whether the dialogue violate the rules.

The expected output format should be:

Feedback: reason for the score

Score: your score for the model

Errors:

- Safety: Yes/No

- Neutrality: Yes/No

- Compliance with facts: Yes/No

- Relevance: Yes/No

- Logicality: Yes/No

- Language fluency: Yes/No

- Information content: Yes/No

[Output Rules End]

Please output your judgment by Vietnamese language

D Comparison of LLMs for LLM-as-a-Judge

Evaluator

Model Qwen Rank GPT-40 Rank GPT-40-mini Rank
GPT-40 96,3 2 96,1 2 96,5 2
Llama-3.2-1B-Instruct 70,1 12 67,9 12 71,5 12
Llama-3.2-3B-Instruct 90,3 9 89,4 9 91,0 9
Llama-3-8B-Instruct 93,1 6 92,6 6 93,6 6
Llama-3.1-8B-Instruct 92,0 7 91,3 7 93,6 7
Llama-3.1-70B-Instruct 95,1 5 94,3 5 96,1 5
Llama-3.3-70B-Instruct 95,8 4 95,5 3 96,4 3
Qwen2.5-0.5B-Instruct 62,5 13 60,3 13 64,5 13
Qwen2.5-1.5B-Instruct 86,7 11 85,6 11 87,9 11
Qwen2.5-3B-Instruct 88,3 10 86,9 10 89,7 10
Qwen2.5-7B-Instruct 91,8 8 90,7 8 93,0 8
Qwen2.5-14B-Instruct 96,1 3 95,5 3 96,2 4
Qwen2.5-72B-Instruct 96,8 1 96,9 1 97,2 1

Table 17: Evaluation of the Vi-SQuAD Task Using Different LLMs as Evaluator (Qwen: Qwen2.5-72B, GPT-40:
gpt-40-2024-08-06 , GPT-40-Mini: gpt-40-mini-2024-07-18
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E Breakdown comparison between CoT and Non-CoT prompting techniques in Vi-MQA

Qwen2.5-72B-Instruct Llama-3.3-70B-Instruct

subject CoT NoCol' Gap CoI' NoCol Gap

TOTAL 742 724 +1,8 73,9 69,1 +4,8
By category

STEM 76,2 71,7 +4,5 752 65,6 +9,5
HUMANITY 729 724 +0,5 72,7 70,8 +2,0
SOCIAL SCIENCE 78,5 77,7 +0,7 77,2 75,9 +1,3
OTHER 67,1 68,2 -1,1 69,8 66,5 +3,3
STEM’s subjects

Statistics and probability 86,2 649 +21,3 81,6 51,2 +30,5
Computer architecture 86,7 73,9 +12,8 81,7 67,8 +13,9
Middle school physics 85,6 75,0 +10,6 77,2 66,1 +11,1
Middle school mathematics 69,4 59,3 +10,2 70,4 53,7 +16,7
Introduction to physics 71,5 67,6 +9,8 73,4 59,0 +14,5
High school physics 71,7 63,9 +7,8 75,0 56,7 +18,3
Elementary mathematics 90,6 84,4 +6,1 85,6 68,3 +17,2
High school mathematics 71,0 68,2 +2,7 66,2 52,7 +13,5
Computer network 83,2 81,0 +2,2 81,6 70,4 +11,2

Table 18: Breakdown Comparison between CoTl and No-CoT Prompting techniques on Vi-MQA task of Qwen2.5-
72B-Instruct and Meta-Llama-3.3-70B-Instruct

F Breakdown of the top category evaluation result in Vi-DROP benchmark

Category Number GPT40 Qwen2.5-72B Llama-3.3-70B

1 add_sub 830 90.0 91.5 91.7
2 selection 682 94.4 94.3 95.6
3 comparison 559 95.9 96.1 95.4
4 count 430 76.9 77.4 75.1
5 comparisonl 331 92.2 91.2 92.2

Table 19: Breakdown of the top category evaluation result in Vi-DROP benchmark
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