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Abstract
Fact-checking is essential due to the explosion of misinformation in the media ecosystem. Although false information
exists in every language and country, most research to solve the problem has mainly concentrated on huge
communities like English and Chinese. Low-resource languages like Viethamese are necessary to explore corpora
and models for fact verification. To bridge this gap, we construct ViWikiFC, the first manually annotated open-domain
corpus for Vietnamese Wikipedia Fact Checking more than 20K claims generated by converting evidence sentences
extracted from Wikipedia articles. We analyze our corpus through many linguistic aspects, from the new dependency
rate, the new n-gram rate, and the new word rate. We conducted various experiments for Vietnamese fact-checking,
including evidence retrieval and verdict prediction. BM25 and InfoXLM;,. achieved the best results in two tasks,
with BM25 achieving an accuracy of 88.30% for SUPPORTS, 86.93% for REFUTES, and only 56.67% for the NEI
label in the evidence retrieval task. InfoXLMg,,. achieved an F; score of 86.51%. Furthermore, we also conducted a
pipeline approach, which only achieved a strict accuracy of 67.00% when using InfoXLM .. and BM25. These

results demonstrate that our dataset is challenging for the Vietnamese language model in fact-checking tasks.

Keywords: Fact Checking, Language Model, Information Verification, Corpus

1. Introduction

Following the increase in the amount of informa-
tion, the lack of strict policies when spreading in-
formation has led to misinformation and disinfor-
mation on social media. This can cause conflict
and manipulate the group of people. To minimize
these impacts, organizations like PolitiFact and
FactCheck.org play an essential role in online Fact
Verification by manually verifying claims based on
different sources of evidence. However, manual
verification is time-consuming and insufficient given
the speed of information updates on social media.

Automatic Fact-Checking is a complicated task
that can be separated into four sub-tasks: claim de-
tection, evidence retrieval, verdict prediction, and
justification production (Guo et al., 2022). While
there are many works on improving fact-checking
systems (Lewis et al., 2020; Maillard et al., 2023;
Pan et al., 2023) and large-scale corpora for vari-
ous languages such as NELA (Horne et al., 2018),
FakeCovid (Shahi and Nandini, 2020), FEVER
(Thorne et al., 2018), and VitaminC (Schuster
et al., 2021), Viethnamese remains a low-resource
language for NLP, especially in automatic fact-
checking.

To contribute to Vietnamese NLP research,
we present ViWikiFC: the first large-scale, open-
domain corpus for Vietnamese Fact-Checking on
Wikipedia. The corpus consists of 20,916 man-
ually annotated claims based on evidence from

*Corresponding author.

Wikipedia pages. Following FEVER (Thorne et al.,
2018), our corpus has three label classes: SUP-
PORTS, REFUTES, and NOTENOUGHINFORMA-
TION (NEI). The evidence is manually rewritten into
three types of claims, making them more realistic
and semantically diverse than FEVER’s approach.
We also follow ViNLI (Huynh et al., 2022) to cre-
ate double claims with different meanings for each
label from one evidence.

Annotators who are native Vietnamese speak-
ers with education beyond high school were care-
fully trained to ensure consistency. We con-
ducted experiments on evidence retrieval using
TF-IDF, BM25, and Vietnamese-SBERT (Phan
et al., 2022b), and on verdict prediction using
CBOW (Mikolov et al., 2013), BiLSTM (Graves and
Schmidhuber, 2005), multilingual models (MBERT
(Kenton and Toutanova, 2019), XLM-R (Conneau
et al., 2020), InfoXLM (Chi et al., 2021)), and
Vietnamese-specific models (PhoBERT (Nguyen
and Tuan Nguyen, 2020), ViDeBERTa (Tran et al.,
2023)).

Contributions in this paper are described as fol-
lows.

« Firstly, we propose the first fact-checking cor-
pus on Vietnamese Wikipedia, comprising
20,916 claim sentences manually annotated
based on 73 Wikipedia articles built with a con-
sensus agreement among annotators, achiev-
ing a 95.87% Fleiss’k-agreement.

» Second, we conduct two experiments on two
tasks, evidence retrieval and verdict predic-

11125

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 11125-11140
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



Corpus Claims Language Source Domain Annotated Evidence Annotated Label
PolitiFact (2014) 106 English PolitiFact Politics X X
Liar (2017) 12,836 English PolitiFact Politics X X
FEVER (2018) 185,445 English Wiki Multiple v/ v
PUBHEALTH (2020) 11,832 English Fact-Checking/News  Health X X
HOVER (2020) 26,171 English Wiki Multiple v v
TabFact (2020) 92,283 English Wiki Multiple X v
InfoTabs (2020) 23,738 English Wiki Multiple X v
ANT (2020) 4,547 Arabic News Multiple X X
FakeCovid (2020) 5,182 Multilingual (3) Fact Check Health X X
X-Fact (2021) 31,189  Multilingual (25) Fact Check Multiple 4 X
VitaminC (2021) 488,904 English Wiki Multiple X v
DanFEVER (2021) 6,407 Danish Wiki Multiple v v
CHEF (2022) 10,000 Chinese Internet Multiple v v
ViWikiFC 20,916 Vietnamese Wiki Multiple X v

Table 1: Overall statistics of fact-checking corpora.

tion, while also developing a pipeline ap-
proach for fact-checking models, encompass-
ing both neural network-based and pre-trained
transformer-based models.

» Next, we analyze the corpus from various lin-
guistic perspectives in the Vietnamese lan-
guage to gain more insight into Vietnamese
fact-checking, including the new n-gram rate,
the new dependency rate, and the new word
rate.

 Finally, our corpus and annotation tool are
available for research purposes.

2. Related Work

In this section, we review prior studies and re-
sources related to fact-checking, focusing on cor-
pora and baseline models that have shaped this
research direction. Section 2.1 introduces key
datasets, while Section 2.2 presents the main
methodological approaches.

2.1. Fact-Checking Corpora

We reviewed existing fact-checking datasets, sum-
marized in Table 1, categorized by dataset size,
language, source, domain, and annotation types.

The PolitiFact corpus (Vlachos and Riedel, 2014)
laid the foundation for modern fact-checking by
defining three core tasks: claim detection, evidence
retrieval, and verdict prediction. However, its limited
size restricted model training. The LIAR dataset
(Wang, 2017) expanded on this with over 12.8K
samples from PolitiFact! but lacked evidence an-
notations. FEVER (Thorne et al., 2018) later in-
troduced a large-scale corpus of 180K manually
written claims based on Wikipedia®?, establishing an
automated pipeline structure for verification. Sub-
sequent corpora such as Snopes (Hanselowski

Thttps://www.politifact.com/
2https://www.wikipedia.org/

et al., 2019) and MultiFC (Augenstein et al., 2019)
diversified sources and label types, while later
datasets like HoVer (Jiang et al., 2020) and Vi-
taminC (Schuster et al., 2021) expanded evidence
coverage and reasoning complexity.

For semi-structured data, TabFact (Chen et al.,
2020), InfoTabs (Gupta et al., 2020), and FEVER-
OUS (Aly et al., 2021) introduced fact verification
using tables or hybrid text-table formats. Multilin-
gual efforts have also emerged, including X-Fact
(Gupta and Srikumar, 2021), ANT (Khouja, 2020),
DanFEVER (Ngrregaard and Derczynski, 2021),
and CHEF (Hu et al., 2022).

Despite this progress, Vietnamese NLP still lacks
an open-domain, large-scale, and well-annotated
fact-checking corpus. To address this gap, we con-
structed a Viethamese fact-checking dataset and
developed an accompanying verification pipeline
using pre-trained Viethamese language models.

2.2. Fact-Checking Methods

Fact-checking typically involves four sub-tasks:
claim detection, evidence retrieval, verdict predic-
tion, and justification generation. Among these,
evidence retrieval and verdict prediction are cen-
tral, forming the core of our research.

Evidence retrieval involves finding relevant infor-
mation from various sources to support or refute
a claim. Traditional non-neural methods such as
TF-IDF (Thorne et al., 2018; Hu et al., 2022) and
BM25 (Chen et al., 2017) rely on lexical matching
but are limited in semantic understanding. Neu-
ral approaches, such as Dense Passage Retrieval
(DPR) (Karpukhin et al., 2020), use dense vec-
tor representations via dual-encoder architectures,
achieving significant improvements in open-domain
QA (Karpukhin et al., 2020; Chang et al., 2019; Lee
et al., 2019) and fact-checking (Samarinas et al.,
2021, 2020). Cross-encoder re-rankers based on
BERT and its variants (Nogueira and Cho, 2019;
Nogueira et al., 2019; Wang et al., 2019) further
enhance retrieval precision.
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Figure 1: The creation process of the fact-checking corpus.

Verdict prediction determines the truthfulness
of a claim based on retrieved evidence. It is
typically formulated as a sentence-pair classifi-
cation problem. Early approaches used CBOW
(Mikolov et al., 2013), RNN (Elman, 1990), or
BIiLSTM (Graves and Schmidhuber, 2005), while
transformer-based models such as BERT (De-
vlin et al., 2019) and its successors—RoBERTa
(Liu et al., 2019), ALBERT (Lan et al., 2019), and
XLM-R (Conneau et al., 2020)—greatly improved
performance. In Vietnamese, PhoBERT (Nguyen
and Tuan Nguyen, 2020) was the first monolingual
pre-trained model, trained on a 20GB corpus of
Wikipedia and news data, followed by ViT5 (Phan
et al., 2022a) and ViDeBERTa (Tran et al., 2023),
which further enhanced representation quality for
downstream tasks, including fact-checking.

3. Corpus Creation

The corpus was created throughout four phases
(see Figure 1), including annotator recruitment and
training (see Section 3.1), evidence selection (see
Section 3.2), claim generation (see Section 3.3),
and corpus validation (see Section 3.4). Further-
more, we also analyzed the corpus (see Section
3.5) in terms of various linguistic aspects to gain a
deeper understanding of the language characteris-
tics of the corpus.

3.1.

We recruited thirty Vietnamese native speakers
with at least high school to college literacy to create
claims based on given evidence sentences. All
annotators were familiar with online reading and

Annotator Recruitment and Training

information searching. Before participating in the
official annotation, they underwent a two-phase
training process to ensure annotation quality, with
agreement measured by the Fleiss k score (Fleiss,
1971).

In the first phase, annotators were trained using
detailed guidelines to understand claim-generation
rules. They then annotated a small training cor-
pus containing 50 evidence sentences labeled as
SUPPORTS, REFUTES, or NOT ENOUGH INFOR-
MATION. Each claim-evidence pair was reviewed
by one of three authors, and inter-author agree-
ment above 0.90 was required for the annotator to
proceed to the second phase. Annotators scoring
below 0.90 were asked to review their mistakes and
repeat the first phase using a new training set.

In the second phase, the thirty annotators were
randomly divided into six groups of five. Each an-
notator labeled at least one dataset folder of 150
claim-evidence pairs, with labels concealed. Ev-
ery group then re-labeled five folders produced by
other groups, and inter-annotator agreement was
again evaluated using Fleiss k. Annotators achiev-
ing a consensus score of 0.95 or higher qualified
for the official annotation process; otherwise, they
repeated the first training phase. This procedure
continued until all annotators achieved the required
agreement threshold. During pilot annotations, an-
notators were encouraged to document ambiguous
cases (e.g., polysemy, unclear entities) and note
common labeling errors to refine the annotation
guidelines.
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3.2. Evidence Selection

We use Wikipedia as the primary data source to
build the ViWikiFC corpus. We do not prioritize
establishing the credibility of the data source, as,
in reality, all data sources can sometimes present
inaccuracies or omit information, either uninten-
tionally or deliberately. Therefore, no source can
be deemed completely trustworthy. The team con-
siders the coverage of information in various as-
pects of life as a crucial factor. Wikipedia, being
an open encyclopedia with more than 55 million
articles on a wide array of topics, helps to build a
corpus with greater comprehensiveness compared
to constructing it solely from other sources, such as
political information from Politifact® or news articles
from VnExpress®. We extracted 3,812 evidence
sentences from more than 1,479 paragraphs in 73
articles on Wikipedia, covering various topics such
as history, geography, philosophy, and science.

3.3. Claim Generation

Following the FEVER dataset (Thorne et al., 2018),
we design three labels—SUPPORTS, REFUTES,
and NOT ENOUGH INFORMATION (NEI)—to cap-
ture the different relationships between a claim and
its supporting evidence. In practice, many claims
cannot be conclusively verified or falsified due to
incomplete or ambiguous information; therefore,
we include the NEI label to better reflect these real-
world scenarios. Annotators are instructed to com-
pose claim sentences for each of the three labels
as follows:

+ SUPPORTS: The claim can be determined as
true based solely on the given evidence.

+ REFUTES: The claim can be determined as
false based solely on the given evidence.

* NOT ENOUGH INFORMATION (NEI): The
claim cannot be judged as true or false us-
ing the provided evidence.

For the SUPPORTS and REFUTES labels, an-
notators write claims that rely only on the content
of the evidence sentence, without using external
knowledge or personal understanding. They are
encouraged to reformulate, restructure, or vary the
expression to enhance linguistic diversity and avoid
simply paraphrasing the evidence. This approach
differs from FEVER (Thorne et al., 2018), where
claims often derive from minimal factual transfor-
mations.

For the NEI label, annotators must still reuse at
least one component from the evidence (subject,

Shttps://www.politifact.com/
“https://vnexpress.net/

object, or event) while introducing new but contex-
tually relevant information not present in the orig-
inal sentence. This design ensures the NEI label
remains semantically related to the evidence and
also enables a more realistic evaluation of evidence
retrieval and claim verification models.

Each evidence sentence leads to the creation
of two distinct claim sentences for each label, re-
sulting in a total of six claims per evidence. This
procedure follows the approach in OCNLI (Hu et al.,
2020) and IndoNLI (Mahendra et al., 2021), where
annotators are instructed to explore multiple infor-
mation pieces within a single evidence and use
diverse linguistic forms to represent similar mean-
ings. Furthermore, for a given evidence sentence,
the claims corresponding to different labels show
clear variation in writing style, word choice, and
focus, thereby improving the dataset’s semantic
diversity.

During annotator training, we observed that a
noticeable portion of annotators struggled with con-
structing SUPPORTS claims, especially when the
evidence sentence contained limited information
(typically 15—-25 tokens). It was challenging for
them to compose a natural claim without overly
mirroring the evidence. Similarly, the REFUTES
label posed difficulties due to excessive or unclear
negation, which occasionally caused label drift to-
ward NEI.

3.4. Corpus Validation

To ensure data quality and annotation consistency,
we perform a two-stage validation process: annota-
tor validation and author validation, both conducted
during the claim generation phase.

3.4.1. Annotator Validation

When 50% of the corpus was completed, the top
five annotators were selected to relabel a separate
subset of 750 claim—evidence pairs that none had
previously worked on. Labels were re-assigned col-
laboratively, and pairs with fewer than three match-
ing labels were discarded. The inter-annotator
agreement reached 99.87% when at least three
annotators agreed and 95.47% when at least two
agreed. The Fleiss x score was 95.87%, signif-
icantly higher than FEVER’s 68.41%, confirming
strong consistency among annotators.

3.4.2. Author Validation

The same 750 pairs were further reviewed by the
authors to assess guideline compliance. Results
show that 96.12% of the claims strictly followed the
annotation rules, while only 3.87% contained minor
writing or labeling errors, demonstrating the overall
reliability of the corpus.
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3.5. Corpus Analysis

3.5.1. Overall Statistics

We divide the corpus, which consists of 20,916
claim sentences, randomly into three different sets:
80.00% for training (Train), 10.00% for development
(Dev), and 10.00% for the test (Test) set for the VP
task. For ER tasks, we do not employ pre-trained
models on a portion of the data and then evalu-
ate the remaining part. Instead, we use the cosine
similarity measure between sentences within the
model to extract evidence sentences, and this pro-
cess will be carried out and evaluated on the entire
corpus. The distribution of labels is summarized in
Table 2.

SUPPORTS REFUTES NEI

Train 5594 5573 5,571
Dev. 666 694 730
Test 708 706 677

Table 2: Overall statistics of our corpus.

3.5.2. Length Distribution

Allocate the sentences of claims and evidence
based on their length, as presented in Figure 3
and Figure 2. The length of claims is shorter com-
pared to the evidence, but they still ensure a com-
plete and accurate representation of the informa-
tion conveyed by the evidence sentences. In reality,
claim sentences often tend to be shorter in length,
whereas evidence sentences are typically longer,
serving the role of providing additional details and
supporting the claim. Furthermore, writing too long
sentences can result in providing more context and
information to the model, making training and pre-
diction less challenging and more straightforward.
The shortest length for a claim is four words, while
the longest when generating is 113 words. Sen-
tences within the length range of 12 to 25 words
constitute the largest proportion of the corpus.

3.5.3. New Word Rate

To evaluate diversity in the corpus, we measure
the rate of new words in the claim sentence that
do not appear in the evidence sentence. We use
VnCoreNLP (Vu et al., 2018) for word segmenta-
tion. The results in table 3 show that the new word
rate in the REFUTES label is the lowest, reaching
only 31.28%. The word diversity of the NEI label
(50.44%) is the highest among the three labels, fol-
lowed by the SUPPORTS label with 32.91%. Both
the SUPPORTS and REFUTES labels have a low
new word rate compared to the NEI label, indicat-
ing that annotators tend to use fewer new words
when constructing sentences for these two labels.

Sentence Length Distribution Of Total Syllable Data

—— claim
evidence

20004

1500 4

Count

1000 +

0 —_—

0 50 100 150 200 250
Sentence Length
Figure 2: The distribution of total syllables in the
corpus.
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Figure 3: The distribution of total words in the
corpus.

This tendency ensures semantic accuracy with the
evidence sentence when external knowledge is not
used. In Addition, we utilized part-of-speech anal-
ysis on new words to delve deeper into annota-
tor data construction trends. We used PhoNLP
(Nguyen and Nguyen, 2021) for word segmenta-
tion and summarized the results in Table 3. The
statistical results reveal that nouns and verbs are
the two primary components annotators use when
composing claim sentences.

3.5.4. Corpus-generation rules analysis

To evaluate and analyze the linguistic factors of the
annotators during the creation of the corpus, we
proceed with the analysis of the rules used based
on the VINLI (Huynh et al., 2022) corpus generation
process. We randomly chose 500 SUPPORTS and
500 REFUTES claim-evidence pairs from the vali-
dation set. Selecting 500 sentences for each label
will increase the coverage of the data compared to
analyzing a smaller sample of only 100 sentences,
as was performed in VIiNLI. The statistical results
and illustrative examples are provided in Appendix
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Part-Of-Speech (%)

Label New Word Rate (%) New Dependency Rate (%)
Noun Verb Adjective Preposition Adjunct Other
SUPPORTS 32.91 75.26 26.97 30.22 7.65 10.81 7.92 16.45
"REFUTES 3128 6790 26.27 2547 866 8.04 1310 1847
"NEI 5044 0 8196 33.96 2361 89% 982 765 1599

Table 3: Corpus analysis in terms of linguistic aspects.

A.

For the SUPPORTS label, the rule annotator
uses most is ‘replace words with synonyms’ with
58.60%; meanwhile, the ’'turn adjective into rela-
tive clause’ rule has the lowest ratio (Table 7). As
for the REFUTES label, annotators tend to gen-
erate claims with the 'wrong reasoning about an
event’ rule, whereas 'opposite of time’ and 'create
a sentence that has the opposite meaning of a pre-
supposition’ share the same proportion of 5.60%,
making them the least common rule used when
creating data (Table 8).

® 1rule
® 2rule
>2rule

Figure 4: The ratio of SUPPORT claim generation
rules.

® 1rule
® 2rule

>2rule

Figure 5: The ratio of REFUTE claim generation
rules.

During the corpus generation process, annota-
tors can use more than one rule for every claim
they write. The analysis we conducted on claims
shows that almost half of SUPPORT claims are
written using two rules (49.80%), while one rule
has 41.20%. For the REFUTES label, claims are
nearly generated by one rule with a proportion of
88.00% (Figure 5). This can be explained by the
fact that when using too many rules without review-
ing carefully, REFUTES claims can be turned into
NEI labels.

4. Empirical Evaluation

4.1. Baseline Models and Pipeline
Description

To comprehensively evaluate the ViWikiFC dataset,
we define two main subtasks: Evidence Retrieval
(ER) and Verdict Prediction (VP), which are further
integrated into a complete fact-checking pipeline.

4.1.1. Evidence Retrieval

In the ER task, given a claim sentence, the objec-
tive is to identify the most relevant evidence sen-
tences from the corpus. We employ three retrieval
methods: TF-IDF, Okapi BM25, and Vietnamese
Sentence-BERT (SBERT). The TF-IDF model is
implemented from scratch, BM25 is applied using
the Rank-BM25° library with default hyperparame-
ters, and Vietnamese Sentence-BERT is adopted to
capture semantic similarity between claims and ev-
idence through sentence embeddings. This model,
based on the Sentence-BERT architecture, enables
efficient comparison of sentence-level meanings
with reduced computational cost compared to tra-
ditional transformer-based encoders.

4.1.2. Verdict Prediction

For the VP task, we explore a range of models from
traditional neural architectures to pre-trained lan-
guage models. Simpler models, such as Continu-
ous Bag of Words (CBOW) and BiLSTM, are trained
with pre-trained PhoW2V embeddings at both syl-
lable and word levels. We further investigate the
performance of advanced transformer-based mod-
els, including Multilingual BERT (mBERT), XLM-
RoBERTa, InfoXLM, PhoBERT, and ViDeBERTa,
covering both multilingual and monolingual repre-
sentations for Viethamese. Word-based models
(PhoBERT, ViDeBERTa) employ the VNCoreNLP
toolkit for word segmentation, while syllable-based
models (MBERT, XLM-R, InfoXLM) use raw tok-
enized text. To ensure robustness, each experi-
ment is conducted five times with different random
seeds, and the standard deviation of the perfor-
mance metrics is reported.

Shttps://pypi.org/project/rank-bm25/
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4.1.3. Pipeline Description

Finally, we selected the models that achieved
the highest performance in both tasks, evidence
retrieval and verdict prediction, and integrated
them into a complete fact-checking pipeline. This
pipeline takes a claim sentence as input and out-
puts both an evidence sentence extracted from
the corpus and a corresponding verdict label that
indicates whether the claim is SUPPORTED, RE-
FUTED, or NOT ENOUGH INFORMATION.

To ensure rigorous and reliable evaluation, we
apply a strict accuracy metric, which considers
a prediction correct only when both the retrieved
evidence and the predicted label are accurate. In
other words, if either the evidence or the verdict is
incorrect, the entire prediction is counted as incor-
rect. This metric reflects the end-to-end quality of
the fact-checking process rather than evaluating
each component in isolation.

Strict accuracy is formally defined as follows,
where v and V' denote the ground-truth and pre-
dicted evidence in the evidence retrieval task,
and ¢ and ¢ represent the ground-truth and pre-
dicted labels in the verdict prediction task e, e’ €
{SUPPORTS,REFUTES,NOTENOUGHINF ORM
ATIONY:

Strict Accuracy = 6(v,V') x (e, ')
where §(a,b) equals 1 if a = b and 0 otherwise.

4.1.4. Evaluation Metrics

To assess the performance of the models in these
tasks, we employ accuracy as the primary evalu-
ation metric. Additionally, we utilize the F; score
(macro average) as the secondary evaluation met-
ric for the verdict prediction task (VP), which is
described below:
£ 2 X Precision X Recall
| =

Precision + Recall

4.2. Experimental Results

4.2.1. Evidence Retrieval

The experimental results presented in Table 5 shed
light on the performance of models in the evi-
dence retrieval (ER) task with pre-trained model
Vietnamese-SBERT (SBERT), TF-IDF, and BM25.
These results offer valuable information on the
strengths and weaknesses of these approaches.
We can observe that BM25 consistently outper-
forms TF-IDF and SBERT across all 3 labels in
both single-sentence and 5-sentence retrieval sce-
narios. As the number of retrieved sentences in-
creases from 1 to 5, the accuracy of all 3 models
increases, with BM25 achieving the highest accu-
racy, reaching 93.93% for the SUPPORTS label
and 93.04% for the REFUTES label. SBERT, with

its transformer architecture, possesses the ability
to capture the contextual nuances of the sentences
it retrieves, but in the ViWikiFC corpus, the model’s
performance underperforms BM25. This suggests
that BM25, despite its less complex architecture,
exhibits remarkable performance in evidence re-
trieval tasks compared to other transformer-based
methods (Thakur et al., 2021).

However, it is important to address the relatively
lower performance of TF-IDF, SBERT, and BM25
in the NEI (Not Enough Information) label cate-
gory. This discrepancy in performance can be at-
tributed to the inherent challenges in dealing with
the NEI label. On the NEI label, the information
contained within a claim may be entirely unrelated
to the available evidence. Therefore, accurately
identifying and classifying such cases is inherently
more complex. TF-IDF, SBERT, and BM25 struggle
with this label due to the inherent ambiguity and
lack of clear semantic connections between the
claim and evidence.

4.2.2. Verdict Prediction

The analysis of the metrics clearly indicates that
transformer-based models have emerged as the
top performers in the task at hand. Their ability to
capture complex linguistic patterns and relation-
ships within the data sets them apart from other
models.

In the case of the "word" corpus, PhoBERT 14¢.
stands out as the best-performing model. It
achieves an impressive accuracy of 82.88% on
the development set and 81.63% on the test set.
These results demonstrate the robustness and ef-
fectiveness of PhoBERT . in handling the nu-
ances of the "word" corpus. lts high accuracy in
both development and test sets suggests that it
can consistently provide reliable predictions in this
specific context.

However, when we shift our focus to the "syllable"
corpus, INfoXLM_ .. takes the lead with remark-
able accuracy and F; scores. It achieves an accu-
racy of 87.45% and 86.50% on validation and test
sets, respectively. These numbers not only surpass
the performance of PhoBERT . but also high-
light the exceptional capabilities of INfoXLMge
in handling the "syllable" corpus. This outcome
establishes InfoXLM; . as the optimal model for
the VP task. The superiority of InfoXLM . in
the "syllable" corpus might be attributed to its abil-
ity to capture the intricate linguistic patterns and
syllable-level features, which are evidently critical
in achieving high accuracy and F; scores in this
particular context.
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Model Dev Test
Acc F; Acc F
CBoW 51.26+0.66 50.50+0.98 50.39+1.05 49.65+0.95

| BLSTM | - 49.91 +£0.47 49.83 4£0.61 49.13 4045 49.24 +0.48

| ViDeBERTag,q; | 61.67 £1.13 61.43 £0.79 60.62+0.66 61.73 +0.87

Word || ViDeBERTag,, | 64.41 £0.57 64.11 £0.54 63.70+0.51 64.06 +0.40

| PhoBERTp,, | 81.72£0.57 81.54 +0.58 80.67+0.37 80.70 +0.34

| PhoBERTp,, V2 | 82.50 £0.52 82.28 +0.53 81.22 +0.53 81.19 +0.56

| PhoBERT 4 | 82.88 £0.97 82.74 +£1.01 81.63 £0.47 81.62 +0.44

CBoW 45.25 £0.66 44.55 +0.63 44.24 +£1.05 43.46 +0.64

| BILSTM | . 47.68 £0.60 47.67 +0.77 4512 £0.62 45.04 £0.79

| mBERT |~ 75.75 £0.68 75.61 £1.24 75.93 £0.58 76.01 £1.18

| XLM-Rpuse | 79.66 £0.95 79.48 +0.97 78.53 £0.41 78.56 £0.48

Syllable || XLM-Rpyyee | 86.09 +£0.72 86.02 +0.67 85.11 £0.27 85.15+0.26

| InfoXLMp,,, | 80.10 £0.57 79.92 £0.61 79.19 +0.78 79.23 +0.77

| InfoXLMp4,. | 87.45 £0.41 87.42 £0.60 86.50 +0.43 86.51 +-0.62

Table 4: The result of models on Dev and Test.
ER Top 1 Top 5 and then for verdict prediction, needs improvement
SUP REF NEI SUP REF NEI to deal with more complex claims that have been
_TFIDF  61.47 5822 34.26 8367 8146 5458  studied in English (Pan et al., 2023; Yao et al.,
_SBERT 80.19 71.57 43.61 8941 8469 6010  2023).
BM25  88.30 86.93 56.57 93.93 93.04 71.51

Table 5: Evidence Retrieval Results using accuracy
(%).

4.2.3. Pipeline

We combine BM25 and SBERT, respectively, with
the best models in the VP task, PhoBERT .
and InfoXLM_ . for VP. The pipeline is evaluated
through the test set. Table 6 gives the result of

Pipeline ER Acc VP Acc Strict Acc
INfoXLM4ge 65.56 75.80 57.15
SBERT | pRoBERT,,e 6556 7154 52.84
BM25 |l InfoXLMp.,  78.38  80.63  67.00
PhoBERT 4¢e 78.38 76.18 63.46

Table 6: Pipeline result for test set

the pipeline; the best combination for both tasks is
BM25 and InfoXLM4. with 67.00%, while SBERT
and PhoBERT . have the lowest result. This
result demonstrates the ViWikiFC corpus’s chal-
lenge for current Vietnamese fact-checking mod-
els. Besides, it provides a practical perspective on
the fact-checking problem, as accurate evidence
retrieval significantly influences the performance
of evidence-based methods such as PhoBERT
and InfoXLM. While these methods perform well
in verdict prediction tasks, their strict accuracy still
needs to be improved. Therefore, approaching the
Vietnamese fact-checking problem using separate
models for each task, first for evidence retrieval

5. Conclusions and Future Directions

In this paper, we construct the first open-domain
and high-quality Wikipedia Vietnamese corpus, in-
cluding 20,916 samples to evaluate fact-checking
models. Furthermore, we have discussed the data
collection and annotation method and shared the
insight we obtained during the annotation process,
which can be applied in the development of non-
English corpus creation. The best baseline and
pipeline model (InfoXLM and BM25) only achieved
67.00% strict accuracy, making it a feasible chal-
lenge for the Vietnamese language model in fact-
checking tasks. We believe that ViWikiFC will
encourage the development of Viethamese fact-
checking research.

Following the development of fact-checking in
English, we aim to develop our research for Viet-
namese fact-checking by expanding our corpus
from quantity to quality with more trustworthy data
sources and constructing datasets not only on tex-
tual but also on images and tables for developing
multi-modal fact-checking. Besides, we want our
work to adapt to more advanced NLP tasks in low-
resource languages, such as fake news detection
or machine reading comprehension, with advanced
reasoning design and sub-task functionalities.
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A. Data Generation Rules Analysis

Rule Example Ratio
E: Au Lac bj nha Triéu & phuong Bac thén tinh vao dau
Ch:ange thé ky thir 2 TCN sau do |a thai ky Bac thudc kéo dai han
active  sen- | mat thign nién ky. (Au Lac was conquered by the Zhaos | 17.40%
tences Into |, the northern region at the beginning of the 2nd century
passive sen- | BC, leading to the Northern Domination period that lasted
tences and | for over a millennium.)
vice versa C: Thoi ky Bac thudc dién ra sau khi phuong Bac thon tinh
duagc Au Lac. (The Northern Domination period took place
after the northern regions conquered Au Lac.)
Replace E: Thai ky dau, nhitng bac dé vuong va nhirng nha quy téc
words with | cGa La M4 thich lua Trung Hoa dén mic ho cho can lua lén
synonyms. va ddi chd lua dé bang vang véi can nang tuong duong. (In | 58.60%
the early periods, Roman emperors and nobles had such a
fondness for Chinese silk that they would weigh silk against
gold and exchange it with an equivalent weight of gold.)
C: Lua Trung Hoa nhan dugc sy uva chudng cuc Ién ti nhiing
ngudi dirng dau, nhiing ngudi cé dia vi & La Ma. (Chinese
silk received immense favor from the Roman leaders and
influential people.)
Add or | E: Gary Shilling, chd tich mot céng ty nghién ctiu kinh té,
remove cho réng mufc tang trudng GDP thuc su clia Trung Quéc chi
modifiers la 3.50% chu khong phai 7.00% nhu bao cdo chinh thirc. | 48.00%
that do not | (Gary Shilling, the chairman of an economic research firm,
radically alter | believes that China’s actual GDP growth rate is only 3.50%,
the mean- | not the officially reported 7.00%.)
ing of the | C:Bé&o cdo chinhthiic v& mic ting trudng thuc su cla Trung
sentence. Quéc da dugc Gary Shilling cho rang la 3.50%. (The official
report on China’s actual growth rate has been suggested by
Gary Shilling to be 3.50%.)
Turn nouns | E: Trong bdn nudc xua cé nén van minh I6n thi cé ba nudc
into relative | xwa & vao chau A (An Do, Iraq (Ludng Ha) va Trung Quéc).
clauses (Among the four ancient civilizations, three were located in | 10.20%
Asia (India, Iraq (Mesopotamia), and China).)
C: Chau A |4 ngi ton tai ba nudc cé ndn van minh I6n. (Asia
is the region where three major ancient civilizations existed.)
Turn the ob- | E: Ly thuyét "Qué cau tuyét Trai Dat" cho rang nhirng su
ject into rela- | thay ddi v& miic d6 CO2 vira la nguyén nhan gay ra, vira la
tive clauses | nguyén nhan lam két thuc thoi ky cuc lanh & cubi Lién dai
Nguyén Sinh (Proterozoic). (The "Snowball Earth" theory
posits that changes in the levels of CO2 were both the cause 2 20%

and the termination of the extreme cold period at the end of
the Proterozoic Eon.)

C: Theo ly thuyét "Qué ciu tuyét Trai Dat" cho théy rang
su thay di thanh phan khong khi ma cu thé 1a luu lugng
CO2 |4 tac nhan cho ky bang gid, va ciing két thuc ludn thoi
ky cuc lanh & ky Proterozoic. (The "Snowball Earth" theory
indicates that changes in the composition of the atmosphere,
specifically the levels of CO2 which are the driving factors
behind ice ages and the termination of extreme cold periods
in the Proterozoic Eon.)
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Rule

Example

Ratio

Turn ad-
jectives
into relative

clauses

E: V& du lich bién, Nghé An c6 82 km bd bién véi nhiéu bai
tam dep hap dan khach du lich quéc t& nhu béi bién Clia
Lo, Clra Hoi; Nghi Thiét,... (For beach tourism, Nghé An
has a coastline of 82 kilometers with numerous beautiful
and attractive beaches for international tourists, such as
Cua Lo, Cua Hoi, Nghi Thiet,...)

C: Nghé An c6 cac bai tdm, noi dugc xem 14 nhitng dia diém
tuyét dep va rat cudn hut du khach quéc té. (Nghe An has
beaches which are considered to be stunning and highly
attractive destinations for international tourists.)

0.20%

Replace
quantifiers or
time with oth-
ers that have
a similar
meaning.

E: Theo Vién Han 1&m Khoa hoc Nga, Lién X6 da chiu 26,6
triéu thuong vong trong chién tranh thé gidi thit hai, bao
gbm su gia tang ty & t& vong & tré sa sinh la 1,3 triéu.
(According to the Russian Academy of Sciences, the Soviet
Union suffered 26.6 million casualties during World War
11, including an increase in the infant mortality rate of 1.3
million.)

C: Lién X6 chiing kién gan 27 triéu cdi chét trong thé chién
th& hai. (The Soviet Union witnessed nearly 27 million
deaths during World War II.)

5.60%

Create a pre-
supposition
sentence

E: Mot s6 ngudi cho rang Firenze tr& thanh noi khéi dau
Phuc Hung la do may man, nghia 1a don thuan béi vi nhiing
vi nhan ng&u nhién sinh ra § day: ca da Vinci, Botticelli va
Michelangelo déu 14 ngudi x& Toscana (ma Firenze 1 thi
phU). (Some argue that Firenze became the cradle of the
Renaissance due to luck, meaning it was purely coinciden-
tal that such great talents were born there: both da Vinci,
Botticelli, and Michelangelo were natives of Tuscany (with
Firenze as its capital).)

C: Qué huong cla Michelangelo la Firenze. (Michelangelo’s
hometown is in Firenze.)

20.60%

Replace
Named En-
tities with a
word that
stands  for
the class.

E: Céac cong ty cong nghé cao ctia Trung Qudc nhu Lenovo,
Huawei, Xiaomi, Coolpad, ZTE,... da bat dau canh tranh
thanh cong trén thi trudng thé gidi. (High-tech companies
in China such as Lenovo, Huawei, Xiaomi, Coolpad, ZTE,...
have successfully begun competing in the global market.)
C: Nhiéu cong ty céng nghé cla Trung Québc da bat dau
ghi danh minh thanh céng trén thj trudng céng nghé cao
thé gidi. (Many Chinese high-tech companies have indeed
successfully made a name for themselves in the global high-
tech market.)

2.00%

Create con-
ditional sen-
tences

E: Bénn viém gan siéu vi C man dugc xac dinh la nhiém
siéu vi viém gan C hon 6 thang cén cU trén sy hién dién clia
ARN. (The diagnosis of chronic hepatitis C infection is
established when the presence of RNA is detected for
more than 6 months.)

C: Néu nhiém siéu vi gan C hon nlta nam, ban sé bj viém
gan siéu vi C man. (If you are infected with the hepatitis
C virus for more than half a year, you will be considered to
have chronic hepatitis C.)

0.40%
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Rule

Example

Ratio

Other

E: Nhiing phén tich 16i bang va 16i tram tich dai duong khéng
chiing minh ro rang sy hién dién clia bang gia va nhiing thoi
ky trung gian bang gia trong vong vai triéu nam qua. (Core
ice and sediment analyses from the ocean do not provide
clear evidence of the presence of ice ages and intermediate
ice-free periods over the past several million years.)

C: Du déu la cac bang ching dia chat nhung theo nhiing
phan tich 16i bang va I6i trAm tich dai duwong da khéng chiing
minh ro rang sy hién dién clia bang gid va nhirng thoi ky
trung gian bang gia trong vong vai triéu nam qua. (Although
both are geological pieces of evidence, core ice and ocean
sediment analyses have not provided clear confirmation of
the presence of ice ages and intermediate ice-free periods
over the past several million years.)

Note: Although clause, Inversion can be used for converting
evidence to claim. These circumstances are listed in Other.

3.00%

Table 7: SUPPORTS rules and examples for creating evidence (E) - claim (C) pairs. Simply, we only
mention one rule to be applied in each example.

Rule

Example

Ratio

Use negative
words  (no,
not, never,
nothing,

hardly, etc.)

E: Svy kién nay dan téi viéc Hiép dinh Geneve (1954) dugc
ky két va Viét Nam bi chia ct thanh hai vung tap két quan
su, lay ranh gidi la vi tuyén 17. (This event led to the
signing of the Geneva Accords in 1954, which divided
Vietnam into two military zones along the 17th parallel.)
C: Su kién nay dan tGi viéc Hiép dinh Geneve (1954) khong
dudc ky két. (This event led to the Geneva Accords (1954)
not being signed.)

23.00%

Replace
words  with
antonyms

E:D6i tuyén béng nudc Singapore da gianh huy chuong
vang SEA Games |an thit 27 vao nam 2017, tiép tuc chudi
vé dich dai nhat clia thé thao Singapore v& mén mén cu thé.
(The Singapore water polo team won the gold medal at the
27th SEA Games in 2017, continuing Singapore’s longest
winning streak in a specific sport.)

C:Singapore lién tuc gap that bai d bé mén bong nudc tai
cac ky SEA Games. (Singapore has continuously faced
defeats in the sport of water polo at various SEA Games.)

14.00%

Opposite of
quantity

E: Nam 2010, téng chi tiéu ctia Nha nudc vao khoa hoc
va cong nghé chiém khoang 0.45% GDP. (In 2010, the
government’s total expenditure on science and technology
accounted for approximately 0.45% of the GDP.)

C: Nha nudc chi ra han 2.00% GDP nam 2010 cho khoa
hoc va cong nghé. (The government allocated over 2.00%
of the GDP in 2010 for science and technology.)

9.80%

Opposite of
time

E: Nam 1860, dan sb Singapore da vugt qua 80,000 va
hon mét nlra la ngudi Hoa. (In 1860, the population of
Singapore had exceeded 80,000, with over half being of
Chinese descent.)

C: Mai dén nam 2000, Dan s6 Singapore mdi dat méc
80,000. (It wasn'’t until the year 2000 that Singapore’s pop-
ulation reached the 80,000 milestone.)

5.60%
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Rule Example Ratio
Create a | E: Buc da tung ra 70.00% binh lyc véi cac su doan manh
sentence va tinh nhué nhét, chua ké binh luc gép thém clia céc nudc
that has the | ddng minh cta Bdc (Y, Rumani, Bulgari, Hungary, Phan
opposite Lan...). (Germany deployed approximately 70.00% of its mil- 5.60%
meaning of a | itary power, not counting the additional military contributions ’
presupposi- | from Germany’s allies (ltaly, Romania, Bulgaria, Hungary,
tion Finland...).)

C: Durc khong ¢ bat ky ddong minh nao gilp stic. (Germany
did not have any allies providing assistance.)
Wrong rea- | E: Khi gié mua déi huéng, cac dudng bd bién giap véi bién
soning about | A Rap va vinh Bengal c6 thé phai hiing chiu xody thuan.
an object | (When the monsoon winds change direction, coastal areas
(House, car, | bordering the Arabian Sea and the Bay of Bengal may be | 55 so,
river,  sea, | susceptible to cyclones.) ) '
person, etc.) | C: Cac duding bd bién tiép giap An D6 c6 thé phai hiing
chiu xody thuan khi gié mua déi hudng. (The coastal areas
bordering India may be susceptible to cyclones when the
monsoon winds change direction.)
Wrong rea- | E: M6t trin déng dat ¢ Valdivia, Chile véi cuong dé 9,4-9,6
soning about | do richter, mitc cao nhét titng dugc ghi nhan, khién 1.000
an event dén 6.000 ngudi chét. (An earthquake in Valdivia, Chile, with
a magnitude of 9.4 to 9.6 on the Richter scale, the highest 30.80%
ever recorded, resulted in the deaths of approximately 1,000 ’
to 6,000 people.)
C: Con dia chan & Valvidia chi gay ra thiét hai vé tai san.
(The earthquake in Valdivia only caused property damage.)
Others E: Tiéng Phap khéng phai 1a ngén ngl chinh thiic & Ontario,
nhung Dao luat Dich vu Ngén ngit Phap dam béo réng cac
dich vu clia tinh bang sé dugc cung cap bang ngdn ngit nay.
(French is not the official language in Ontario, but the French
) . . o | 0.20%
Language Services Act ensures that provincial services will
be provided in this language.)
C: DU tiéng Phap c6 la ngbn ngit chung clia bang Ontario,
thi né cling sé bi loai bd khdi hé théng cac dich vu. (Even
though French is one of the official languages of the province
of Ontario, it will be removed from the system of services.)

Table 8: REFUTES rules and examples for creating evidence (E) - claim (C) pairs. , we only mention one
rule to apply in each example.
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