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Abstract

The short video summarization provides brief
descriptions of the main content, enabling view-
ers to quickly understand the key information.
Although the field has seen significant progress,
there remains a shortage of datasets for food re-
views, particularly in Vietnamese. In this paper,
we introduce a novel multimodal Vietnamese-
English dataset focused on Vietnamese food
review videos called BV-FRD. Our dataset in-
cludes a wide range of food, prices and restau-
rant locations. Each video includes processed
scripts and annotated Vietnamese-English de-
scriptions, generated through a multi-stage
pipeline using several LLMs with human col-
laboration. Baseline experiments show moder-
ate performance, indicating that the dataset is
challenging and has strong potential for practi-
cal applications. In our experiments, DeepSeek
outperforms other models in Vietnamese and
English across three of four evaluation met-
rics. In Vietnamese, Phi-4 achieves the high-
est BERTS score, with a value of 0.64 preci-
sion. In English, DeepSeek reaches the high-
est consistency in Uni-Eval, with a value of
0.78. Through our analysis and baseline ex-
periments, we demonstrate that our dataset is
valuable and challenging for multimodal food
review description generation task. Our dataset
is available through this link1.

1 Introduction

Every day, millions engage with short videos
related to food, shaping food trends, domestic
tourism, and global perceptions of Vietnamese cui-
sine (Truong and Kim, 2023). These videos on
social networks attract the audience through their
brevity, practicality, and high shareability (Violot
et al., 2024; Zannettou et al., 2024). In addition, it
can affect consumers’ choices, identity construc-
tion, and cultural preservation.

1https://anonymous.4open.science/r/BV-FRD

Most of this content is open source, provid-
ing multi-modal datasets that combine speech, fa-
cial expressions, visuals, and sounds, offering a
clearer view of real-world communication than text-
only data (Baltrušaitis et al., 2018). Open-source
data promotes transparency, reproducibility, and
supports research in artificial intelligence and hu-
man–computer interaction (Von Krogh et al., 2003;
Willmes et al., 2014).

In recent years, Vietnamese natural language
processing (NLP) has advanced significantly, with
high-quality studies on word segmentation (Hai
et al., 2025), document summarization (Le and Le,
2025), and social media text processing (Nguyen
et al., 2023). Pre-trained models like PhoBERT
(Nguyen and Nguyen, 2020) have boosted perfor-
mance across downstream tasks. Research on senti-
ment analysis and question-answering systems (Lê
et al., 2020) further enriches the NLP landscape.
Overall, these developments lay the foundation for
advanced Vietnamese language models capable of
contextual understanding, supporting applications
from automated customer support to content cre-
ation.

Although a niche domain, food reviews strongly
influence consumers, promote local cuisine, and
support cultural exchange (Rini et al., 2024). Re-
search on short Vietnamese videos is limited, and
open-source multimodal datasets combining im-
ages, audio, and text are lacking, which are crucial
for conversational AI and multimodal understand-
ing (Baltrušaitis et al., 2018).

We present the Vietnamese–English bilingual
dataset BV-FRD for short food-related videos, con-
taining transcripts, manually written summaries,
and emotion labels to enrich Vietnamese language
resources and support research on dialogue summa-
rization, multimodal sentiment analysis, and con-
textual understanding. The main task is to sum-
marize food review videos on YouTube Shorts into
short, easy-to-understand descriptions. The final re-

https://anonymous.4open.science/r/BV-FRD


sult is a dataset of 2,020 videos, processed through
a pipeline using several LLMs with manual verifi-
cation at each step. The dataset is diverse in dishes,
pricing, and restaurant locations, with additional in-
formation such as video duration, view counts, and
temporal distribution, ensuring representativeness
and usefulness for various downstream tasks.

Our dataset makes two main contributions:

• In this paper, we introduce the BV-FRD
dataset. We leverage multiple LLMs in the
processing stage to enhance data generation
and employ a human-in-the-loop process to
ensure high-quality outputs. As a result, the
dataset contains 2,020 samples with a total
duration of 31.75 hours. Our dataset provides
a diverse and reliable resource for generating
Vietnamese-English text summaries of food
review videos.

• We evaluate our dataset with four base mod-
els on four metrics in both English and
Vietnamese. For both languages, DeepSeek
achieved the highest performance on three of
the four metrics. However, the generated de-
scriptions are only relatively similar to ground
truth. The performance of these baseline mod-
els indicates that our dataset is challenging
and has potential for further research in sum-
marizing food review videos into bilingual
description.

The presentation of our paper is organized as
follows. Section 2 presents related works on open-
source releases concerning videos. Section 3 in-
troduces the video processing pipeline for generat-
ing bilingual Vietnamese and English descriptions,
with steps involving both human annotators and
LLMs. Section 4 analyzes our dataset, including
statistical information and diversity measures. Sec-
tion 5 presents the results of applying base models
to tasks based on our dataset. Section 6 concludes
the work conducted and outlines directions for fu-
ture development.

2 Related Work

In the multimodal era, video has become a domi-
nant medium for information dissemination, driv-
ing the growing demand for efficient video com-
prehension and summarization (Apostolidis et al.,
2021; Otani et al., 2022). Existing datasets support
diverse tasks such as video captioning (Wang et al.,

2019) ,summarization (Qiu et al., 2024), and meet-
ing conversation analysis (Carletta et al., 2005).
Notably, MSR-VTT (Xu et al., 2016) offers daily-
life videos with short descriptions, VATEX (Wang
et al., 2019) adds bilingual captions, and MMSum
(Qiu et al., 2024) incorporates dialogue and meta-
data. While effective for short, visually simple
clips, these datasets lack coverage of narrative-rich
content such as vlogs or culinary reviews. To fill
this gap, we construct a dataset with varied descrip-
tion lengths that more accurately captures video
semantics, enabling adaptation to tasks from fine-
grained understanding to concise summarization
and enhancing model robustness.

In the food review domain, the NLP commu-
nity in English benefits from large-scale datasets
like Amazon Fine Food Reviews (McAuley et al.,
2015) and Yelp Reviews (Ganu et al., 2009), sup-
porting sentiment analysis, opinion summarization,
and multimodal tasks. Vietnamese research has
also progressed, with datasets from Foody and
Lozi used for sentiment analysis and classifica-
tion. (Nguyen et al., 2021) collected over 236k
reviews from 2011–2020, achieving 91.5% senti-
ment classification accuracy. ViMRHP (Nguyen
et al., 2025) introduced a multimodal dataset for
helpfulness assessment. However, most remain
monolingual, limiting cross-cultural accessibility.
Our Vietnamese–English bilingual dataset fills the
resource gap while enhancing the global presence
of Vietnamese cuisine. The aligned bilingual data
facilitates the development of multilingual mod-
els and advances NLP research for Vietnamese—a
low-resource language. Additionally, it supports
the promotion of Vietnamese culinary culture to
a wider international audience, contributing to the
preservation and development of local heritage.

NLP has been applied across domains with
datasets such as FFVD for e-commerce product
review videos (Zhang et al., 2020), Video Story
for social media narrative interaction and emotion
analysis (Gella et al., 2018). While these resources
advance research, their manual collection and anno-
tation incur high costs and limit scalability (Yuan
et al., 2025). Similar challenges appear in datasets
like VideoCC (Nagrani et al., 2022), where LLMs
generate detailed captions to reduce effort and cost,
but fully automated approaches risk semantic gaps
and inconsistencies (Liu and Wan, 2023). To ad-
dress these issues, we adopt a semi-automated
pipeline using LLMs for preprocessing and anno-
tation, followed by rigorous human verification to



Table 1: Summary of Related Work Datasets

Dataset Domain Year Source Language Type Annotation Human
Verify

LLM Location
Variety

MSR-VTT
(Xu et al.,

2016)

Multi–category 2016 Youtube + AMT EN Caption Crowdsourcing
(AMT)

✓ ✗ ✗

ActivityNet
Caption

(Krishna et al.,
2017)

Human
Activity

2017 ActivityNet (YouTube) EN Description
(dense)

Crowdsourcing
(AMT)

✗ ✗ ✗

YouCook II
(Zhou et al.,

2018)

Cooking 2018 Youtube EN Caption Human ✓ ✗ ✗

VATEX
(Wang et al.,

2019)

Multi–category 2019 Kinetics-600 dataset
(YouTube)

EN + ZH Caption Crowdsourcing
(AMT)

✓ ✗ ✗

VideoCC
(Nagrani et al.,

2022)

Multi–category 2022 YouTube EN Caption (auto) LLM (auto) ✗ ✓ ✗

TACoS-
MLevel

(Rohrbach
et al., 2014)

Cooking 2018 AMT + TACoS EN Description Human ✓ ✗ ✗

VideoStory
(Gella et al.,

2018)

Social Media 2018 Social media platform EN Multi-
sentence

description

Human ✗ ✗ ✗

FFVD (Zhang
et al., 2020)

E-Commerce 2020 Mobile Taobao EN Caption Human ✓ ✗ ✗

MMSum (Qiu
et al., 2024)

MultiModel
Summariza-

tion

2024 Youtube EN Caption Human ✓ ✗ ✗

Ours Review Food 2025 Youtube VI + EN Description LLM + Human ✓ ✓ ✓

ensure accuracy, reliability, and scalability.

Prior studies show that product attributes—such
as dish name, price, and restaurant location—play
a decisive role in consumer choices (FUENTES).
In culinary video datasets, YouCookII (Zhou et al.,
2018) captured diverse recipes from multiple conti-
nents, while TACoS Multi-Level (Rohrbach et al.,
2014) focused on detailed cooking steps and ingre-
dients. Beyond content, video popularity metrics
(view count, watch time, comments) strongly in-
fluence engagement and trust (Park et al., 2016;
Liu et al., 2025). Building on these insights, we
define six criteria to assess diversity in food re-
view datasets, aiming to give users a comprehen-
sive overview of available resources.

BV-FRD has been developed as a Viet-
namese–English bilingual resource through a semi-
automated process designed to improve the effi-
ciency of data collection and processing, as shown
in Table 1. The dataset aims to address the resource
scarcity for Vietnamese, enhance data quality and
scalability, and promote Vietnamese culinary cul-
ture internationally while supporting research in
natural language processing and artificial intelli-
gence.

3 BV-FRD Dataset Creation

Firstly, the data is collected from YouTube
short videos, specifically focusing on Vietnamese-
language food review content. We then extract
video transcripts and apply the GPT-4 model to
refine them into a version focusing solely on food
review information. Next, our annotators verify
and edit the output. The Gemini model is subse-
quently employed to summarize the refined tran-
scripts into descriptions, followed by another round
of human verification. For English translation,
the VinAI model is used, with additional verifi-
cation by GPT-4. Human checks are incorporated
at all stages to maintain factual accuracy and con-
textual consistency, as detailed in Appendix A.1.
The complete workflow is illustrated in Figure 1.
Prompt templates and model configurations for
each stage—script refinement, description creation,
and translation—are provided in Appendix A.2.

3.1 Short Video Collection

The videos are collected exclusively from YouTube
in the form of short videos. The script information
is obtained from transcripts publicly provided by
the video uploaders, and we select channels that
already include such scripts.

We only consider channels and videos that pro-



Figure 1: Video-to-Text Dataset Construction Pipeline

Figure 2: Visual evidence of contextual elements absent
from the textual description

duce content related to food reviews. Furthermore,
each collected short video is manually filtered to
ensure that its content is entirely relevant to food
review topics.

3.2 Script Processing and Description
Generation

Based on prior work demonstrating GPT-4’s strong
capability in processing multimodal inputs, includ-
ing text, images, and videos (Alam et al., 2024),
we employ GPT-4 to understand the context and
main content of videos, allowing accurate and ef-
ficient identification of food-related information.
Therefore, with the collected scripts, we use GPT-
4 to extract the core content specifically related
to food reviews. Then, human annotators verify
and refine the extracted information to ensure ac-
curacy. Although the initial data is in textual form,
the processing pipeline is further extended to incor-
porate both image and audio information, thereby
ensuring a more comprehensive representation of

Figure 3: Comprehensive Transcript Generation Work-
flow

the content. As shown in certain parts of the con-
tent, as illustrated in Figure. 2, may also appear in
image form, making it necessary to process both
images and audio to supplement the script with
further details.

The complete workflow for processing these sup-
plementary modalities along with the script is il-
lustrated in Figure. 3. In this process, we use the
GPT-4 model as an LLM to understand both the
input and the video context, enabling the extraction
of the required review-focused content. Human
participation is essential to enrich the extracted in-
formation with visual and auditory details, correct
spelling errors, supplement missing information,
and remove irrelevant elements that do not align
with the context of food review.

The use of two different LLMs is intentional.
GPT-4 is used for extraction, while Gemini is used
for summarization. Prior research has shown that
users may over-rely on a single LLM, leading to
uncritical acceptance of confidently stated but in-



correct outputs (Bo et al., 2025). Employing two
LLMs helps avoid over-reliance on a single model
and mitigates model-specific biases and hallucina-
tions. Additionally, the two models complement
each other’s strengths: GPT-4 excels at precise
content extraction, while Gemini produces fluent
and coherent summaries. The human-in-the-loop
component is essential for ensuring data accuracy,
contextual alignment, and editorial quality. The
dual-LLM plus human strategy enhances diversity,
reliability, and prevents errors. Prior studies also
show that LLMs can hallucinate, producing flu-
ent but incorrect content, so human verification
ensures dataset authenticity (Huang et al., 2025).
Based on prior reports highlighting Gemini’s strong
multimodal understanding capabilities, including
long-context processing of up to three hours of
video content ((Comanici et al., 2025); (Akter et al.,
2023)), We employ Gemini to capture the overall
context and key points of a document, enabling
accurate and fluent summaries of script content in
the domain of food reviews. Human annotators
who are undergraduate students then verify the ac-
curacy, completeness, and contextual relevance of
the generated descriptions, adding or adjusting the
information when necessary.

3.3 Bilingual Description Generation
The video description is originally in Vietnamese;
to broaden accessibility, we generate an English
version. The VinAI model, which supports both
English and Vietnamese language processing (Tran
and Thanh, 2024), is used to produce the English
translation, making it a suitable choice for our task.
Such characteristics are crucial for food review
content, where cultural context and descriptive pre-
cision are important. After translation, verification
and editing are performed using the GPT-4 model.
(Yan et al., 2024) presented promising research on
the use of LLMs for translation, including GPT-4,
with results demonstrating its superior effective-
ness. Therefore, we employ GPT-4 to assess the
contextual relevance and fidelity of the translation,
using both Vietnamese and English descriptions
for direct comparison. Finally, a human annotator
reviews the output, making revisions or additions
if necessary.

In our paper, we use GPT-4 to extract informa-
tion and check the translation of descriptions be-
cause it handles many tasks well, especially with
multiple languages (Blake, 2025). However, we
also use other models and have humans review the

results to ensure accuracy. This combination en-
sures that the dataset is not overly dependent on the
information processed solely by GPT-4, maintain-
ing robustness and diversity in the data processing
pipeline.

4 BV-FRD Analysis

This section presents a detailed analysis of the
dataset’s characteristics, including statistical sum-
maries and diversity assessment. Emphasis is
placed on ensuring the dataset covers a wide range
of scenarios, which is crucial for improving model
robustness and enabling reliable performance eval-
uation.

4.1 Dataset Statistics

The detailed characteristics of the proposed dataset
are presented in Table 2. It contains a large num-
ber of videos, with over seven thousand collected
and more than two thousand processed. The total
duration reaches 31.75 hours, indicating that the
dataset spans a wide range of content lengths. The
mean duration per video is 56.59 seconds, which
is sufficient to capture the concise style typical of
YouTube Shorts. Examples of selected samples
are presented in Appendix A.3. To ensure quality,
the collection process relies on channel informa-
tion containing videos related to food reviews. We
carefully select videos that focus on food review
content, while excluding those with little relevance
to the domain.

4.2 Diversity Analysis

In the food domain, several related datasets exist
(Zhou et al., 2018; Das et al., 2013; Regneri et al.,
2013; Rohrbach et al., 2014; Huang et al., 2020).
Our dataset targets the food review context with
bilingual (Vietnamese–English) descriptions. It is
built through a multi-LLM pipeline with human
verification, and carefully curated to ensure diver-
sity in video content. As summarized in Table 3,
it is diverse in both content and language, while
remaining independent of specific LLMs or human
reviewers.

Table 2: Video Data Statistics

Total Number of Videos Collected 7292
Total Number of Videos Processed 2020
Aggregate Duration (hours) 31.75
Mean Duration per Video (seconds) 56.59



Table 3: Benchmark Datasets in the Food Review Domain

Dataset Source Billigual Human
Verified

LLM
Used

Food
Variety

LLM Usage
& Steps

YouCook II (Zhou et al., 2018) Youtube ✗ ✓ ✗ ✓ 0

YouCook (Das et al., 2013) Youtube ✗ ✗ ✗ ✓ 0

TACoS (Regneri et al., 2013) MPII Cooking
Composite
Activities

✗ ✓ ✗ ✗ 0

TACoS-MLevel (Rohrbach et al., 2014) AMT + TACoS ✗ ✓ ✗ ✓ 0

ViTT (Huang et al., 2020) YouTube-8M +
Ann

✗ ✗ ✓ not
mention

1 & 1

Ours Youtube ✓ ✓ ✓ ✓ 3 & 4

A more detailed presentation of the statistical
results, along with a comprehensive analysis of the
dataset’s diversity across different quantities, is pro-
vided in Appendix A.6, where the variations, dis-
tributions, and underlying patterns are thoroughly
examined to support the findings discussed in the
main text.

Video duration affects viewer engagement. As
shown in Figure. 4, most videos balance informa-
tion delivery and attention span, with the majority
(1,694) lasting –60 seconds. Figure. 5 shows a
diverse distribution of view counts, reflecting real-

Figure 4: Distribution of video durations

Figure 5: Distribution of video views

Figure 6: Distribution of release year

world user behavior. Most videos have fewer than
10,000 views, whereas 128 exceed 1,000,000, indi-
cating a subset of highly viral content.In Figure. 6,
most selected videos were posted in recent years,
ensuring that the dataset aligns with current so-
cial media trends and user interests. Notably, the
videos span from 2020 to 2025, with as many as
639 uploaded in 2025. This diversity enhances the
reliability and applicability of the research results.

The food characteristics of the dataset are high-
lighted by the frequent appearance of signature
dishes, such as Pho, as shown in Figure. 7. This
reflects both cultural significance and the realism
of actual user culinary experiences. The data pro-
vide a broad overview while accurately represent-
ing popular dishes in everyday life, enhancing au-

Figure 7: Word cloud of food name variety



thenticity and reliability for analysis and model
development. Geographically, the cuisine spans
multiple regions, with Ho Chi Minh City account-
ing for a substantial share of 1,723 videos due to its
socio-economic prominence, as illustrated in Fig-
ure. 8. This diversity captures regional differences
in culinary styles and user behaviors, improving re-
search comprehensiveness and reducing geographi-
cal bias. The dataset reflects diverse price ranges,
as illustrated in Figure. 9. This distribution sup-
ports analyses on price–experience relationships
and applications such as food recommendation and
market studies.

The analysis and synthesis of these criteria not
only enhance the practical value of the dataset, but
also provide a clear theoretical framework, serving
as a foundation for future academic research in the
field of food review. These standards help ensure
that data achieve realism, diversity, and contextual
appropriateness, helping to increase the reliabil-
ity and effectiveness of machine learning models,
data analysis, as well as applications in the devel-
opment of recommendation systems or automatic
evaluation tools.

5 Experiments

We evaluate our dataset for the food review video
description generation task using multiple baseline
LLMs and metrics, highlighting its challenge and
practical value.

5.1 Experimental Setup

The processing workflow with GPT-42 and Gem-
ini3 models uses an API Key for connection. We
provide the input content along with a prompt to
guide the model in producing the desired output.

2https://chatgpt.com/
3https://gemini.google.com/app

Figure 8: Geographic distribution of restaurants in the
dataset

Figure 9: Distribution of food prices in the dataset

Figure 10: Food review video description generation
task on our dataset

Meanwhile, we apply the VinAI model in version
2 with the vi2en4 mode.

In addition, we employ base LLM models to
evaluate our dataset by generating concise Viet-
namese descriptions from auto-generated video
transcripts and translating them into English, lever-
aging their strong text processing and contextual
understanding. We use four open-source LLMs:
Gemma (Team et al., 2024), Qwen (Yang et al.,
2025), DeepSeek (DeepSeek-AI et al., 2025), and
Phi-4 (Abdin et al., 2024). The versions of each
model used in our experiment are listed in Ap-
pendix A.4. Our experiments cover from medium-
size (7B) to large-size (14B) architectures for com-
parative analysis. Their strong reasoning, text gen-
eration, and multilingual abilities make them suit-
able for generating and translating video descrip-
tions. The experiments are run on a P40 system
with an Intel Xeon E5-2680 v3 CPU (20 cores),
48 GB memory, 300 GB storage, and specified
network bandwidth.

The bilingual food review description generation
task requires a LLM model to use the video tran-
scription content as input, and the expected output
is the bilingual Vietnamese and English description,
as illustrated in Figure. 10.

4https://huggingface.co/vinai/
vinai-translate-vi2en

https://chatgpt.com/
https://gemini.google.com/app
https://huggingface.co/vinai/vinai-translate-vi2en
https://huggingface.co/vinai/vinai-translate-vi2en


5.2 Evaluation Metrics

We evaluated the generated descriptions using
BERTScore (Zhang et al., 2019), PhoBERT
(Nguyen and Nguyen, 2020), UniEval (Zhong et al.,
2022), and ROUGE (Lin, 2004), covering semantic
similarity, linguistic quality, lexical overlap, and
translation adequacy. BERTScore assesses seman-
tic alignment via Precision, Recall, and F1-score.
PhoBERT, specialized for Vietnamese, ensures ac-
curate source-language evaluation. UniEval mea-
sures consistency and relevance for contextual co-
herence. ROUGE-L captures the longest common
subsequence (LCS) between the candidate and ref-
erence texts. We report F1-score as a balanced
metric. Collectively, these metrics provide a com-
prehensive framework to evaluate bilingual food
review descriptions, ensuring accuracy, relevance,
and fidelity in both Vietnamese and English.

5.3 Results

The evaluation results for Gemma, Qwen,
DeepSeek, and Phi-4 in the generation of Viet-
namese descriptions are shown in Table 4.
DeepSeek achieves the highest Recall (0.63),
ROUGE (0.08), and PhoBERT (0.63), while Phi-4
attains the highest Precision (0.64). Gemma and
Qwen perform moderately, with Precision and Re-
call around 0.60 and ROUGE 0.06. Overall, all
models show modest performance, highlighting the
difficulty of the bilingual food review dataset and
its value as a benchmark for future research. Com-
mon errors observed across models include incom-
plete or truncated descriptions, lexical repetition,
misuse of domain-specific terms, and occasional
semantic drift where generated text deviates from
the actual video content. These issues suggest chal-
lenges in both content grounding and maintaining
linguistic accuracy in Vietnamese.

The performance of Gemma, Qwen, DeepSeek,
and Phi-4 on English description generation
from video transcripts is summarized in Table 5.
DeepSeek achieves the highest Relevance (0.78),

Table 4: Evaluation Metric For Vietnamese Text. BS-P
is BERTScore-Precision, BS-R is BERTScore-Recall,
ROUGE is F1-score of ROUGE-L.

Model BS-P BS-R ROUGE PhoBERT
Gemma 0.62 0.60 0.06 0.50

Qwen 0.61 0.59 0.06 0.60

DeepSeek 0.62 0.63 0.08 0.63
Phi-4 0.64 0.51 0.02 0.40

Table 5: Evaluation Metric For English Text. Uni-Eval-
C is Consistency of Uni-Eval, Uni-Eval-R is Relevancy
of Uni-Eval, ROUGE is F1-score of ROUGE-L, BS-F1
is BERTScore-F1-score.

Model Uni-Eval-C Uni-Eval-R ROUGE BS-F1
Gemma 0.50 0.43 0.10 0.63

Qwen 0.55 0.62 0.10 0.62

DeepSeek 0.53 0.78 0.11 0.65
Phi-4 0.44 0.18 0.07 0.61

ROUGE (0.11), and F1-Score (0.65), while Qwen
leads in Consistency (0.55) and ranks second over-
all. Gemma shows moderate performance, and Phi-
4 records the lowest scores, with the largest gap
in Relevance (0.60) between DeepSeek and Phi-4.
Common errors include omission of key contextual
details, overly generic or repetitive phrasing, and
inconsistencies with the transcript, reflecting chal-
lenges in bilingual video description. Limitations
such as insufficient data diversity, weak general-
ization to unseen content, and potential overfitting
further affect robustness, underscoring the dataset’s
value as a benchmark for future research.

Some examples of model outputs for our experi-
ments are presented in Appendix A.5.

6 Conclusion

We release a food review dataset, analyzing video
quality and diversity in dish, price, and location,
focusing on Vietnamese content and English trans-
lation. Processed via an LLM–Human pipeline,
the dataset ensures high-quality information. Each
step—LLM, Human, or both—is documented and
applicable to various tasks. The dataset supports
generating Vietnamese and English descriptions
from transcripts. Base model performance is rela-
tively low, highlighting the dataset’s challenge and
the need for further research.

In the future, we will continue to develop the
dataset with a larger number of videos. We aim to
build appropriate processing models and achieve
effective results on the dataset we publish.

Limitations

Our work builds a bilingual dataset for food reviews
using Vietnamese-language videos as input. The
pipeline combines human expertise with LLM ca-
pabilities. However, the dataset size is still limited,
reducing generalizability. Information extraction
from visual and auditory content depends entirely
on humans, which may cause errors. There is no



direct user evaluation of the generated descriptions.
The pipeline also lacks automated multimodal anal-
ysis, which could improve efficiency and scalability
in future work.
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Appendix

A.1 Human Verification
Because the process uses LLMs, quality control is
very important. In this workflow, humans with
undergraduate-level education check after each
step with LLM support for factual accuracy and
contextual consistency, ensuring high-quality Hu-
man–LLM collaboration. First, the humans fix
spelling mistakes and add missing details to the
transcript that was first checked by GPT-4. Then,
after Gemini produces a short description, the hu-
mans check again for spelling and meaning. Fi-
nally, the humans confirm the translation, which
was also checked by GPT-4, to make sure the
dataset is correct. Each checked sample costs
$0.20.

Humans participate in the process to review and
edit outputs generated by LLM models. They check
for spelling errors, mistakes from transcripts, mis-
interpretation of context by the models, and any
content produced by AI that is inappropriate or
inconsistent.

A.2 Prompt Templates and Model
Configurations

This subsection provides the full prompt templates
and model configurations applied in each stage of
the dataset construction pipeline. These prompts
define the exact instructions given to the LLMs, in-
cluding content extraction, description generation,
translation, and bilingual verification. All config-
urations and constraints are preserved to ensure
reproducibility and maintain consistency across the
entire process.

• Script Refinement: LLM-generated scripts
(from two model: GPT and Gemini) are
cleaned by human annotators—removing off-
topic content, fixing errors, and adding miss-
ing details from video frames or audio.

• Description Creation: Summaries must re-
tain dish, price, and location details; exclude
unrelated personal opinions.

• Translation: Vietnamese descriptions are
translated into English by LLMs, with human
checks to ensure tone, meaning, and cultural
appropriateness.



Listing 1: Prompt templates and configurations for each
stage.

Stage 1: GPT Content Extraction
---------------------------------
Given the video script content, extract and fill

in the following structured fields using
only the information explicitly present in
the script. Do not infer or add any
information beyond what is given. Correct
any spelling errors if necessary.

- Person:

- Location (Where):

- Address:

- Cooking Method:

- Price:

- Review Sentiment:

- Review Elements (e.g., quality, taste, service
):

* Rules:

- Use only information available in the script.

- Correct spelling errors when needed.

- Do not add or infer any additional content.

- All output must be written in Vietnamese.

Stage 2: Gemini Description Generation
----------------------------------------
Given:
(1) The food review content;
(2) Supplementary viewer information, which may

be edited or expanded if incomplete or
inaccurate.

Task: Merge these two inputs into a single,
concise description for a food review video.
The description must remain faithful to the
provided content, without adding unrelated

information, and should retain all key
details.

Additional requirement:
The final output must be written entirely in

Vietnamese.

Stage 3: VinAI Translation (vi - en)
------------------------------------
Model: vinai/vinai-translate-vi2en-v2
Source language: vi_VN
Target language: en_XX
Beam size: 5
Max length: 1024

Stage 4: GPT Bilingual Verification
-------------------------------------
Act as a professional bilingual translation

reviewer.
Compare the Vietnamese source and English

translation.
If accurate, return as-is; if not, return

corrected English version.
Rules: No explanation, no commentary, no extra

text.

The exact prompt templates and model configu-
rations used at each stage of the pipeline are shown
in Listing 1. The pseudo-code format keeps the
original wording, constraints, and parameter set-
tings. This makes it possible to reproduce the pro-
cess exactly as designed.

A.3 Example Data Samples

Sample records from the dataset are shown in Fig-
ure 13. They include the YouTube video URL, the
original Vietnamese transcript, the human-polished
Vietnamese description, and the verified English
translation.

The first column holds the original YouTube
video URLs. Next, the second column captures
the transcripts automatically extracted from these
videos. These transcripts are then refined into con-
cise Vietnamese descriptions found in the third
column, which are carefully polished by human
editors. Finally, the fourth column features English
summaries that have gone through thorough verifi-
cation combining AI assistance and human review.
Altogether, these steps show the journey from raw
video content to a well-crafted bilingual dataset.

In addition to the main columns, the dataset also
includes two others: one containing the refined tran-
script based on original script, and another hold-
ing rough English translations of the Vietnamese
descriptions. Full details on all columns are pro-
vided in the linked in our GitHub repository to help
researchers understand and use the dataset effec-
tively.

A.4 Base models version

In our experiments, we employ four open-source
LLMs. The selected models include:

• Gemma 7B (https://huggingface.co/
google/gemma-7b)

• Qwen2.5-7B-Instruct-1M (https:
//huggingface.co/Qwen/Qwen2.
5-7B-Instruct-1M)

• DeepSeek-R1-Distill-Qwen-14B
(https://huggingface.co/avoroshilov/
DeepSeek-R1-Distill-Qwen-14B-GPTQ_
4bit-128g)

https://huggingface.co/google/gemma-7b
https://huggingface.co/google/gemma-7b
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct-1M
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct-1M
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct-1M
https://huggingface.co/avoroshilov/DeepSeek-R1-Distill-Qwen-14B-GPTQ_4bit-128g
https://huggingface.co/avoroshilov/DeepSeek-R1-Distill-Qwen-14B-GPTQ_4bit-128g
https://huggingface.co/avoroshilov/DeepSeek-R1-Distill-Qwen-14B-GPTQ_4bit-128g


Figure 11: Example dataset entries

• Phi-4 (https://huggingface.co/
microsoft/phi-4)

A.5 Example Base model Error - VietNamese
and English

This subsection presents a representative example
of an error generated by the baseline model when
processing Vietnamese text. The example is se-
lected to illustrate common challenges the model
faces, such as handling tonal marks, word segmen-
tation, and semantic ambiguity in Vietnamese lan-
guage processing. By analyzing this case, we can
better understand the limitations of the baseline
model and identify potential directions for improve-
ment. The detailed input, model output, and ex-
pected output are provided to highlight the nature

of the error and its impact on the overall perfor-
mance.

https://huggingface.co/microsoft/phi-4
https://huggingface.co/microsoft/phi-4


Figure 12: Example dataset entries



Figure 13: Example dataset entries



Figure 14: Number of Videos By Durations

A.6 Quantities of Diversity Analysis

This section presents a series of tables that illustrate
the diversity of the dataset. Each table provides a
statistical overview of the number of videos ac-

Figure 15: Number of Videos By Views

Figure 16: Number of Videos By Year

Figure 17: Number of Videos By Food

Figure 18: Number of Videos By Locations

Figure 19: Number of Videos By Price

cording to different criteria, such as price ranges,
categories, or other relevant attributes. By summa-
rizing these key indicators, the tables help users
quickly grasp patterns, trends, and the distribution
of videos within the dataset.
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