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Abstract

Emotion classification plays a significant role
in emotion prediction and harmful content de-
tection. Recent advancements in NLP, partic-
ularly through large language models (LLMs),
have greatly improved outcomes in this field.
This study introduces ViGoEmotions - a Viet-
namese emotion corpus comprising 20,664 so-
cial media comments in which each comment
is classified into 27 fine-grained distinct emo-
tions. To evaluate the quality of the dataset and
its impact on emotion classification, eight pre-
trained Transformer-based models were evalu-
ated under three preprocessing strategies: pre-
serving original emojis with rule-based nor-
malization, converting emojis into textual de-
scriptions, and applying ViSoLex, a model-
based lexical normalization system. Results
show that converting emojis into text often im-
proves the performance of several BERT-based
baselines, while preserving emojis yields the
best results for ViSOBERT and CafeBERT.
In contrast, removing emojis generally leads
to lower performance. ViSoBERT achieved
the highest Macro Fl-score of 61.50% and
Weighted Fl-score of 63.26%. Strong per-
formance was also observed from CafeBERT
and PhoBERT. These findings highlight that
while the proposed corpus can support diverse
architectures effectively, preprocessing strate-
gies and annotation quality remain key factors
influencing downstream performance.

1 Introduction

Understanding human emotions is inherently com-
plex, as even brief comments can express multiple
emotional states simultaneously. Accurate emo-
tion recognition in text is essential for tasks such as
sentiment analysis, emotion prediction, and harm-
ful content detection, requiring approaches that go
beyond single-label classification.

Most Vietnamese corpora adopt basic emotion
models such as Ekman’s six universal emotions
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(Ekman, 1992). More comprehensive frameworks
like Plutchik’s wheel (Plutchik, 1988), Russell’s
circumplex model (Russell, 1980), and Barrett’s
dimensional theory (Barrett, 2006) highlight emo-
tion complexity via valence-arousal axes or hierar-
chical relations. However, recent advances in psy-
chology demonstrate that emotions can be mod-
eled in a complex semantic space, such that they
respond to a diverse array of representations via
computational techniques (Cowen et al., 2019).
These theories support us in adopting the 27-
emotion schema inspired by GoEmotions (Dem-
szky et al., 2020).

Recently, emotion recognition in Vietnamese
remains underdeveloped due to the limited scale
and granularity of existing datasets, which often
rely on basic emotion taxonomies and lack di-
versity in real-world expressions. Moreover, few
studies have leveraged LL.Ms for Vietnamese emo-
tion annotation. Additionally, constructing a high-
quality dataset requires a significant investment
of time and resources. To reduce the cost of an-
notation but preserve the quality, we leverage the
large language models (LLMs) like Gemini-flash,
a lightweight variant from the Gemini Flash se-
ries (DeepMind, 2023), Llama 3 (Touvron et al.,
2023), Gemma (Team et al., 2025) to assist the an-
notation process since LLMs demonstrate strong
ability in natural language understanding, enabling
more nuanced emotion classification. These mod-
els represent different architectural families, re-
ducing bias from relying on a single LLM and en-
abling cross-model comparison. Gemini-flash is
optimized for speed and lightweight deployment,
while Llama 3 and Gemma are open-source, mak-
ing them practical for large-scale annotation. Al-
though LLMs show potential in data annotation by
optimizing time and cost, they still need human
verification to ensure accuracy and consistency,
especially for complex tasks like fine-grained la-
bel emotion detection.
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Vietnamese sentences

English translation

Emotion

can tim gap ban trai ding yéu nhu anh
nay trdi dat di =))

I urgently need to find a cute boyfriend
like this guy =))

amusement, desire

2 héng mai cudi cling bi cho leo cdy = Been waiting forever, only to be stood | disappointment,
up in the end = annoyance
3 t0i ca con qua = = mdt 1d v nhdn tinh | Poor child =& A group of heart- | sadness, grief, anger

da hily hoai nhitng mam non tuong lai .

less people has destroyed the future
seedlings.

Table 1: Translation and emotion annotation of Vietnamese sentences. More examples can be found in Table 7 in

the Appendix A.1.

To address these gaps, we introduce ViGoE-
motions - a comprehensive Vietnamese emo-
tion dataset of 20,664 social media comments as
shown in Table 1, combining the UIT-VSMEC
corpus (Ho et al., 2019) (6,921 unique entries)
with 13,743 newly collected comments from plat-
forms such as Facebook, YouTube, Reddit, Tik-
Tok, Threads, and X (formerly Twitter). ViGoE-
motions is annotated by a LLM-Human annota-
tion procedure, in which each comment is an-
notated with one or more of 27 emotion cate-
gories or marked as neutral, using three popular
LLMs: Gemini 2.0 Flash, Meta-Llama-3-70B, and
Gemma 3, and revised by humans to determine the
final labels. Then, we conduct experiments using
eight Vietnamese and multilingual transformer-
based language models: mBERT (Devlin et al.,
2019), XLLM-R (Conneau et al., 2020), PhoBERT-
base-v2 (Nguyen and Tuan Nguyen, 2020), ViB-
ERT (Bui et al., 2020), CafeBERT (Do et al.,
2024), ViSoBERT (Nguyen et al., 2023), BART-
pho (Tran et al., 2022), and ViT5 (Phan et al.,
2022) to evaluate the quality and applicability of
the dataset in practice. This research makes the
following key contributions:

* Dataset Creation: We construct a large-
scale Vietnamese emotion dataset annotated
with 27 detailed emotion categories.

e LLM Annotation: We apply cutting-edge
LLMs for emotion annotation, demonstrating
their effectiveness in capturing nuanced emo-
tional expressions.

* Benchmark Evaluation: We evaluated the
dataset using Transformer-based model ar-
chitectures to demonstrate its generalizability
and utility in emotion recognition tasks.

2 Related Work

2.1 Emotion Datasets

Emotion classification in Vietnamese NLP has
long suffered from limited resources. Existing
datasets tend to focus on sentiment polarity or
basic emotions, lacking the depth needed for nu-
anced applications. For example, UIT-VSFC (Van
et al., 2018) provides over 10,000 student feedback
entries labeled with positive, neutral, or negative
sentiment. UIT-ViSFD (Luc Phan et al., 2021) and
UIT-ViOCD (Hong et al., 2021) focus on product
reviews and complaints, respectively, but remain
limited in emotional scope. On the other hand,
UIT-VSMEC (Ho et al., 2019) offers 6,927 social
media comments labeled with six basic emotions
and one "other" category, making it the most rel-
evant resource for Vietnamese emotion classifica-
tion to date. However, it remains small and coarse-
grained.

GoEmotions (Demszky et al.,, 2020), with
58,000 English Reddit comments and 27 emotion
classes, demonstrates the value of fine-grained la-
beling. It serves as a structural inspiration for
our extended corpus. More broadly, recent mul-
tilingual efforts such as BRIGHTER (Muham-
mad et al.,, 2025) have introduced large-scale
human-annotated emotion datasets across 28 lan-
guages, focusing on six basic emotions with inten-
sity scores. While BRIGHTER emphasizes low-
resource languages and includes some Asian lan-
guages, it remains limited to coarse-grained emo-
tion labels. Our work extends this direction by
targeting Vietnamese social media and adopting a
fine-grained 27-emotion taxonomy.

2.2 LLM-based Annotation

LLMs have shown strong potential in affective
computing. Welivita et al. (Welivita and Pu,
2024) found that GPT-4, Gemini, Llama 2, and
Mixtral could match or exceed human perfor-
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mance in classifying 32 fine-grained emotions.
LLaMA-Emotion (Niu et al., 2024) further im-
proved performance by incorporating multimodal
inputs and instruction tuning. Besides, Buscemi
et al. (Buscemi and Proverbio, 2024) demon-
strated the multilingual capabilities of LLMs in
emotion classification across ten languages, in-
cluding Vietnamese. EmoLLMs (Liu et al., 2024),
trained on 234k emotion-rich samples, achieved
state-of-the-art results on AEB benchmarks.

Building on this, we leverage Gemini Flash,
Gemma, and Llama 3 to annotate Vietnamese
social media data into 27 emotion categories,
demonstrating the feasibility of LLM-driven cor-
pus construction in low-resource settings.

3 Dataset

Figure 1 illustrates the overall dataset construction
pipeline. The process starts with crawling com-
ments from social media to gather raw data, fol-
lowed by pre-processing to remove noise, dupli-
cates, and irrelevant content. Cleaned data is then
annotated by large language models (LLMs) ac-
cording to predefined annotation guidelines. An-
notated data is manually reviewed by human an-
notators for consistency. Inter-annotator agree-
ment is periodically checked. In each verification
round, we compute the average Cohen’s Kappa
across all 28 categories. These results will be pre-
sented in Figure 2. The annotation guidelines are
refined when necessary, and verified data batches
are gradually added to the final corpus.

3.1 Data Collection

The ViGoEmotions corpus was constructed from
two main sources: an existing dataset and newly
collected data from various social media plat-
forms. The details are described as follows:

¢ Newly collected social media comments
(Facebook, Reddit, Thread, TikTok, X,
YouTube): A total of 53,890 comments were
crawled from 144 public posts across diverse
domains such as daily life, news, entertain-
ment, and personal narratives. After filtering
out duplicated, off-topic, or irrelevant con-
tent (e.g., containing only tags, links, or ads),
13,743 high-quality comments were retained
for annotation.

¢« UIT-VSMEC dataset: In addition to new
data, we reused the raw comments from the

UIT-VSMEC dataset. Although this dataset
was pre-annotated with six emotion cate-
gories, we re-annotated its comments follow-
ing our refined taxonomy of 27 fine-grained
emotion categories.

3.2 Taxonomy of Emotions and Annotation
Guidelines

Our taxonomy builds upon the GoEmotions label
set (Demszky et al., 2020), adapted to better suit
the objectives of this study. The annotation frame-
work classifies emotions into 27 categories and
one neutral label, organized into positive, ambigu-
ous, and negative groups, while considering inten-
sity and contextual dependency. The annotation
guidelines were iteratively refined through several
annotation trials. In a pilot with 140 samples la-
beled by two annotators, label distributions and
inter-annotator agreement (Cohen, 1960) were an-
alyzed to identify ambiguities. Based on these re-
sults, guidelines were adjusted to clarify label def-
initions, emoji interpretations, and combinations
of commonly co-occurring emotions. More details
about the taxonomy of emotion are demonstrated
in Appendix C.

Subsequently, these updated guidelines were
applied to LLM annotation trials, with outputs
evaluated against the same metrics and refined fur-
ther. This iterative refinement ensures that the an-
notation framework remains consistent and effec-
tive across both human and machine annotations.
Three LLMs — Gemini 2.0 Flash, Meta-Llama-
3-70B, and Gemma 3— were employed for auto-
mated annotation, guided by structured prompts
designed from our guidelines. The models were
run with a unified configuration: temperature =
0.5, top_p = 0.9, and max_tokens sampled uni-
formly within the range 45-50. Their outputs
were not directly used as final labels; instead, three
independent human annotators reviewed the can-
didate labels proposed by LLMs. The annota-
tors were undergraduate students and native Viet-
namese speakers; other personal details were not
gathered to protect privacy. Each annotator re-
moved irrelevant suggestions and added missing
ones if necessary. The final reference labels were
obtained from the intersection of annotators’ de-
cisions, ensuring that the corpus reflects human
consensus. In cases where a label did not appear in
the intersection of all annotators’ decisions, the fi-
nal choice was determined by majority agreement.
If all three annotators proposed completely differ-
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Figure 2: Average Cohen’s Kappa Score Over Data Size

ent labels, the sample would be reviewed and the
guidelines updated accordingly. The details about
the LLMs’ prompts are shown in Appendix B.

3.3 Corpus Evaluation

To assess the agreement among annotators, we
employed the Cohen’s Kappa coefficient (k) con-
sensus measure, which has been utilized in other
notable works, such as UIT-VSMEC and GoEmo-
tions. In our setup with three annotators, the fi-
nal (k) score for each category is computed as
the average of the pairwise agreements, i.e., kK =
%. As shown in Figure 3, the color
scale reflects the Kappa Score, which measures
inter-annotator agreement. The bars are sorted by
the number of final samples per emotion category,
which were retained after applying inter-annotator
agreement filtering. Notably, categories such as
fear, gratitude, and pride exhibit higher agreement
(darker bars), while disapproval shows the lowest
agreement despite a moderate sample size. Emo-

tion categories such as amusement and sadness
have the largest number of samples, whereas cate-
gories like relief and surprise are relatively under-
represented. This sorting emphasizes the relation-
ship between agreement levels and final dataset
size. For a complete overview of individual Kappa
Scores, please refer to Table 8 in the Appendix
A2.

To further examine how much human anno-
tators adjusted the labels originally proposed by
LLMs, we compare LLM-only labels with human-
verified labels. Based on the comparison pre-
sented in Table 2, the LLM-generated labels
match the human-verified labels in only 40.82%
of the cases. The remaining instances involve
partial or complete disagreement, including cases
where annotators needed to remove irrelevant la-
bels (16.74%), add missing labels (22.48%), or
substantially revise the label set (19.96%). These
results show that LLMs reach only partial agree-
ment with human annotators. LLM outputs are not
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Figure 3: Color indicates Kappa Score across emo-
tion categories. Bars are sorted in descending order by
number of samples.

fully aligned with human judgment—especially in
socially ambiguous tasks. Therefore, human ver-
ification remains necessary to ensure reliable and
accurate labeling.

3.4 Corpus Analysis

Emotional Correlation: Figure 4 illustrates
the label distribution in the multilabel dataset,
grouped into four sentiment categories (Positive,
Negative, Ambiguous, and Neutral). The bar
heights represent the frequency of each label,
while the colors highlight their sentiment group-
ing. To better understand the semantic relation-
ships among emotion categories, the Pearson cor-
relation coefficient was computed between all
emotion pairs based on their co-occurrence pat-
terns, which are illustrated in Figure 5 in the
Appendix A.3. This analysis helps reveal latent
emotional grouping and contextual overlaps - an
essential factor when dealing with noisy, multi-
emotion social media content. For example, joy is
most associated with excitement, love, and amuse-
ment, forming a positive emotion cluster. On the
other hand, anger, annoyance, and disgust form
a tight negative cluster. Additionally, emotions
such as curiosity and confusion span both effective
poles, frequently co-occurring with both positive
and negative categories, highlighting their bridg-

ing nature in discourse (to investigate the joint
overlap between emotions, we extract the top-5
most correlated emotions per emotion label, sum-
marized in Table 9 from the Appendix A.3).

Emotion-Specific Word Distribution: We ex-
tracted and visualized the top 5 most representa-
tive words for each of the emotion labels in the
training set using a frequency-based word cloud
approach for better understanding the lexical pat-
terns associated with each emotion category. The
results are summarized in Table 10 from the Ap-
pendix A.S.

4 Baseline Models

To evaluate the challenge of the constructed
dataset, we utilized eight Vietnamese and multi-
lingual transformer-based language models. These
models were selected for their effectiveness in
Vietnamese NLP and diverse pre-training corpora,
which contribute to complementary performance
across various domains.

e mBERT (Devlin et al., 2019): Multilin-
gual BERT trained on Wikipedia in 104 lan-
guages. Though not Vietnamese-specific, it
offers reasonable performance through cross-
lingual transfer.

* XLM-R (Conneau et al.,, 2020): A ro-
bust multilingual model trained on Common-
Crawl data in 100 languages, effective for
both cross-lingual and low-resource settings.

* PhoBERT (Nguyen and Tuan Nguyen,
2020): Based on RoBERTa and trained
on 140GB of Vietnamese text, combining
Wikipedia, news, and OSCAR-2301 corpora,
strong in formal language processing.

* ViBERT (Bui et al., 2020): BERT-based
model pre-trained on general Vietnamese
corpora, providing solid performance across
various tasks.

* BARTpho (Tran et al.,, 2022): A BART-
based model fine-tuned for Vietnamese gen-
eration and understanding tasks like summa-
rization and translation.

* ViT5 (Phan et al., 2022): A text-to-text trans-
former based on T3, trained on a large Viet-
namese corpus for both generative and classi-
fication tasks.
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Table 2: Comparison between LLM-assigned labels and human-verified labels.

Category Count Percentage
Exact match 8436 40.82%
Updated (added and removed labels) 4124 19.96%
Only removed (human < LLM) 3459 16.74%
Only added (human > LLM) 4645 22.48%
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Figure 4: Labels Distribution in the ViGoEmotions

* ViSoBERT (Nguyen et al., 2023): Designed
for noisy and informal social media text, in-
cluding teencode, emojis, and abbreviations.

* CafeBERT (Do et al., 2024): Optimized
for conversational and user-generated Viet-
namese content, capturing informal and con-
textual expressions.

5 Empirical Results

5.1 Corpus Preparation

The dataset was divided into training, develop-
ment, and test sets in an 8:1:1 ratio. Before
the corpus was fed into the models, it underwent
thorough preprocessing to ensure consistency and
quality. Common patterns, like elongated punctu-
ation, were simplified (e.g., ":))))" — ":))"), and
duplicated characters and emojis were normalized
(e.g., "cudiiiiii" — "cuoi"; @& — @). In addi-
tion, emoji preprocessing, informal expressions,
and teencode were optionally normalized depend-
ing on the experimental scenario.

5.2 Experimental Settings

The experiments were designed to evaluate the
impact of different preprocessing strategies and
dataset configurations on model performance.
Two emoji preprocessing scenarios and one tex-
tual normalization strategy were applied:

* Scenario 1 retains emojis in their original
form and applies rule-based normalization
for teencode and informal words using a man-
ually curated dictionary.

Scenario 2 converts emojis to Vietnamese
textual description (e.g., # — "khdc"), while
also applying the same rule-based normaliza-
tion for teencode and misspellings.

Scenario 3 replaces the manual normal-
ization step with ViSoLex (Nguyen et al.,
2025), a model-based lexical normalization
system. ViSoLex is instantiated using Vi-
SoBERT and trained to predict standard
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forms of non-standard words (NSWs) in Viet-
namese social media text (e.g, "dung v" —
"Pung vay."). ViSoLex can be instantiated
with either BARTpho or ViSoBERT as the
backbone model; in this study, we adopt
the ViSoBERT-based variant using a pub-
licly available pretrained checkpoint. This
scenario does not alter emojis but uses a
learning-based method to normalize textual
noise, including teencode and misspellings.

Eight selected models were trained under all three
settings, and results were compared to determine
the optimal preprocessing and normalization strat-
egy for the dataset. To enhance model robustness
and mitigate overfitting, a Dropout layer with a
dropout rate of p = 0.2 was appended to randomly
deactivate 20% of the nodes during training. Ad-
ditionally, a fully connected (FC) layer was added,
with the number of output nodes corresponding to
the 28 target labels.

The models were trained for 12 epochs us-
ing the AdamW optimizer with an initial learn-
ing rate of 5 x 107°. A linear learning rate
scheduler was employed, in which the learning
rate gradually increased during the warmup phase
(the 1st epoch) and then linearly decreased until
the end of training, approaching zero. For the
loss function, Binary Cross-Entropy with Logits
was adopted to handle the multilabel classifica-
tion setting, where each label is predicted inde-
pendently. To mitigate class imbalance, a posi-
tive class weight pos_weight was computed for
each label as pos_weight; = N;_”i, where N
is the total number of training samplles and n; is
the number of positive samples for label 7. This
weighting scheme ensures that minority classes
receive greater emphasis during training, thereby
improving performance on underrepresented emo-
tion labels.

Finally, the evaluation metrics used in this study
are the Macro Fl-score and the Weighted F1-
score, chosen to provide a comprehensive analysis
of model performance across both large and small
sentiment classes.

5.3 Experimental Results

In this study, we compare the performance
of eight models — mBERT (cased), XLM-
RBase, PhoBERTg,v2, VIBERT, BARTpho-
syllablepyse, ViTSBase, ViISOBERT, and CafeBERT
— across three scenarios: (1) retaining emojis

in their original form, (2) converting emojis to
Vietnamese textual descriptions, and (3) applying
lexical normalization using ViSoLex. To com-
pare three processing strategies, Macro-F1 (MF1)
scores were evaluated on the development set. As
shown in Table 3, Scenario 1 (preserving emo-
jis in original form) consistently outperformed
the other two across most models, the highest
MF1 was achieved by ViSoBERT under Sce-
nario 1 (62.33%), followed closely by CafeBERT
(61.45%). The results suggest that preserving raw
emojis, alongside basic text normalization, helps
models better capture affective cues in informal
social media text. While Scenario 2 yielded mod-
est gains for some models (e.g., PhoBERT and
ViT5), it generally underperformed compared to
Scenario 1. Scenario 3, which replaced manual
lexical corrections with automatic normalization,
showed comparable performance but did not sur-
pass targeted manual corrections. One potential
reason is that the ViSoLex model used in this study
relies on a publicly available checkpoint pretrained
on general Vietnamese social media data. Since it
was not fine-tuned on the target corpus, its normal-
ization capacity may not fully align with domain-
specific noise or stylistic nuances.

Scenario Model MF1 (%)
mBERT (cased) 50.36
XLM-Rpyse 56.71
PhoBERTg,s. V2 57.03

1 viBERT 4991
BARTpho-syllablep,ge 49.96
ViT5gase 55.96
ViSoBERT 62.33
CafeBERT 61.45
mBERT (cased) 53.08
XLM-Rpgse 56.22
PhoBERTRsc V2 60.08

) viBERT 53.34
BARTpho-syllablep,ge 53.22
ViT5gase 58.57
ViSoBERT 62.01
CafeBERT 60.73
mBERT (cased) 49.98
XLM-Rpgse 56.01
PhoBERTg,5. V2 56.00

3 viBERT 49.75
BARTpho-syllablep,se 49.66
ViT5gase 55.17
ViSoBERT 61.18
CafeBERT 59.89

Table 3: Macro F1 Scores (%) on Development Set.

Based on development results, Scenario 1 was
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selected for final evaluation on the test set. As
shown in Table 4, ViSOBERT again achieved the
highest performance with an MF1 of 61.50% and a
WF1 (Weighted F1) of 63.26%, confirming its ef-
fectiveness in handling informal, emoji-rich Viet-
namese social media text.

Model MF1 (%) WF1 (%)
mBERT (cased) 51.54 53.25
XLM-Rpase 56.21 58.15
PhoBERTg, V2 56.33 57.94
viBERT 51.41 52.76
BARTYpho-syllablepyse 51.49 53.38
ViT5gase 55.92 57.54
CafeBERT 61.17 62.74
ViSoBERT 61.50 63.26

Table 4: Performance on Test Set under Scenario 1.

To further understand model behavior, Table
5 presents a detailed breakdown of ViSOBERT’s
precision, recall, and F1-score for each of the 27
emotion categories + Neutral. This analysis pro-
vides insights into the model’s strengths and weak-
nesses across both frequent and less common ex-
pressions.

5.4 Result Analysis

Experimental results indicate that emoji prepro-
cessing plays a critical role in sentiment clas-
sification tasks involving Vietnamese social me-
dia content. Across all models, retaining emo-
jis in their original form (Scenario 1) consistently
yielded better performance across models. This
indicates that raw emojis, when combined with
basic manual normalization, help models better
capture affective and contextual cues commonly
found in informal text. The effect of text pre-
processing on three scenarios by ViSoBERT is
illustrated through several examples in Table 11
from the Appendix A.6.

Among the evaluated models, ViSoBERT
demonstrated the strongest performance, achiev-
ing the highest scores on both the development
and test sets. Its pre-training on informal and
noisy Vietnamese text, including emoji-rich con-
tent from social media platforms, gives it a notable
advantage in this domain. Particularly, CafeBERT
in Scenario 1 also performed competitively, show-
ing its effectiveness in processing user-generated
and conversational text.

Analysis of the per-category performance in Ta-
ble 5 reveals that ViSoBERT performs particu-
larly well in high-frequency and expressive emo-

Emotion Precision Recall F1-Score
amusement 71.03 81.28 75.81
excitement 56.84 55.10 55.96
joy 60.25 70.59 65.01
love 62.57 78.32 69.57
desire 45.56 51.25 48.24
optimism 66.88 73.94 70.23
caring 63.69 71.33 67.30
pride 73.17 69.77 71.43
admiration 50.93 54.46 52.63
gratitude 80.51 87.96 84.07
relief 49.37 65.00 56.12
approval 66.10 67.83 66.95
realization 45.54 48.42 46.94
surprise 57.95 60.00 58.96
curiosity 64.42 67.00 65.69
confusion 47.78 51.19 49.43
fear 70.30 72.45 71.36
nervousness 50.53 50.00 50.26
remorse 73.49 70.11 71.76
embarrassment 77.31 85.98 81.42
disappointment 47.27 52.79 49.88
sadness 65.82 82.61 73.26
grief 58.04 75.58 65.66
disgust 48.73 54.61 51.51
anger 60.20 62.43 61.30
annoyance 58.18 65.31 61.54
disapproval 36.79 34.82 35.78
neutral 45.05 43.10 44.05
macro avg 59.08 64.40 61.50
weighted avg 60.23 66.84 63.26

Table 5: Precision, Recall, and F1-Score per Emotion
Category.

tions such as gratitude, embarrassment, amuse-
ment, and sadness. However, lower F1-scores
were observed in more ambiguous or less frequent
categories like disapproval, neutral, and realiza-
tion, suggesting that these emotions are more chal-
lenging to detect and may benefit from additional
data or targeted augmentation strategies.

To further understand the linguistic characteris-
tics of different sentiment regions, we analyze fre-
quent trigram patterns of word distribution based
on four groups: positive sentiment, ambiguous
sentiment, negative sentiment, and mixed senti-
ment. We found that positive sentiment regions
often contain action or praise-oriented emotion. In
contrast, negative sentiment features strong nega-
tion or factual statements. Ambiguous regions in-
clude questioning or hedging expressions, while
mixed sentiment shows emotions span two or more
sentiment groups. The varied patterns in this
chart reflect the coexistence of conflicting emo-
tional cues, underscoring the challenges of mod-
eling multi-label sentiment classification. To bet-
ter understand the sentiment distribution, the Sun-

2812



Predicted vs GT (%) Correct labels (%) F1-macro
GT count ((7)

Exact Fewer More 1 2 3 4 5 o

1 50.37 236 47.28 | 74.23 - - - - 52.56

2 48.62 21.29 30.08 | 43.01 45.66 - - - 61.75

3 3737 46.13 1649 | 21.39 46.39 23.71 - - 61.18

4 27.08 64.58 8.33 | 1042 3125 41.67 1042 - 59.09

5 1429 8571 0.00 | 1429 1429 28.57 42.86 0.00 39.35

Table 6: Performance breakdown of ViSoBERT on the development set (Scenario 1).

burst charts illustrating the most frequent trigram
patterns are shown in Figure 6 from the Appendix
A.4. In addition, we note that some common in-
formal Vietnamese words appear across multiple
emotion categories. A more detailed discussion
together with the representative frequent words for
each of the 27 categories is provided in Table 10
from the Appendix A.5.

5.5 Error Analysis

To provide an in-depth analysis of ViSOBERT’s
performance across samples with varying ground-
truth (GT) label counts, Table 6 analyzes Vi-
SoBERT’s performance across samples with dif-
ferent ground-truth (GT) label counts. For in-
stance, when GT = 2, 48.62% of samples had
exactly two predicted labels, 21.29% fewer, and
30.08% more. In the same row, the model pre-
dicted both labels correctly in 45.66% of cases and
only one in 43.01%. The corresponding F1 score
was 61.75%. Overall, the model performs best on
samples with GT = 2, while showing reasonably
good performance on low to moderately complex
multi-label cases (GT = 1-4). However, it suffers
from both label quantity mismatch and semantic
under-coverage as the number of ground-truth la-
bels increases. More explanation about Table 6
can be found in the Appendix A.7.

In our error analysis, we focus primarily on
emotion categories with low F1-scores, which in-
dicate difficulties in both precision and recall. To
gain a clearer understanding of the model’s perfor-
mance across individual emotions, Table 12 in the
Appendix A.8 lists pairs of emotion labels that are
frequently confused with one another.

Besides, the quantities of FP and FN for each
of the 28 category labels achieved by ViSOBERT
in the development set are shown in Figure 7 in
the Appendix A.8. More details about misclassifi-
cation word by emotion category can be found in
Table 13 from the Appendix A.9.

6 Conclusion

This paper presents ViGoEmotions - a benchmark
dataset for fine-grained emotion detection on Viet-
namese text, which leverages LLMs for annotation
assistance under human supervision. The dataset
contains 20,664 comments with about 27 emo-
tion labels, capturing the linguistic diversity and
informal nature of user-generated content. Be-
sides, we evaluate the performance of various ro-
bust BERT classification models for fine-grained
emotion detection based on the ViGoEmotions.
We also investigate three preprocessing scenarios
for the task: (1) retaining emojis in their original
form, (2) converting emojis into Vietnamese tex-
tual descriptions, and (3) applying text normaliza-
tion using ViSoLex. The ViSoBERT running with
the retaining emojis scenario achieved the high-
est performance in both Macro F1 and Weighted
F1 scores, which are 61.50% and 63.26%, respec-
tively. These findings highlight the importance of
integrating informal language handling with suit-
able emoji presentation in emotion classification
and demonstrate the value of adapting pre-trained
models to the characteristics of social media text.
On the other hand, the semantic overlap and am-
biguous contextual cues in linguistics challenge
the model in fine-grained emotion detection. Last
but not least, the ViGoEmotions provides a foun-
dation for future research in Vietnamese senti-
ment analysis and emotion detection, particularly
in noisy and informal communication contexts.
The source codes and ViGoEmotions dataset are
publicly available at: https://github.com/
ricardo-tran/ViGoEmotions.

Limitations

While the proposed dataset and experimental
framework offer valuable insights into Vietnamese
emotion classification on social media, several
limitations remain. First, the dataset, although di-
verse, is sourced from a limited number of plat-
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forms and may not fully capture the breadth of
expressions across different social media contexts.
Second, the annotation process, despite efforts to
ensure consistency, is inherently subjective, par-
ticularly for fine-grained emotions with overlap-
ping semantics.

Additionally, the models used in this study are
limited by the capacity of current transformer-
based architectures and may struggle with subtle
contextual cues or sarcasm, which are prevalent in
informal online communication. Finally, while the
exploration of three preprocessing strategies —
emoji preservation, emoji-to-text conversion, and
lexical normalization via ViSoLex — has shown
clear benefits, each remains limited in expressive-
ness. Retraining or domain-adaptive fine-tuning
of the lexical normalizer could potentially enhance
performance when adopting ViSoLex. Future
work could investigate richer emoji embeddings,
context-aware normalization, and multimodal ap-
proaches to better capture nuanced emotional ex-
pression in informal social media text.
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A Data Analysis

A.1 Translation and emotion annotation of Vietnamese sentence from proposed corpus

No. | Vietnamese sentences English translation Emotion

1 | can tim gip ban trai ddng yéu | I urgently need to find a cute amusement, desire
nhu anh nay troi dét oi =)) boyfriend like this guy =))

2 | héng mii cudi cliing bi cho leo | Been waiting forever, only to be | disappointment, annoyance
cay = stood up in the end =

3 | khi nao tao thy thich . ma thich | whenever I feel like it. ButIlike | disappointment, sadness
10i chua ¢6 ngudi thich cling . it and no one likes it.

4 | toi cé con qua == mdt 1d vo | Poor child == A group of heart- sadness, grief, anger
nhan tinh da hdy hoai nhiing | less people has destroyed the fu-
mam non tuong lai . ture seedlings.

5 | sao em nay lai xinh vay ? Why is this one so beautiful? admiration, surprise

6 | Khong ti té thi ciing dimg lam | If you can’t be kind, at least don’t annoyance, disapproval
khd ngudi khéc chi & make others suffer &

Table 7: Translation and emotion annotation of Vietnamese sentences.

A.2 Cohen’s Kappa Values

The Kappa scores presented in Table 8 provide an evaluation of the agreement levels for each emotion
label. The rows in the Table are sorted by Cohen’s Kappa (highest at the top). The scores highlight vary-
ing levels of consistency among annotators for different emotions. All emotion labels achieved Cohen’s
Kappa scores above 0.33, indicating at least fair agreement. The highest agreement was observed for fear
(0.71), gratitude (0.69), and pride (0.68), suggesting strong annotator consistency for these emotions.

A.3 Correlation between emotions

Figure 5 presents the complete correlation heatmap, where warmer colors indicate stronger positive cor-
relations. Additionally, Table 9 shows the top-5 most correlated for each emotion.

A.4 Linguistic patterns

The linguistic patterns in the corpus are presented in trigrams. A sunburst chart (Figure 6) provides a
hierarchical view of the most frequent trigrams in the training set.

A.5 Top words for each emotion

The wordcloud visualization displays the most prominent words associated with each emotional category
in the dataset. From Table 10, we identified the top five most representative words for each emotion
category, including positive , ambiguous , negative in the training set. The table presents the five most
salient words for each emotion, ranked by their normalized scores (in parentheses). These scores reflect
the relative importance of each word within its respective emotion category. We observe that some words,
such as di, ko, t, tao, appear across multiple emotion categories. This reflects characteristics of informal
Vietnamese on social media, where frequent use of personal pronouns and common verbs is pervasive
regardless of sentiment. These words often act as linguistic carriers or discourse markers rather than
explicit emotional indicators.

amusement love caring gratitude realization confusion remorse sadness anger
tao (1.0) yéu (1.0) thuong (1.0) | cam on (1.0) ta (1.0) ko (1.0) héi han (1.0) di (1.0) di (1.0)
di (.92) thuong (.92) di ((74) video (.37) ko (.92) t(.5) ko (.44) ko (.86) tao (.8)
t (.49) Viét Nam chiic (.7) e(.3) hoc (.87) di (47) di (.38) t(.72) thiing (.52)
()]
vai (.37) di (.29) ko (.62) a(.19) di (.82) tao (.43) than (.3) tao (.68) may (.49)
cuoi (.32) tao (.29) song (.54) chia sé (.18) than (.53) hoc (.31) thé (.25) thuong (.51) di (.45)
excitement desire pride relief surprise fear embarr grief annoyance
di (1.0) mong (1.0) Viét Nam cam on (1.0) tao (1.0) sd (1.0) ngai (1.0) di (1.0) di (1.0)
(1.0)
tao (.75) di (.89) hao (.55) video (.88) troi (.88) di (41) ti (.88) ndi (91) tao (.82)
phim (.58) tao (.51) hao Viét di (.76) tudng (.83) tao (.33) t(.87) thuong (.88) ko (.64)
(29)
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video (.31) video (.46) VN (.26) e (.74) phim (.81) t(.25) ko (.54) dau (.84) may (.44)

dinh (.3) e (.45) ko (.23) ko (.61) vai (.76) ko (.25) mat (.42) ko (.73) miy (41)
joy optimism admiration approval curiosity ner disappointmen disgust disapproval

di (1.0) di (1.0) dep (1.0 chuan (1.0) ko (1.0) sd (1.0) di (1.0) di (1.0) di (1.0)
tao (.83) song (.98) gioi (.66) di (.67) e (.73) di (.56) ko (.85) tao (.67) ko (.8)

phim (.55) ko (.74) phim (.6) 13m (.6) di (.71) ko (.5) tao (.72) thiing (.55) dimng (.47)
vui (.48) ta (.66) video (.57) ko (.56) dia (.49) t(.39) t(.53) may (.52) sai (.41)
dep (42) than (.64) di (.57) cam on (.56) a (.46) e (.38) 1dm (.42) ghé (48) miy (.39)

Table 10: Top 5 representative words for each emotion category extracted from the wordcloud.

A.6 Effect of Preprocessing Scenarios on Predictions

In this part, we examine how different text preprocessing strategies affect emotion classification out-
comes. Table 11 compares ViSOBERT’s predicted emotion labels across the three preprocessing sce-
narios. All predictions are made on the same development set, ensuring the only variable is the prepro-
cessing applied to the input text. Scenario 1 consistently produces predictions that align most closely
with the gold labels. This suggests that minimal preprocessing retains expressive features crucial for
ViSoBERT’s emotion inference, such as emojis and text normalization... Scenario 2 introduces semantic
drift by replacing informal expressions with formal language (e.g., replacing “cudi_ngai” with generic
words), which sometimes alters the emotion being conveyed. Scenario 3 performs the worst, often strip-
ping away emojis and syntactic quirks that are key emotional indicators. In multiple cases, it leads to
empty or incomplete label predictions.

Text, Translation & | S1’s Text & Prediction S2’s Text & Prediction S3’s Text & Prediction
Ground Truth

ila xong la phai nhin nhin | i1a xong la phai nhin nhin | {la xong la phai nhun nhin | i la xong la phai nhin nhun
zfy chi 789644 vy chi vay® vy chi vy cudi_ngai vay chi vay.

Once it’s done, why do you
have to bounce like that?
[amusement]

[amusement]

[amusement]

[confusion, neutral]

mong ba ndi t thay va ty
A<
Hope my grandma sees it

mong ba ndi tao thay va tu
A<

mong ba ndi tao thay va tu
ai hai_long

mong ba ndi toi thay va tu
ai<.

and gets offended [desire] [love] []

[desire]

ding v& ding vay*® ding vay nguong_ngung ding vay*.
That’s right

[approval] [approval] [approval] [approval]

t dang thac mac 1a 2 thang
kia déo hoi thiing per a &
I’'m wondering why those
two didn’t ask @person
[curiosity, annoyance, con-
fusion]

tao dang thac mac la 2
thang kia déo hoi thang per

e

a ~

[curiosity,
annoyance]

confusion,

tao dang thac mac la 2
thang kia déo hoi thang per
a suy_nghi

[curiosity, confusion]

toi dang thac mac la 2 thang
kia déo héi thing per a &

[curiosity, confusion]

dinh ménh gém vai @8
So heartbroken
[disgust, annoyance]

dinh ménh gém vai @

[disgust, annoyance]

dinh ménh gém vai mic_o6i

[disgust]

dinh ménh gém vai .

[disgust]

lau rat 1au méi gép dugc lan
roi liét mét nhin cdi :))))
chua thiy né cudi

Finally met after a long
time, glanced at each other
:)))) haven’t seen it smile
yet" [disappointment, sad-
ness, grief]|

lau rat lau méi gap dugc
lan roi liét mat nhin cai : ))
chua thay n6 cudi

[amusement,  joy,  dis-

appointment, sadness]

lau rat lau méi gap dugc
lan roi liet mat nhin cai
cudi_l6n chua thay né cudi

[amusement, love,

sadness]

Joy,

lau rat lau méi gip dugc
lan ro6i liét mat nhin cai : ))
chua thay n6 cuoi.

[amusement, joy]

Table 11: Comparison of preprocessed input text and predicted emotion labels across three different scenarios.
Each scenario represents a variation in text preprocessing strategy applied to the same original utterance.

A.7 Performance breakdown of ViSoBERT on Scenario 1

Table 6 provides a detailed performance breakdown of the ViSOBERT model under Scenario 1, focusing
on how well it handles different levels of multi-label classification difficulty based on the number of
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Label Kappa Score

fear 0.7148
gratitude 0.6911
pride 0.6849
embarrassment 0.6402
amusement 0.6105
optimism 0.6045
desire 0.6028
curiosity 0.6005
love 0.5979
anger 0.5959
sadness 0.5786
surprise 0.5720
realization 0.5672
confusion 0.5591
approval 0.5454
joy 0.5444
relief 0.5441
caring 0.5421
admiration 0.5399
grief 0.5379
remorse 0.5375
excitement 0.5320
annoyance 0.5139
disgust 0.4908
nervousness 0.4920
neutral 0.4583
disappointment 0.4250
disapproval 0.3400

Table 8: Kappa Scores by Emotion Label.

ground-truth (GT) labels per input sample. The table analyzes predictions grouped by GT count—the
number of true emotion labels associated with each sample in the development set. This count ranges
from 1 to 5, reflecting the varying complexity of the data. The meaning of columns in the Table 6 is
described as belows:

* The "Predicted vs GT (%)" column compares the number of predicted labels with the number of
gold labels. The "Exact" column captures the proportion of samples where the number of predicted
labels matched the GT count, while the "Fewer" and "More" columns correspond to cases where
the model predicted fewer or more labels than present in the ground truth, respectively. These three
columns sum to 100% in each row, offering insight into whether the model tends to under- or over-
generate labels. For instance, in the row where GT count is 2, 48.62% of samples received exactly
three predicted labels, 21.29% received fewer, and 30.08% received more. A strong trend toward
under-prediction becomes increasingly evident as the GT count increases, with the model generating
fewer labels than needed in the majority of cases for GT counts of 3, 4, and 5.

* The "Correct labels (%)" column reflects how many of the GT labels were correctly predicted by the
model. Each column in this block corresponds to the percentage of samples for which ViSoBERT
correctly predicted exactly 1, 2, 3, 4, or 5 gold labels, with the number of correct predictions con-
strained by the total number of labels for that sample. For example, in samples where GT count
equals 2, ViSoBERT predicted exactly one correct label in 43.01% of cases, and both labels cor-
rectly in 45.66% of cases. The sum of these percentages is typically less than or equal to 100%, as
some predictions may contain no correct labels at all.

* The "F1-macro" column reports the macro-averaged F1 score across all emotion labels, computed
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amusement.
excitement - .
joy - .
love - .
desire - .
optimism - .
caring - .
pride - .
admiration - .
gratitude - .
relief - .
approval - .
realization - .
surprise - .
curiosity - .
confusion - .
fear- ..
nervousness - ..
remorse - .

embarrassment - .
disappointment - ..
sadness - ...
grief- ..

disgust - .
anger - .
annoyance - .
disapproval - .

neutral -

amusement -
excitement -
joy -
love -
desire -
optimism -
caring -
pride -
admiration -
gratitude -
relief -
approval -
realization -
surprise -
curiosity -
confusion -
fear-
nervousness -
remorse -
embarrassment -
disappointment -
sadness -
grief -
disgust -
anger -
annoyance -
disapproval -
neutral .

Figure 5: Pearson Correlation Heatmap of Emotion Co-occurrences.

over all samples with the given GT count.

A.8 Misclassified among 27 emotion labels

Table 12 lists pairs of emotion labels that are frequently confused with one another. These misclassifica-
tions often stem from semantic overlap or ambiguous contextual cues. Overall, the word that represents
the emotion is mostly ambiguous among different types of emotions that challenge the model in cor-
rectly predicting the emotion for a sentence, indicating a linguistic phenomenon in Vietnamese emotion

expression language.

The quantities of FP and FN for each of the 28 category labels achieved by ViSoBERT in the develop-
ment set are shown in Figure 7 from the Appendix. We found that four emotions, including annoyance,
amusement, sadness, and disappointment, are often misclassified. Also, some of the personal pronouns
in Vietnamese, like "tao" (I), "may" (You), and "ta" (We), are likely associated with mispredictions,
which could inform future improvements in preprocessing, class weighting, or source-target emotion.
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Emotion

Top-5 Correlated Emotions

amusement
excitement
joy

love

desire
optimism
caring
pride
admiration
gratitude
relief
approval
realization
surprise
curiosity
confusion
fear
nervousness
remorse

joy, excitement, surprise, relief, admiration

joy, amusement, desire, admiration, surprise

excitement, love, amusement, admiration, relief

joy, pride, caring, gratitude, desire

caring, love, excitement, optimism, curiosity

caring, pride, relief, gratitude, joy

optimism, love, desire, grief, gratitude

love, admiration, optimism, joy, excitement

joy, approval, pride, love, excitement

relief, love, optimism, caring, approval

gratitude, joy, optimism, realization, caring

admiration, gratitude, optimism, joy, realization
optimism, surprise, gratitude, approval, relief

confusion, curiosity, fear, amusement, realization
confusion, surprise, desire, caring, nervousness
curiosity, surprise, nervousness, disappointment, annoyance
nervousness, surprise, disgust, sadness, embarrassment
fear, embarrassment, confusion, sadness, disappointment
sadness, grief, disappointment, realization, desire

embarrassment  sadness, nervousness, fear, disappointment, remorse
disappointment sadness, grief, annoyance, remorse, confusion

sadness
grief
disgust
anger
annoyance
disapproval
neutral

grief, disappointment, embarrassment, remorse
sadness, disappointment, remorse, caring, anger
anger, annoyance, fear, disapproval, grief

annoyance, disgust, disapproval, grief, fear

anger, disapproval, disgust, disappointment, confusion
annoyance, anger, disgust, confusion, fear

realization, relief, confusion, disapproval, curiosity

Table 9: Top-5 Correlated Emotions (from Pearson Correlation Matrix)

A.9 Ambiguous word that causes misclassification for each emotion category

Frequent tokens of misclassified samples are shown in Table 13.

amusement love caring gratitude realization confusion remorse sadness anger
di (1.0) chang (1.0) thanh (1.0) lanh (1.0) tui (1.0) tao (1.0) chang (1.0) 1(1.0) tao (1.0)
may (.57) tinh (.57) cam (.75) tinh (1.0) hom (1.0) may (1.0) ta (.57) may (.75) di (.69)
tao (.57) tao (.57) on (.75) phc (1.0) thuong (.67) ghét (.8) than (.57) S (.75) may (.62)
thiing (.57) thuong (.43) gitp (.75) video (1.0) ta (.5) sinh (.6) ndi (.57) gidi (.75) méy (.62)
danh (.57) 1(43) cong (.75) chu (1.0) quen (.5) bit (.6) 16i (.43) hang (.5) me (.46)
excitement desire pride relief surprise fear embarassment grief annoyance
tao (1.0) tao (1.0) haha (1.0) tui (1.0) ?(1.0) tieng (1.0) hang (1.0) ta (1.0) may (1.0)
hai (.75) miy (.86) thong (1.0) 1(.83) tao (.75) tao (1.0) cam (1.0) 80 (.67) vai (1.0)
thiing (.5) 1(.57) ta (1.0) budng (.67) cha (.5) =(T5) miy (1.0) cb (.67) hoc (1.0)
vai (.5) tui (.43) kha (1.0) cam (.5) tudng (.5) xong (.75) trai (1.0) 2idi (.33) binh (1.0)
dua (.5) bit (43) bos (.5) dong (.5) 2(.5) dong (.5) kéo (1.0) chién (.33) thay (.75)
joy optimism admiration approval curiosity ner disappointmen disgust disapproval
tao (1.0) ta (1.0) 1(1.0) sic (1.0) 7(1.0) cam (1.0) di (1.0) tao (1.0) di (1.0)
Vi (.67) hom (1.0) 1(5) khu (1.0) $6 (.67) 14m (1.0) may (.67) 16n (.69) may (.71)
bép (.67) doi (.6) thanh (.5) trang (1.0) ta (.67) s¢ (1.0) tao (.67) miy (.62) xe (.43)
vo (.67) song (.6) on (.38) 1(1.0) cong (.67) hung (.67) may (.33) ta (.54) ?(.43)
song (.67) thuong (.6) yéu (.38) tao (1.0) ctip (.67) trong (.67) yéu (.33) di (.54) bon (.43)

Table 13: Top 5 words causing misclassification for each emotion category ( positive , ambiguous , negative ).
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(b) Ambiguous sentiment
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Figure 6: Sunburst chart of 3-gram (trigram).
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True Label Top 3 Misclassified Labels
amusement disappointment, annoyance, disgust
excitement annoyance, sadness, amusement

joy amusement, sadness, disappointment
love amusement, optimism, grief

desire sadness, grief, annoyance

optimism sadness, approval, admiration

caring optimism, relief, amusement

pride annoyance, amusement, disappointment
admiration amusement, caring, annoyance
gratitude joy, desire, sadness

relief sadness, annoyance, realization
approval realization, optimism, neutral
realization amusement, disappointment, sadness
surprise amusement, annoyance, curiosity
curiosity annoyance, disgust, amusement
confusion annoyance, sadness, amusement

fear amusement, annoyance, grief
nervousness sadness, annoyance, amusement
remorse annoyance, disappointment, grief
embarrassment annoyance, sadness, nervousness
disappointment annoyance, amusement, disapproval
sadness annoyance, relief, amusement

grief remorse, fear, disappointment
disgust annoyance, anger, amusement

anger annoyance, disapproval, amusement
annoyance amusement, neutral, sadness
disapproval anger, annoyance, amusement
neutral disappointment, annoyance, sadness

Table 12: Top 3 Misclassified Labels per Emotion Classes.
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label

False Positives and False Negatives per Emotion Label

gratitude
embarrassment
remorse
love
sadness
pride

fear
amusement
approval
optimism
grief

caring
annoyance
curiosity

joy

anger
desire

relief
admiration
confusion
surprise
realization
disappointment
disgust
nervousness
excitement
neutral

disapproval

100 150 200
Count

Figure 7: FP and FN for each of the 27 emotions + Neutral.
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B LLM prompt example

B.1 Prompt #1 - Vietnamese version

Objective: Classify Vietnamese social media comments into one or more of the 27 emotion categories
defined by GoEmotions, plus neutral.

Label Categories:

+ amusement (Giai tr) © : Cam gidc budn cudi trude ndi dung hai hudc, thi vi.

excitement (Hao hing) & : Cam gidc vui miing, phin khich trudc su kién, thong tin tich cuc.

+ joy (Niém vui) @ : Cam gidc hanh phiic, vui vé, thodi mai tru6c tinh hubng tich cuc.

love (Tinh yéu) @ : Bay t6 yéu thuong, gin bé v6i ngudi, vat, hodc y tudng.

desire (Mong mubn) ¥ : Cam gidc manh mé vé mong mubn cé dudc ai d6 hoic diéu gi dé.
optimism (Lac quan) © : Hy vong, tin tuéng vao két qua t6t dep cho ban than hoic dbi tugng khac.
caring (Quan tim) # : Thé hién tinh cdm, su chim séc, hodc hd tr¢ ngudi khac.

pride (Tu hao) & : Hai long, kiéu hanh vé ban than hoic ngudi khac.

admiration (Ngudng md) < : Kinh trong, kham phuc ai d6 vi pham chit hoic thanh tyu.
gratitude (Biét on) . : Cam kich, trin trong trudc su gitip d3, 15i n6i hodc diéu tich cuc.

relief (Nhe nhém) & : Thé phao, gidm cing thang sau khi vugt qua vin dé cho ban than hoic dbi
tugng khac.

approval (Chép thuan) -+ : Pong tinh hoic Gng hd mot y kién, hanh dong.

realization (Nhan ra) © : Hiéu hoic nhan thiic, phét gidc mot diéu gi do.

surprise (Ngac nhién) % : BAt ngd tru6c thong tin hodc su kién khong ludng trudc.

curiosity (To mo) & : Mong mudn tim hiéu thém, dit cau héi, thac mic.

confusion (B6i rbi) # : Liing ting, khong rd rang hodc mau thuin vé thong tin.

fear (So hai) @ : Lo 1ing, bét an trudc diéu nguy hiém hoic ding sg.

nervousness (Lo ling) “ : Cing thang, bdn chdn trude tinh hubng, su kién.

remorse (Hbi han) & : Hoi tiéc, tu trach vé mdt quyét dinh hodic hanh dong sai 1am.
embarrassment (X4u hd) € : Nguong ngung, ling ting trudc tinh hudng khé xt, khong phit hop
& c4 nhan hoic dbi tuong khic.

disappointment (Thit vong) = : Hut hing vi ky vong khong dugc dap ting.

sadness (Buon bad) = : Thét vong hoiic khong vui.

grief (Pau budn) # : Pau dén hoic budn sau sic khi mit mat hodc thit bai 16n.

disgust (Ghé tdm) ® : Kho chiu, ché bai, chi trich, khinh bi v6i diéu gi gdy phan cam.

anger (Tifc gian) @ : Gian di, biic xic vi bat cong hoic diéu khong vira y.

annoyance (Kho chiu) = : Phién toai trudc diéu gi d6 khong hai long.

disapproval (Phan dbi) ** : Khong dong y, thé hién su khong hai long.

neutral (Trung tinh) : binh luan khong thé hién bét ky cam xiic hay thdi do dd nao cu thé. Néu cau
dudc géan neutral thi s€ khong gan cac nhan khéc.

Annotation Guidelines
* Only use labels in label categories.
* Select multiple labels if possible relevant.
* No explanation

Output example
Label: ["optimism", "confusion", "nervousness"]

non

Annotate the following text:
<text>
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B.2 Prompt #2 - English version

Objective: Annotate Vietnamese social media comments with one or more of the 27 emotion cate-
gories from GoEmotions, plus neutral.

Emotion Categories:

* amusement ©* : Feeling entertained or amused by humorous or interesting content.

« excitement ¥ : Feeling thrilled, enthusiastic, or highly interested in a positive event or information.

* joy @ : Feeling happy, cheerful, or satisfied in a positive situation.

* love @ : Expressing affection, attachment, or strong emotional connection toward someone or some-
thing.

* desire ¥ : Strongly wanting someone or something.

* optimism * : Hoping for a positive outcome for oneself or others.

* caring ¥ : Expressing concern, care, or support for others.

 pride = : Feeling satisfied or proud of oneself or others.

» admiration <" : Showing respect or appreciation for someone’s qualities or achievements.

* gratitude J. : Expressing thankfulness or appreciation for help, kindness, or positive events.

e relief @ : Feeling reassured or at ease after overcoming a concern or problem.

» approval (¢ : Agreeing with or supporting an idea, opinion, or action.

* realization . : Suddenly understanding or discovering something.

 surprise % : Expressing astonishment or unexpectedness at an event or information.

» curiosity & : Showing interest in learning more or asking questions.

* confusion % : Feeling uncertain, unclear, or conflicted about information.

o fear @ : Feeling anxious or threatened by something scary or dangerous.

* nervousness “* : Feeling tense, uneasy, or worried about a situation or event.

* remorse = : Feeling regretful or guilty about a past decision or action.

* embarrassment ¢ : Feeling awkward or self-conscious in an uncomfortable situation.

* disappointment = : Feeling let down when expectations are not met.

* sadness = : Feeling sorrowful or unhappy.

* grief @ : Experiencing deep sorrow due to a major loss or failure.

« disgust ® : Expressing strong dislike, rejection, or criticism of something unpleasant.

 anger & : Feeling upset or outraged about injustice or dissatisfaction.

* annoyance = : Expressing irritation or mild displeasure.

e disapproval = : Showing disagreement or discontent.

» neutral : No specific emotion is conveyed. If "neutral" is assigned, no other labels should be
selected.

Annotation Guidelines

* Only use labels from the defined emotion categories.
* Assign multiple labels if applicable.
* No explanations required

Output example

n.on

Label: ["nervousness", "embarrassment”, "disappointment"]

Annotate the following text:
<text>
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C Annotation Guidelines

C.1 Overview

Objective: annotate 27 emotion labels + neutral.
Problem type: multi-class, multi-label.
High-correlation label combination:
(excitement, joy), (fear, nervousness), (disappointment, sadness, grief), (anger, annoyance).

C.2 Class definition

POSITIVE emotions
Sorting of emotion categories
The emotion categories below are listed in ascending order according to each of the following criteria:
* Emotion intensity: approval; caring; optimism; relief; amusement; gratitude; admiration; pride;
desire; excitement; joy; love.
* Context dependence: caring; gratitude; pride; admiration; love; joy; relief; optimism; excitement;
amusement; desire; approval.
Definition
« amusement (giai tri) ©:
Cam gidc vui v&, hai hudc khi thly diéu gi d6 budn cudi hoic thi vi.
A sense of fun or humor when encountering something funny or entertaining.

— Vi du: "sau em nay ma lam c6 gido ngdi ké chuyén hs lai h4 mém ra nghe ", "bai viét hay
qua!"

— Example: “If she becomes a teacher one day, her students will be sitting there with their mouths
wide open listening to her stories =7, “Such a great article!”.

* excitement (hao hirng) ©:
Cam giac phin khdi hoiic hao hiing vé mot su kién, diéu gi d6 dang hoic sé xay ra.
A feeling of enthusiasm or anticipation for something happening or about to happen.
— Vi du: "du dinh tao 13 28 nhung gid ma c6 bd 1a bt cudi ludn chd sg é haha"
— Example: “My plan was to get married at 28, but if I get a partner now, I'll get married right
away — not afraid of ending up single haha.”
* joy (niém vui) @
Cam giac hanh phuc, vui vé hodc man nguyén.
A feeling of happiness, delight, or contentment.
— Vidu: "mdi ngdy minh 6m nhau 1 cai nhu nay hén , hi hi"
— Example: “Let’s hug like this every day, hehe.”
* love (tinh yéu) ©:
Cam giac yéu thuong, chdm séc va sin long hd trg ngudi khac.
A deep sense of attachment, affection, and care toward someone or something.
— Vidu: "mdi 1an c6 video ctia con 12 cti coi di coi lai hoai . cung con qua ."
— Example: “Every time there’s a video of you, I just keep watching it over and over. Love you
so much.”
* desire (mong muén) <:
Cam gidc manh mé vé mong mudn c6 dudc ai d6 hoic diéu gi do.
A strong feeling of wanting someone or something.
— Vidu: "uéc gi sau nay vé gia van c6 thé nhu cu nay :))"
— Example: “I wish I could be like this old man when I’'m old :))"
* optimism (lac quan) " :
Biéu hién ctia hy vong, tin tudng vao két qua tét dep hodc nhin nhan tich cuc du trong khé khin.
Tinh chét: cudng d6 thip; phu thudc bdi canh mifc trung binh; huéng dén tinh hudng.
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“The expression of a feeling of hope, trust in a positive outcome, or viewing a situation in a positive
light, even when facing difficulties. Comments with an optimistic tone can encourage, motivate, or
reflect belief in the possibility of positive change, whether for oneself, others, or a specific situation.”

— Vi du: "thich chi nay nhit phim i , bé bé xinh xinh lai dién rit dat :3 . hy vong mai sau sé c6
budc tién 16n va thanh cong hon nita <3"; "cd ging 1én moi 16 luc va cong lao clia em sé dugc
dén ddp mot cach that 1 xing ddng , cb ging 1én em nhé "

— Example: "I like this actress the most in the movie; she is cute, petite, and acts very well :3. 1
hope she will make big progress and be even more successful in the future <3."; "Keep trying;
all your effort and hard work will be rewarded truly and deservedly. Keep going "

e caring (quan tam) =:
Cam gidc yéu thuong, chim séc va san long hd trg ngudi khac.
A feeling of affection, care, and willingness to help others.

— Vi du: "that t6t vi chi ché Ay da tim dugc ngudi yéu thuong né , kién tri dé€ né tin tudng that
su ">

— Example: “It’s really great that the dog has found someone who loves it and is patient enough
for it to truly trust them :”>"

* pride (tu hao) <:

Cam gidc tu tin, hai 1ong hodc kiéu hinh vé thanh qui, phim chét hoic su déng gép cla cd nhan
hoiic mdt nhém. Cam gidc nay c6 thé xuit hién ngay ca trong 15i khen ngdi, su cong nhin ngim,
hoic su hai long khi chiing kién thanh cong hoic gia tri dat dugc, ngay c4 khi khong néu 16 cu thé.
“A feeling of confidence, satisfaction, or pride in one’s achievements, qualities, or contributions,
whether individually or as part of a group. This feeling may also appear in compliments, subtle
recognition, or the sense of fulfillment when witnessing success or value being achieved, even when
not stated explicitly.”

— Vi du: "ban than qua hanh phic khi trong cs nay rat . rat nhiéu ngudi mo udc dugc nhu minh
hién tai . @&&"

— Example: “I’m so happy because in this life, there are very... very many people who dream
of being where I am right now. ”

 admiration (nguong mo)  :
Cam gidc kinh trong hoiic ngudng mo kha ning hodc pham chit cda ai do.
A feeling of respect or admiration for someone’s abilities or qualities.
— Vi du: "thdy ban kia ctiu con ché khdng can nhin mit ciing biét dep trai rdi"
— Example: “Seeing that guy save the dog—don’t need to see his face to know he’s handsome.”
* gratitude (biét on) Az
Day 1a trang thdi cdm xiic xuit hién khi mot ngudi nhan ra va danh gid cao nhiing diéu tét dep ma
ho c6 dugc — dii nhiing diéu d6 dén tlit ngudi khéc, tit hoan canh, tif mdi trudng, hay tif nhiing trai
nghiém tich cuc néi chung. Cam gidc biét on thudng di kém su 4m 4p va su ghi nhan ring diéu tich
cuc 4y c6 y nghia d6i v6i ban than.
This emotional state arises when someone recognizes and values the positive aspects they have
received or experienced — whether they come from other people, circumstances, the environment, or
any beneficial event. Gratitude is often accompanied by a sense of warmth and an acknowledgment
of the meaningful impact of that positive experience.

— Vidu: "cidm on néi chuyén nhat ! 1 nén khoa hoc , gido duc , tri tué vin minh !! %"

— Example: “Thank you, Japan, for the conversation! A nation of science, education, and civi-
lized intelligence!! “%”

e relief (nhe nhom) “*:
Cam gidc thé phao, bét cing thang hoic lo ling clia ban than hoic dbi tugng khidc. Cam gidc biéu
hién qua céc cau dién ta su an tAm, yén tdm, hoic vui mung ("thét tét", "ming",...) khi vudt qua mot
vAn dé nao do.
A feeling of relief or reduced tension or anxiety, either for oneself or for someone else. This emotion
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is expressed through statements that convey reassurance, ease, or gladness (such as ‘that’s good’ or
‘glad’) after overcoming a certain problem.

"non

— Vidu: "hén la chay ra kip", "tao quen roi &

"

3

— Example: “Lucky I ran out in time”, “I’m used to it already <
approval (chép thuan) :
Cam gidc dong tinh hoic ting ho mot hanh dong, y kién, hoic tinh hudng. Cam gidc nay c6 thé thé
hién qua céc binh luén tich cuc, ngan gon hoic chi ra sy ddng y mot cach gian tiép, du khong nhét
thiét néu 1o 1y do, va c6 thé kém céc tif ngii hoic biéu tugng thé hién sy hai long.
A feeling of agreement or support toward an action, opinion, or situation. This emotion may be
expressed through positive or concise comments that indicate indirect approval, without necessarily
stating the reason, and may include words or symbols that show satisfaction.

— Vidu: "toi & phi yén va anh nay néi rit chuin < 3"

— Example: “I’'m in Phii Yén, and this guy speaks so accurately <3”

AMBIGUOUS emotions
Sorting of emotion categories
The emotion categories below are listed in ascending order according to each of the following criteria:

Emotion intensity: curiosity; confusion; surprise; realization.
Context dependence: curiosity; confusion; surprise; realization.

Definition

realization (nhan ra) ":
Cam gidc hi€u, nhan thic hodc khdm pha ra diéu gi d6. Cam gidc nay thudng xuét hién trong cic
binh luan chiia nhiing cum tif nhu "gid méi hiéu," "thi ra 1a viy," "diing 12 nhu thé," hoic bat ky cach
dién dat nao thé hién su nhan thiic méi hodc su bat ngd vé mot su that ma trude day khong nhén ra.
A feeling of understanding, realization, or discovery. This emotion often appears in comments
containing phrases like ‘just realized,” ‘so that’s how it is,” ‘that’s true,’ or any expression that
reflects a new awareness or surprise about a fact previously unnoticed.

— Vi du: "tiéu dé b phim cd ngd 1a thé loai hai , nhung néu xem hét thi cdc ban sé rit ra rat

nhiéu diéu va cdi hay trong phim nay"
— Example: “The movie title makes you think it’s a comedy, but if you watch it all the way
through, you’ll take away a lot of insights and see what’s great about this film.”

surprise (ngac nhién) ~:
Cam gidc bét ngd hoic kinh ngac truéc mot su kién hoidc thong tin khong ludng trudc.
A feeling of surprise or amazement at an unexpected event or piece of information.

— Vidu: "that hay dua vay, khong thé tin dugc"

— Example: “Are you serious or joking? I can’t believe it.”
curiosity (to mo) &
Cam gidc mudn tim hiéu hodc biét mot diéu gi d6, thé hién su quan tim dén thong tin méi hoic
chua biét. Cam xtc nay thudng xuit hién trong cdc binh luan thé hién mong mudn tim hiéu thém
hoiic c¢6 nhu cau gii dap thiac mic.
A feeling of curiosity or a desire to learn something, reflecting interest in new or unknown infor-
mation. This emotion often appears in comments expressing a wish to explore further or a need for
answers.

— Vi du: thé dng béc si d6 bay git con séng khong ©"

»

— Example: “Is that doctor still alive now? «
confusion (bf)i réi) S
Cam gidc ling ting hoidc khong chic chan vé diéu gi d6, thudng do thiéu thong tin hoidc thong tin
méau thuan.
A feeling of confusion or uncertainty about something, often due to a lack of information or con-
flicting information.
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— Vidu: "day 1a dau ? céi nay 1a nhu nao thé ??"
— Example: “Where is this? What is this supposed to be??”

NEGATIVE emotions
Sorting of emotion categories
The emotion categories below are listed in ascending order according to each of the following criteria:
* Emotion intensity: disapproval; annoyance; embarassment; nervousness; disgust; fear; disappoint-
ment; sadness; remorse; grief; anger.
* Context dependence: sadness; remorse; grief; anger; disappointment; fear; disgust; disapproval;
annoyance; nervousness; embarrassment.
Definition
» fear (s¢ hai) =
Cam gidc lo 1ang hoiic hoang loan khi d6i mit véi diéu gi d6 nguy hiém, de doa hoic khong rd rang.
Cam gidc nay thudng gan lién véi su phan ing manh mé d6i v6i mdi nguy hiém tryc tiép va c6 thé
dan dén hanh dong né tranh hoic tim kiém sy an toan.
A feeling of worry or panic when facing something dangerous, threatening, or uncertain. This
emotion is often associated with a strong reaction to immediate danger and may lead to avoidance
behavior or seeking safety.

— Vi du: "tir du niam git chic chup 10 14n réi huhu s¢ qua ==

»

— Example: “Since the start of the year I've taken X-rays like 10 times, so scared ===

¢ nervousness (lo lﬁng) D2
Cam gidc bat an, bon chdn truéc mot tinh hudng cing thing hoic khong chic chin, thuong lién
quan dén lo ling v& phan ting ctia ngudi khac hodc két qua ctia mot su kién. Khong nhit thiét phai
gan lién v6i mbi nguy hiém cu thé, ma c6 thé 1a su lo ling vé nhitng diéu nho nhit trong cudc séng
hang ngay.
A feeling of unease or restlessness in a stressful or uncertain situation, often related to concern
about others’ reactions or the outcome of an event. It does not necessarily involve a specific danger,
and can be worry about minor things in everyday life.
— Vidu: "tao hoc nhén sy day con dang lo that nghiép day nay"
— Example: “I study HR and I’'m still worried about being unemployed.”
« remorse (hdi han) &:
Cam gidc hdi tiéc hoic tu trach vé mot hanh dong, quyét dinh hoic 16i néi, c6 thé khong can nhin
manh vao chi tiét cu thé nhung biéu 16 su nhan thic vé sai lam. Hbi han thudng di kém véi cam gidc
4y ndy hoidc bin khoin khi nhin lai tinh hudng.
A feeling of regret or self-reproach about an action, decision, or statement, which may not emphasize
specific details but expresses awareness of a mistake. Regret is often accompanied by feelings of
guilt or unease when reflecting on the situation.

"

— Vidu: "ba t6i gid mit mAy nim rdi gio 16n 1én réi ma ché ting duge ba mén qua nao ca ww &
— Example: “My grandmother passed away several years ago, and now that I've grown up, 1 still
haven’t been able to give her any gift ==’
¢ embarrassment (xéu hff) =R
Cam gidc nguong ngung, ling ting hoic khé xit, c6 thé xuat phat tir tinh hudng c4 nhan hoic do
chiing kién ngudi khéac 1am diéu gi khong phit hgp hoic khé coi. Cam xidc ndy bao gom ca khi cd
nhan cam thiy x4u h dum cho dbi phuong, nhu khi chiing kién hanh dong gy khé xt ctia ngudi
khéc hoic khi mot ai d6 bi chi trich, thu hit sy chd y khong mong mudn.
A feeling of embarrassment, awkwardness, or discomfort, which may arise from a personal situation
or from witnessing someone else doing something inappropriate or awkward. This emotion also
includes feeling embarrassed on behalf of someone else, such as when observing another person’s
awkward actions or when someone is criticized or draws unwanted attention.
— Vidu: "chi méi hdi vé ngudi khéc gidi cdi 12 bi gan 1a thich ban d6 ludn mi sg :("
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— Example: “Just asking about someone of the opposite gender and people immediately assume
[ like them, so scary :(”
¢ disappointment (thét vong) =:
Céam giac hut hang khi ky vong khong dudc dap tng.
A feeling of letdown when expectations are not met.
— Vidu: "dén nim cudi dai hoc rdi ldc nhé lai déo c6 gi :))"
— Example: “In my final year of university and remembering I achieved nothing :))”
« sadness (buon ba) =:
Cam giac dau long hoac khong vui.
A feeling of sorrow or unhappiness.
— Vidu: "ngay budn nhét troi d6 con mua"
— Example: “On the saddest day, it rained.”
* grief (dau buon) #: )
Cam gidc dau dén sau sac khi mat mat.
A deep sense of sorrow over loss.

— Vidu: "da khéc . cha me 12 ngudi ludn yéu thuong minh nhét", "nhin théi da dau long";
— Example: “I cried. Parents are the ones who love us the most,” “Just looking at it already
hurts.”
« disgust (ghé t6m) ®:
Cam gidc kho chiu, khong thich hoidc khinh bi diéu phan cam.
A feeling of revulsion or strong dislike toward something unpleasant.
— Vidu: "cho déng doi con quy . vé nha 16i con nha may ra ma danh @
— Example: “Serves that demon right. Go home and drag your kid out to beat them @
« anger (tifc gian) &9:
Cam gic gian dit hoic buc boi khi gip diéu sai tri.
A feeling of anger or frustration at something unfair or wrong.
— Vidu: "per may cin than tao giét"
— Example: “Per, watch out or I'll kill you”
* annoyance (kho chiu) =:
Cam gic phién toai, khé chiu véi ai d6 hoic diéu gi d6.
A feeling of irritation or bother toward someone or something.
— Vidu: "né budng vai, ci lam theo y minh"
— Example: “They’re so stubborn, always doing things their way.”
« disapproval (Phan déi)
Cam giac khong dong y hoiic khong hai long vé hanh dong, y kién hoic tinh hudng.
A feeling of disagreement or dissatisfaction toward an action, opinion, or situation.
— Vidu: "8ng quay thiét ma sao chdi 6ng thé . khong quay sao mdy ban xem dugc d6 :))"
— Example: “He really did film it, so why are you cursing him? If he didn’t film it, how would
you be watching it? :))”

NEUTRAL
* neutral (trung tinh):
Nhiing binh luan khong thé hién bit ky cam xiic hay thdi do do nao cu thé. Néu cau dudc gin neutral
thi s& khong gan thém c4c nhan khic. Mot s6 du hiéu dé€ nhan biét neutral:
Comments that do not express any specific emotion or attitude. If a sentence is labeled neutral,
no additional emotion labels should be applied. Some indicators for identifying neutral comments
include:
— Khong c6 ngdn ngit cdm xtic hodc tif ngit thé hién thai dd. / No emotional language or words
expressing attitude.
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— Khong st dung cic emoji hoidc diu cau biéu hién su biéu cam. / No use of emojis or punctuation
that conveys expressiveness.

— Noi dung mang tinh chit thong tin, khach quan, hoic chi don thuan mo td ma khong c6 yéu t6
chu quan hay cam xuc. / Content that is informational, objective, or purely descriptive without
subjective or emotional elements.

C.3 Labeling Method

* Initially, each sample is assigned a preliminary set of labels by the LLM. These labels serve as an
initial suggestion to support the annotation process.

* Then, each annotator independently reviews the label set proposed by the LLM: keeping labels
that are correct, adding any missing labels, and removing labels they judge to be inappropriate.
Annotators may assign multiple labels based on the label definitions and their perception of the
sample.

* Finally, for each sample, using the labeling results from the three annotators (or more), each label is
considered separately. If a label is selected by at least two annotators, that label will be chosen. For
example:

id comment
eeblqiq <comment_content>

Ratings:
e rater 1: [14, 19, 25]
e rater 2: [3, 12, 19, 25]
e rater 3: [1, 3, 11, 15]

Final labels: [3, 19, 25]
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