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Abstract

Currently, various euphemisms are emerging
in social networks, attracting widespread at-
tention from the natural language processing
community. However, existing euphemism
datasets are only domain-specific or language-
specific. In addition, existing approaches to
the study of euphemisms are one-sided. Ei-
ther only the euphemism detection task or only
the euphemism identification task is accom-
plished, lacking a unified framework. To this
end, we construct a large-scale Multi-lingual
Multi-category dataset of Euphemisms named
MME, which covers a total of 12 categories
for two languages i.e., English and Chinese.
Then, we first propose a unified generative
model to Jointly conduct the tasks of multilin-
gual Euphemism Detection and Identification
named JointEDI'. By comparing with LLMs
and human evaluation, we demonstrate the ef-
fectiveness of the proposed JointEDI and the
feasibility of unifying euphemism detection
and identification tasks. Moreover, the MME
dataset also provides a new reference standard
for euphemism detection and identification.

Disclaimer: This paper contains discrimina-
tory content that may be disturbing to some
readers.

1 Introduction

Euphemisms are forms of language that express
ideas or convey information through the use of in-
direct or cryptic language. The original intention
of using euphemisms is to avoid direct, blunt or
potentially offensive expressions (Pinker, 2003).
However, to avoid explicitly expressing unfriendly
views or statements, some users choose to use eu-
phemisms to cover up discriminatory, insulting
or unfair remarks (Chilton, 1987). For instance,
lawbreakers use euphemisms (eg: “weed” means
“rank grass” in literal English, but “drugs” in eu-
phemisms) (Zhu et al., 2021), to distract the atten-

'Our data and code will be open source once acceptance.

Input: Task: Euphemism Detection and Identification;
My little bro smokes mad weed

Euphemism Detection
Output: {weed}-->{1}

Euphemism Identification

Output: {weed}-->{substances}

JointEDI
Output: Euphemism Label: 1; Class Label: substances

Figure 1: Comparison of JointEDI with Euphemism
Detection Methods and Euphemism Identification Meth-
ods.

tion of the cyber police and complete the transac-
tion of drugs, guns and other illegal goods. People
discriminate or insult others using euphemisms (eg:
“[@] &> in Chinese means people who strive for
a common ideal or cause, but in euphemisms it
means “[F] £ (homophobic)) (Lee et al., 2023).
Therefore, it is important to study the detection and
identification of euphemisms to detect and inter-
vene in the transmission of euphemisms promptly.

Many euphemisms in English and Chinese are
frequently used, but current research is limited to
a single language, such as (Gavidia et al., 2022)
(Gavidia et al., 2022) (Keh et al., 2022). As the
world globalizes and communicates more inten-
sively, some euphemism expressions combine Chi-
nese and English to convey implicit meanings (eg:
“OMG, RiX <& fE> 1 I4? ”(OMG, are you
<happy>7?). It’s a sign that someone’s getting fat.),
where shows that it is not enough to study eu-
phemisms from a monolingual perspective (Ro-
maine, 2012). Therefore, euphemism datasets cov-
ering multiple languages and domains are urgently
needed, which is important for the study of eu-
phemisms, especially for euphemism detection and
identification tasks.

As shown in Figure 1, existing euphemism tasks
can be divided into two categories according to
their purpose (Zhu et al., 2021): (1) Euphemism



Detection: the main purpose of the task is to deter-
mine whether a text contains euphemisms so that
they can be further analyzed or processed. (2) Eu-
phemism Identification: this task focuses more on
identifying specific euphemistic expressions in the
text and aims to understand and analyze the use of
euphemisms in the text in more details. However,
detecting and identifying euphemisms in practice
is an ongoing process. To the best of our knowl-
edge, there is not yet a methodology to unify the
two tasks into a single framework.

To solve the above challenges, by integrating
an existing dataset of euphemisms and addition-
ally collecting some other data from websites. We
construct a large-scale multi-lingual multi-category
dataset of euphemisms, named MME, which in-
cludes two popular languages of the world, English
and Chinese. This dataset was filtered in detail
and manually labeled, and finally, the Chinese eu-
phemisms were classified into 9 categories and the
English euphemisms into 8 categories. Further-
more, we propose a novel unified framework for
the joint implementation of the euphemism detec-
tion and identification tasks, a generative model
named JointEDI, which adopts two auxiliary tasks.
We conducted extensive experiments on the MME
dataset comparing existing large language models
and human evaluation, verifying the superiority of
our proposed method and providing new insights
for future work.

Our contributions are as follows:

* We construct a large-scale Multi-language Multi-
category Euphemism dataset named MME, in-
cluding 2 languages and covering 12 categories
in total, which provides a new benchmark in the
field of euphemism detection and identification.
We also provide an in-depth statistical analysis.

* We propose a unified generative framework to
jointly conduct the tasks of euphemism detection
and identification named JointEDI, employing
two auxiliary tasks. To the best of our knowledge,
this is the first framework to unify the task of
euphemism detection and identification.

* Experimental results on MME datasets show
that 1) the proposed JointEDI outperforms other
model baselines and the LL.Ms, demonstrating
the validity of our approach, and 2) our results
are much higher than common human evaluation
results, but lower than those evaluated by pro-
fessional human, demonstrating the challenging
nature of our dataset and the unified task.

2 Related work
2.1 Datasets

For computers, euphemisms often involve com-
plex contexts and emotions, and even for large lan-
guage models, accurately understanding and pro-
cessing these linguistic expressions is still a chal-
lenging task (Gibbs, 1999). Many domain-specific
euphemism datasets have been proposed. We sum-
marize and analyze the most representative datasets
in recent years in Table 1.

It can be seen from Table 1, (Zhu et al., 2021)
and (Ke et al., 2022) proposed English and Chinese
datasets for the domain of darknet euphemisms,
respectively. (Rahman et al., 2021) and (Yadav
et al., 2023) proposed two-classification and five-
classification datasets for the domain of hate eu-
phemisms, respectively. (Gavidia et al., 2022) first
introduced the concept of PET (Potentially Eu-
phemistic Terms) and proposed a multi-categorical
euphemism dataset. (Lee et al., 2023) proposed
four different languages to present a novel eu-
phemism corpus which is expanded into four lan-
guages based on the dataset proposed by (Ga-
vidia et al., 2022). Although some datasets are
quite large (Zhu et al., 2021) (Ke et al., 2022)
(Mody et al., 2023) (Yadav et al., 2023). How-
ever, more data is not always better, and the extra
irrelevant data may affect the model due to pseudo-
correlation coincidence (Feng, 2021), we have to
ensure the size of the dataset while improving the
quality of the dataset, such as data categories and
their distribution. Therefore, in order to promote
the research of euphemisms and better reflect the
diversity of euphemisms in real scenarios, a large-
scale multi-lingual and multi-category euphemism
dataset is urgently needed.

2.2 Euphemism Detection

The main objective of the euphemism detection
task is to detect whether a piece of text contains
euphemisms or not. (Magu and Luo, 2018) pro-
posed a method to help identify unknown words
to detect hate speech euphemisms using word em-
bedding and network analysis. (Ghosh et al., 2020)
proposed a Sarcasm Detection Shared Task that fo-
cuses on the detection of hate speech euphemisms
using the entire context of a previous conversa-
tion, which achieved a high detection accuracy
of 0.932 for the first-place team in that compe-
tition. It is worth noting that almost all teams
used pre-trained transformer-based models. (Zhu



Instances

Dataset English _Chinese Categoriy PET Domain Language
Zhu et al. (2021) - - 3 Yes Darknet English
Rahman et al. (2021) 4275 - 1 No Hateful English
Gavidia et al. (2022) 1965 - 7 Yes Hateful English
Keh et al. (2022) - 44720 10 Yes Darknet Chinese
Mollas et al. (2022) 999 - 6 No Hateful English
Mody et al. (2023) 451709 - 1 No Hateful English
Yadav et al. (2023) 227836 - 5 No Hateful Six languages
Lu et al. (2023) - 12011 4 No  Hateful/Offensive Chinese
(Lee et al., 2023) 1952 1552 7 Yes - Four languages
MME (Ours) 4512 4495 12 Yes All English/Chinese

Table 1: Comparison of existing euphemism datasets. For comparison, we show only the number of English and

Chinese sentences in the datasets of (Lee et al., 2023).

et al., 2021) formulated the euphemism detection
problem as an unsupervised filler mask problem
and solved it by combining self-supervision with
a masked language model (MLM). A recent work
that has attracted attention is the presentation of
the Euphemisms Detection Shared Task (Lee et al.,
2022). The purpose of the task is: to give an input
text and detect whether it contains euphemisms or
not. The competition attracted 13 teams and in
that competition (Keh et al., 2022) combined the
best-performing models into an ensemble of three
models and achieved first place in that competition.
(Kesen et al., 2022) used additional supervised in-
formation to obtain imageries of both the PETs
and their literal descriptions using a text-to-image
model, combining textual modalities and visual
modalities to achieve good euphemism detection
results.

2.3 Euphemism Identification

Once euphemisms are detected, the subsequent
identification of euphemisms is very important be-
cause different types of euphemisms determine
the specific application scenarios of euphemisms.
However, there is relatively little work related to
the study of euphemism identification tasks. Since
a euphemism often contains several different mean-
ings, this task is more challenging than the eu-
phemism detection task (Zhu et al., 2021). (Yuan
et al., 2018) proposed Cantreader, which employs
a neural network-based embedding technique to
analyze the semantics of words, to be used for au-
tomatic detection and comprehension of cryptic
speech. Instead of directly recognizing the specific
meaning of a euphemism, they generate a set of

superlatives and use a binary random forest clas-
sifier and recursive lookup to categorize a given
euphemism into a specific superlative. (Felt and
Riloff, 2020) used sentiment analysis to identify
euphemisms and dysphemisms, and although the
performance of (Felt and Riloff, 2020)’s system
was relatively low and the subject matter was nar-
row, this work certainly has stimulated further re-
search. (Zhu et al., 2021) explicitly defined the task
of euphemism identification for the first time, and
developed a self-supervised learning algorithm that
utilizes a bag-of-words model to classify a given
euphemism to a specific superordinate word at the
sentence level.

Although both the euphemism detection and eu-
phemism identification tasks have achieved some
results, they are two independent tasks. In prac-
tical applications, the detection and identification
of euphemisms is a continuous process. We not
only need to detect euphemisms from a sentence
but also identify the meaning of the specific ex-
pression of the euphemism. To the best of our
knowledge, only (Zhu et al., 2021) have proposed
a pipeline that connects these two tasks in tandem,
but this is not a unified framework. Moreover, the
approach is limited to three specific tasks, namely
drugs, weapons and sex, in the darknet. Unlike all
previous approaches, we propose a unified frame-
work to unify the tasks of euphemism detection
and euphemism identification to fully understand
the implicit meaning to be conveyed throughout
the sentence. As shown in Figure 1, JointEDI can
detect whether a sentence contains a euphemism or
not, and at the same time identify to what category
the euphemism belongs.



3 Dataset Construction

3.1 Data Collection

The construction process of the MME dataset is
shown in Figure 2. Our goal is to construct a large-
scale euphemism dataset covering multi-category
and multilingual euphemisms. We first extensively
researched and analyzed the purpose euphemism
dataset as in Section 2.1. We collected the follow-
ing potentially usable datasets. These include the
dataset proposed by (Lee et al., 2023) (Lu et al.,
2023) (Zhu et al., 2021). It is worth stating that al-
though the above studies have proposed datasets of
a certain size and category, we found that the above
datasets are more or less wrongly labeled with cat-
egories. For example, in the dataset proposed by
(Lu et al., 2023):

“HRZEH N E<ti > REHE B
ANEX) 5 N JHE”(Because Yangli says men are
<trash> and then teaches men not to be right), the
“$ 32 " (trash) here should be labeled with the cat-
egory of “MER|”(gender), but the original dataset
is labeled with the category of “FJE& " (racist).

To ensure that the dataset covers as many cat-
egories as possible while minimizing the prob-
lem of inter-class and intra-class imbalance in the
MME dataset, We also crawled extensive data from
glosbe? and sogou?.

3.2 Data Cleansing and Filtering

For the three collected datasets mentioned above,
we mainly used the Chinese dictionary and En-
glish dictionary proposed by (Lu et al., 2023) to
annotate the Chinese data and English data we col-
lected with keywords, and filter out sentences in
the dataset that do not contain the keyword. At the
same time, incomplete data were eliminated and
data with obvious labeling errors were selected for
manual secondary labeling. To construct a high-
quality euphemism dataset, we mitigate the prob-
lem of inter-class imbalance in the dataset by filter-
ing categories with less than 50 data. For example,
the category “misc.”.

3.3 Data Annotation

The data we collected contains an assortment of
types, including daily polite phrases, discrimina-
tory, sarcastic, and phrases from domains such as
the darknet. Since euphemisms are related to the
social and cultural aspects of language use, they are

*https://glosbe.com
3https ://wap.sogou.com/
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Figure 2: Flowchart of Dataset Construction. It consists
of four main processes, which are data collection, data
cleaning, data filtering and data labeling
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Figure 3: The pie chart on the left shows the percentage
of English data by category, and the one on the right
shows Chinese. 2.

an important research area in the field of sociolin-
guistics in linguistics. Therefore, in order to ensure
the quality and authority of the collected data on eu-
phemisms, we hired five linguistic professionals to
manually label data, including three professors and
two PhD candidates. We provide systematic train-
ing for the annotators before data labeling begins.
See Appendix A for training programs.

In the process of labeling, if we encountered
controversial categories of euphemisms, we used
the voting method to select the category with the
highest number of votes to get the final category of
euphemisms. We followed the basis of the classi-
fication of (Lu et al., 2023). We also finalized the
MME English dataset to get a total of 8 specific
categories, and the MME Chinese dataset to get a
total of 9 specific categories.

3.4 Data Analysis

Through the collection and cleaning of data and
detailed labeling by professionals, we finally col-
lected a total of Chinese data and English data as
shown in Table 2. We ended up with the number
of data for each category. The accounting for each
category is shown in Figure 3. In order to illustrate
what kind of keyword euphemisms are available
for each category, we did keyword data analysis on
the English and Chinese datasets of MME respec-
tively. Detailed data analysis can be found in the
Appendix B.
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Sentence

Category English  Chinese

body functions/parts 209 450
death 479 580
employment/finances 484 477
physical/mental attributes 781 401
sexual activity 225 421
politics 525 -
substances 538 -
weapon 1271 -
gender - 827
racist - 607
homophobic - 557
region - 175
In total 4512 4495

Table 2: Data categories and quantities of English eu-
phemisms and Chinese euphemisms in the MME dataset.
The MME English data has 2658 sentences with label
1 and 1854 sentences with label 0. The MME Chinese
data has 3100 sentences with label 1 and 1395 sentences
with label 0.

4 Task Definition

Unlike previous euphemism detection tasks and
euphemism identification tasks, the main objective
of our task is to unify euphemism detection and
euphemism identification into a single modeling
framework, with the core goal of creating a unified
framework that is able to automatically identify eu-
phemisms in text and classify them into the correct
categories. It is known that a sentence containing
a euphemism, s = [wi, ..., PET, ..., w;, ..., W)
(where PET is known to be a potential euphemism).
Our goal is to determine whether PET represents
a euphemism in a sentence and, if PET is a eu-
phemism, to identify the category to which PET
belongs.

As shown in Figure 1, the inputs and outputs of
JointEDI are as follows:

Input: “Task: Euphemism Detection and ldenti-
fication; My little bro smokes mad weed.”

Output: “Target: Euphemism Label: 1, Class
Label: substances)”

The euphemism label of the model’s output is
“1”, which indicates that “weed” represents a eu-
phemism in the sentence, and the class label of the
model’s output is “substances”, which indicates
that “weed” is categorized into “substances”.

S Methodology
5.1 Model Overview

Since our proposed method JointEDI aims to unify
the task of euphemism detection and identifica-
tion for multiple languages, we use a multi-lingual
BART (mBART) (Liu et al., 2020), which is an ex-
tended version of a transformer-based pre-trained
BART (Lewis et al., 2020) for multiple languages,
as our Seq2Seq framework. The following Figure 4.
illustrates the overall architecture of our proposed
JointEDI, which mainly consists of the mBART
encoder and mBART decoder.

As we discussed in the previous section, our
task can be represented as taking X = [Task: Eu-
phemism Detection and Identification; s=(x0,x1,
..., Xt)] as input and outputting a target sequence Y
= [Euphemism Label: y; Class Label: c], where s
stands for the sentence to be detected and identified.
Thus, our euphemism detection and identification
task can be formulated as:

Y = mBART(X), (1)

where X is the input sequence and Y is the output
sequence generated by the model.

To assist the JointEDI unified euphemism de-
tection and identification task to achieve better re-
sults, we have included two auxiliary tasks in our
model, namely, the euphemism detection and the
euphemism identification task. Next, we will intro-
duce each structure of the framework and present
our proposed framework separately.

5.2 mBART Encoder

The sentence to be encoded is taken as input and
passed to the Encoder of mBART. The sentence
is first processed by tokenization to decompose
it into sub-words or word fragments. The disam-
biguated content is passed through a word embed-
ding layer, which maps each word fragment to a
high-dimensional word embedding space. Then
positional encoding is added to preserve the order
information of the words in the input sentence. For
the input sequence X, the encoder of mBART can
be expressed as:

Hepneoder = Encoder(X), 2)

where H.pcoder 1S the output of the encoder and
contains the encoded information of the input se-
quence.
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Figure 4: Overall network framework for JointEDI.

5.3 mBART Decoder

The decoder of mBART also uses the same auto-
attention mechanism of the transformer model but
uses an auto-regressive process for training, it uti-
lizes the portion that has already been generated
when generating each output position.

For the output Y; at the current position t,
mBART’s decoder can be represented as:

Y;S = DeCOder(Hencodem Y<t)7 (3)
where Y.; denotes the output sequence that has
been generated before position t. The decoder uti-
lizes the previously generated partial sequence and
the encoder’s output when generating the output
for each position.

5.4 Loss Function

The mBART receives an input sequence and out-
puts a sequence. The output sequence is a probabil-
ity distribution for each word in the vocabulary, and
as each token is generated, the model converts the
output score to a probability distribution using the
Softmax function, which ensures that the generated
sequence is a legitimate probability distribution.

= (Yij|Yig):0), &

—*Zzlog

11]1

where N represents the number of samples, 1" rep-
resents the length of the sequence, P(Y; ;) rep-
resents the labeling of the j;;, position of the 7,
sample in the real sequence, and ?Z ;j represents the
probability distribution of the predicted labeling of
the j;, position of the #;;, sample of the sequence
species generated by the model.

To enhance JointEDI’s ability to achieve a uni-
fied euphemism detection and identification task,
as well as to measure the ability in the euphemism
detection subtask. We include the euphemism de-
tection loss in the output of the encoder as follows:

1

N
Lgp = — Z yilogp; + (1 — ;) log(1 — pi))
z:l

)
where N represents the number of samples, y; rep-
resents the true label of the 7;;, sample, and p; rep-
resents the probability predicted by the model for
the 745, sample.

Furthermore, we enhance the ability of JointEDI
to unify the euphemism detection and identification
tasks by incorporating a euphemism identification
loss at the decoder output as follows:

(6)

Lpr=—— ZZZ/W IOg pz,j

21]1

where N represents the number of samples, C' rep-
resents the number of categories, and y; ; is the
label of the j;, category in the true label of sample
i. p;j; is the probability of the j;, category in the
model prediction of sample .

The total loss function of the final model is as
follows:

L= aﬁce + ﬁ['ED + 7£EI¢ @)
where «, 5 and v represent the weights of the three
loss functions, respectively. The sum of «, 5 and
is 1.

)



Model PairF1 (%) PairR (%) Pair-P (%) F1 (%) R (%) P (%)
EN CN EN CN EN CN EN CN EN CN EN CN
mBART-large-cc25  85.71 87.14 8205 8565 83.67 8626 8647 89.44 83.16 8621 90.06 92.92
mBART-large-50  85.18 73.53 89.68 94.44 81.10 6020 87.16 83.05 90.05 9540 84.45 73.52
mT5-base 6332 5455 80.07 7297 5236 4355 79.81 79.12 8520 8249 75.06 76.01
mT5-large 79.90 83.77 8827 9139 7298 77.33 84.85 8854 8929 9212 80.83 8522
JointEDI 93.11 88.81 9251 9196 93.72 8587 93.80 9297 92.60 92.56 95.03 93.38
Falcon 0 0 0 0 0 0 1053 0 571 0 6667 0
LLaMA2-70b-chat 36.67 17.39 3143 20.00 4400 1538 66.67 7273 57.14 60.00 80.00 92.31
mPLUG-Owl 0 0 0 0 0 0 0 0 0 0 0 0
Stability-AI 1053 0 5.71 0 6667 0 1053 0 5.71 0 6667 0
GPT-3.5 66.67 4359 67.50 37.78 6585 S51.12 88.89 7436 90.00 6444 87.80 87.88
GPT-4.0 73.17  53.66 7500 48.89 7143 5946 9024 8293 9250 7556 88.10 91.89
Human-com 6820 80.03 71.15 7949 6608 80.64 8429 88.65 7750 8222 9293 9625
Human-pro 92.75 9433 92.17 9540 93.40 93.28 9544 96.64 9375 96.67 97.39 96.64

Table 3: Comparison of JointEDI with Baseline and Large Language Model on MME Chinese dataset and English
dataset respectively, where EN stands for English and CN stands for Chinese. Human-com represents the average
metrics of test results for non-professional people, and Human-pro represents the average metrics of test results for

professional people.

6 Experiments

6.1 Evaluation Setup

Datasets: We evaluate our method on the MME
dataset constructed in Section 3. There are 4512
sentences in the English dataset and 4495 sentences
in the Chinese dataset. We divided the two datasets
according to the ratio of training, validation, and
testing 7:1.5:1.5, and when dividing the datasets,
we tried to ensure the balance of inter-class and
intra-class data. The final results of the division
of the two datasets into each class are shown in
Appendix C.

Implementation Details: During the fine-tuning
process, the maximum length of the input sequence
was set to 128, and the initial learning rate to le-5.
We trained the model for 20 epochs on a 40GB
Tesla A100 GPU with the batch size set to 32. We
used the Adam optimizer and the model employed
a cosine annealing learning rate schedule.
Baselines: We compared four baselines and six
LLMs. The setup of the large language model and
the details of the comparison models are described
in Appendix C.

Accuracy metrics: We set up six evaluation met-
rics, where P, R and F1 represent the metrics for
euphemism detection, Pair-Recall, Pair-Precision
and Pair-F1 represent the metrics for the task of
unifying euphemism detection and identification.
The values of Pair-F1 and F1 are used as the main
evaluation metrics.

6.2 Results and Analysis

Comparison with Baselines: As can be seen in
Table 3, on the unified euphemism detection and

identification task, We find that JointEDI is better
at both Pair-P and Pair-F1 in English language, but
does not perform as well as the other methods in
Chinese data, which suggests that JointEDI can ef-
fectively detect euphemisms in sentences and iden-
tify the categories of euphemisms. Even though
mT?5 is pre-trained in more languages and has more
parameters, it is less effective than JointEDI. Since
the two models have different pre-trained methods,
if the input is “A-B-E”, the output of mBART is
labeled “ABCDE”, but the output of mT5 is labeled
“CD”. It seems that mBART is performing a more
difficult task, and is more effective in detecting and
identifying euphemisms.

On the euphemism detection task, JointEDI’s P
and F1 are superior in both languages, but still not
as good as the other baselines in terms of R for
Chinese data. We analyze that this is due to the
fact that due to the higher number of parameters in
the compared baselines leads to a model that may
tend to predict as containing euphemisms more
frequently, and thus have a higher R value.

Comparison with LLLMs: Table 3 summarizes
the results of the comparison between JointEDI
and LLMs. We note that GPT-4.0 has the best
results among all the LLMs, which is analyzed
since GPT-4.0 has the largest number of parameters
compared to the other LLMs. Despite this, the
performance of our proposed JointEDI is still able
to outperform LLMs, which suggests that unifying
the euphemism detection task with the euphemism
identification task is still challenging for LLMs.

Comparison with Human Evaluation: Although
JointEDI achieved the best results, it was still not
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Figure 5: For hyperparameter analysis in the MME
dataset, the blue color represents the value of Pair-F1
and the red color represents the value of F1.

as good as the human-professional assessment on
the MME Chinese dataset, we analyze that this
is because mBART uses a larger English corpus
than a Chinese one for pre-training, and thus will
perform better on English data. At the same time,
euphemisms are usually informal and subjective
expressions whose form and meaning may change
in different contexts. The same sentence may be
regarded as a euphemism or as a direct expression
in different contexts. This subjectivity and variety
increase the difficulty of understanding and identi-
fying euphemisms in JointEDI.

Hyperparametric Analysis: We have analyzed
the ablation of different combinations of «, 5 and
. The experimental results are shown in Figure 5.
When 0.5, 0.3 and 0.2 are selected for o, 8 and y
respectively, and the results of the model are the
most optimal. We also find that when the sum of
B and -~y is greater than 0.5, the performance of
JointEDI starts to be general and becomes unsta-
ble. For example, when «, 5 and - take values
of 0.4, 0.1 and 0.5, respectively, the results of the
model plummet to near 0. It shows that the loss
of uniform euphemism detection and identification
plays a dominant role in the task of unifying eu-
phemism detection and identification, followed by
the loss of euphemism detection, and finally the
loss of euphemism identification.

Error Analysis: We have selected three instances
in the results of error detection and error identifica-
tion, respectively. As shown in Figure 6. The first
case is correctly detected and incorrectly identified,
the second case is incorrectly detected and correctly
identified, and the third case is both detected incor-
rectly and identified incorrectly. This shows that
JointEDI is still challenging in domain-specific,
context-specific or type-specific euphemism de-
tection and identification tasks. To visualize the
LLMs error output results, we also show some

1) Correct detection and Incorrect identification:
Input: White boy, buys <coke> from me.

Output: Euphemism Label: 1; Class Label: death

2) Incorrect detection and Correct identification:
Input: ... kinetic impact devices , and chemical control
substances, tear gas and pepper <spray>...

Output: Euphemism Label: NULL; Class Label: weapon
3) Incorrect detection and Incorrect identification:
Input: ...relax in stressful situations, <neutralize>
interoffice conflict, add zest to dull relationships...
Output: Euphemism Label: 1; Class Label: politics

Figure 6: Analysis of different error types. (1) The
true label of “coke” is 1, but it is categorized into the
wrong category “death”; (2) The true label of “spray’
is 1, the model does not predict the result, the output
is “NULL” and it is categorized into the right category
“weapon”; (3) The true label of “neutralize” is 0, the
model incorrectly predicts 1, and it is divided into the
wrong category “politics”.

bl

cases where LLMs fail in the task of euphemism
detection and identification in Appendix C.

7 Practical Implications

This paper provides a new benchmark to unify
the euphemism detection task with the euphemism
identification task, which has high practical appli-
cation value. Firstly, The method can be directly
applied to social media to assist platforms in filter-
ing offensive, inappropriate or controversial con-
tent in a timely manner, and reduce the auditing
cost. Second, the method can be integrated into
a large language model to deepen contextual un-
derstanding, detect euphemisms more accurately,
and provide users with more accurate and sensitive
responses by learning from large-scale corpora. Fi-
nally, this technology can facilitate the quality of
cultural interactions on social media.

8 Conclusion

In this paper, we construct a multi-lingual multi-
category euphemism dataset named MME, which
contains two languages, English and Chinese, and
covers more than a dozen categories, which pro-
vides a new benchmark for the research of eu-
phemism detection and identification tasks. Mean-
while, we also propose a novel generative approach
to unify the euphemism detection task and the eu-
phemism identification task, which proves the ef-
fectiveness of our proposed JointEDI and the diffi-
culty of this task by comparing it with LLMs and
human evaluation. New insights are provided for
the research of euphemism task.



Limitations

Although the work in this paper achieves certain
results. However, the following limitations still
exist: (1) The MME dataset still covers a relatively
limited number of languages, and future efforts
are needed to expand the language scope in order
to achieve true multilingual euphemism detection
and identification. The current dataset is relatively
monolingual, while there exists a rich linguistic
diversity globally, including about 7000 active lan-
guages. (2) The proposed JointDEI still has a per-
formance gap when compared to a professional
human evaluation. This suggests that the current
method still needs to be further improved and opti-
mized for more accurate euphemism detection and
identification.

Ethics Statement

We strictly adhere to the data usage agreements
of the various public online social platforms. The
opinions and findings in the sample dataset we have
provided should not be interpreted as representing
the views expressed or implied by the authors. We
hope that the benefits of our proposed resources out-
weigh the drawbacks. All resources are intended
for scientific research only.
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Appendix
A Data Labeling Training Guide

Your task is to determine, given a sentence con-
taining a potential euphemism, whether PET be-
haves as a euphemism in the sentence, and if so,
to label it as “1” and indicate to which category
of euphemisms it belongs. If not, label it as “0”.
There are 9 categories in English and 8 categories
in Chinese. Please make sure that the entire la-
beling process is free from outside interference,
and pay attention to the context of the text when
labeling to ensure that the euphemisms are accu-
rately captured. In case of uncertainty or ambiguity,
please mark according to your best judgment.

Example 1:

“My little bro smokes mad <weed> " Could you
please indicate whether weed is a euphemism in
the sentence, and if so, which of the following
categories does the euphemism belong to?

10

LR RT3 LR N3

“body functions/parts”, “politics”, “sexual activ-

ity”, “physical/mental attributes”, “death”, “sub-
stances”, “weapon”, “employment/finances’.

Labeling result: “1”, “substances”.

Example 2:

“L PR \KEE%F“ﬁHﬂ:?Eﬁ<{UJﬁE>JL’<%%D
HIfit e A ..”, could you please indicate whether

“fll#” is a euphemism in the sentence, and If
so, which of the following categories does the eu-
phemism belong to?

RRERE, “HOIK, “BRALAV 557, <, “PERI,
FET, e, B DIBIRHE, B A
i,

Labeling result: “1”, “BLTZ7.

B Data Analysis

The MME English dataset is divided into a total of
eight categories:

“body functions/parts”, “politics”, “sexual activ-
ity”, “physical/mental attributes”, “death”, “sub-
stances”, “weapon”, “‘employment/finances”.

The MME Chinese dataset is divided into a total
of nine categories:

LR, “HBEC, “BALA 57, “HE”, “HEH,
FET, e, B DIBIRIE, 5 A
i

The top 10 keywords for each category in the
MME dataset. Table 4 shows the MME English
dataset and Table 5 shows the MME Chinese
dataset.

LR INT3 LR INNT3

C Experiments

The final results of the two datasets by dividing the
training set, the validation set and the test set are
shown in Figure 7 and Figure 8.

Baselines: The configurations of the four base-
line models are as follows:

mBART-large-cc25: Pre-trained mBART using
25 languages.

mBART-large-50: Pre-trained mBART using 50
languages.

mT5-base: Pre-trained mT5 base model for 101
languages with 580 million parameters (Xue
et al., 2021).

mT5-large: Pre-trained mT5-large model in 101
languages with 1.2 billion parameters.

Details of LL.Ms setup:The configurations of
the 6 LLMs are as follows:



Category

Top 10 keywords

body functions/parts
politics
sexual activity

physical/mental attributes

accident, rear end, time of the month, accidents, droppings,

chest, tinkle, lavatory, pass gas, latrine

fishing, trick, underdeveloped, pro-life, inner city, wolf pack,
armed conflict, undocumented immigrants, freedom, Global South
go all the way, work, sleep around, sex workers, birds and the bees,
same-sex, sex worker, porn, slept with, girls

special needs, disabled, plump, aging, slim, expecting,

overweight, over the hill, troubled, mixed up

late, demise, collateral damage, put to sleep, perish, pass on,

machine, shot, shoot, car, heavy, German, bear, saw, police, spray
disadvantaged, let go of, sanitation workers, economical, dismissed,

death .
long sleep, deceased, pass away, fatality
weed, coke, intoxicated, speed, pure , weeds, sober,
substances . .
substance abuse, inebriated, Coke
weapon
employment/finances

deprived, well off, income inequality, homemaker, indigent

Table 4: Top 10 keywords for each category in the MME English dataset.

Category Top 10 keywords
A £, )A, B, o1, Bk, [, gay, B &, T, EF
HIxX BT, BE, Ml O, B NE T REE, UK, WE, R
WAL Ss s BRI, S, 1B, TR, IR, BB, TS, FE 4, R,
3 /NA, K2, IR, SR MR, BLE, B, REERE, FE, =%
(el LE AL, ITE, BE, 20, 87, M, B\, £, eg
SET- TR, T, GE T MRRR, ANE T, T, i, A, Gl K
iR BRIEAE, K, RIRAE, B WRE RS, PR, NE, =3k
S0 EBENE EE RS 2, FIK, T, Bk, |k, KU RIRARE, K7,
SRThREAAL BRI, 05 (F, MER, TLA IR, BEF IR, K5, N &, FAL, 33, 1

Table 5: Top 10 keywords for each category in the MME Chinese dataset.

* Falcon: A new series of large-scale language
models created by the Technology Innovation In-
stitute in Abu Dhabi, with 40 billion parameters.

« StableLM*: A Stable Diffusion startup, Stability
Al released and open-sourced a large language
model trained by the team with 7 billion parame-
ters

« mPLUG-OwD: A large multimodal model based
on a modular implementation with 7.2 billion
parameters.

« LLaMA2-70b-chat®: A Meta Al official release
of the latest generation of open source big models
with 70 billion parameters.

» GPT-3.5-turbo’: A fourth in a series of NLP

4https://replicate.com/stability-ai/

stablelm-tuned-alpha-7b
5https://modelscope.cn/studios/damo/mPLUG—Owl/

summary
6https://huggingface.co/models?other=llama—2
"https://platform.openai.com/docs/

api-reference/introduction
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models designed by OpenAl, with 20 billion pa-
rameters.

GPT-4.0: A large-scale, multimodal artificial
intelligence model developed by OpenAl.
Human Evaluation: We invited four profes-
sionals in the field of linguistics and four non-
professional people to evaluate 200 English texts
and Chinese texts, respectively, in order to detect
and identify euphemisms in sentences. To ensure
the fairness of the experiment, the participants
in the test do not parameterize the annotation
process.


https://replicate.com/stability-ai/stablelm-tuned-alpha-7b
https://replicate.com/stability-ai/stablelm-tuned-alpha-7b
https://modelscope.cn/studios/damo/mPLUG-Owl/summary
https://modelscope.cn/studios/damo/mPLUG-Owl/summary
https://huggingface.co/models?other=llama-2
https://platform.openai.com/docs/api-reference/introduction
https://platform.openai.com/docs/api-reference/introduction
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Figure 7: The final results of the MME English dataset by dividing the training set, validation set, and test set

700
m frain
600 579
mval
500
425
00 406 188 test
334 35 e
300 281
200
120128 122
90 92 8391 88
100 81 7370 6273 60 66 5862
[ O | I (T T
0 ||
N % X, 5 S S
& ¥ & & o o A & ¥
@ s & &
"?é’ \Z@«)ﬁ\ \2&\\\)
9 9

Figure 8: The final results of the MME Chinese dataset by dividing the training set, validation set, and test set
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Task: Euphemism Detection and Identification\n

Sentence:Coverage is the proportion of people using improved sanitation pour-
flush <latrine> ; simple pit latrine; ventilated improved pit latrine

You need to output the tuple (bi, cls), where bi{'0', '} and cls&{'body
functions/parts' 'death’ 'employment/finances' 'physical/mental
aftributes'politics'sexual activity' 'substances' 'weapon’/none’t. \n

“You must know bi indicates whether the candidate word in the sentence uses
euphemism usage, and that cls represents the specific classification of the

meaning of the word\n
Note that cls is 'none'if and only if biis '0".

@ chatGpT

To identify and classify euphemisms in the given sentence, you should analyze each
candidate word and determine whether it uses euphemism usage (b} and classify the
euphemism meaning (cls) if it is indeed a euphemism. Here's the analysis for the

provided sentence:

Sentence: "Coverage is the proportion of people using improved sanitation pour-flush

<latrine>; simple pit [atrine; ventilated improved pit latring"
Candidate word: <latrine>

1. bi:1(indicates that the word is a euphemism)
2. cls:'physical/mental attributes' (since "latrine” is often used as a euphemism for a

toilet or restroom)

So, the output tuple for the word "<latrine>" is (1, ‘physical/mental attributes’). For the
rest of the sentence, there are no other apparent euphemisms, so the output for the

entire sentence is as follows:

Output for the entire sentence: [{1, ‘physical/mental attributes’)]

(a) Case of ChatGPT

Task: Euphemism Detection and Identification\n
d the inf fa d d

<\disabled> individual from a Nassau County
group home to obtain a fraudulent debit card and was also arrested for credit card fraud near Atlanta Georgia
You need to output the tuple (bi, cls), where bi€{'0','1'}and cls€ {'body

attributes’)

activitysubstances’ weapon’none'}.\n

Youmust know bi indicates whether th in h usage, and that cls

ific f: of \n

Note that cls is 'none' if and only if biis '0"

Sure! Here's the output:
(bi, cls)= (1, "body functions/parts')

Explanation:

o Biindicates that the phrase B language.
. Cl p

as 'body functions/parts,

(b) Case of LLaMA2-70b-chat

Task: Euphemism Detection and Identification\n

Sentence:He used the information of a deceased and developmentally <\disabled>
individual from a Nassau County group home to obtain a fraudulent debit card and
was also arrested for credit card fraud near Atlanta Georgia

You need to output the tuple (bi, cls), where bi€{'0', '1'} and clsE{'body
functions/parts'/death’’employment/finances/physical/mental
attributes',politics'sexual activity'/substances’;weapon'/none'}.\n

You must know bi indicates whether the candidate word in the sentence uses
euphemism usage, and that cls represents the specific classification of the
euphemism meaning of the candidate word.\n

Note that cls is 'none’ if and only if bi is '0".

(0, *death’) Copy

(c) Case of mPLUG-Owl

Figure 9: Cases of some of LLMs

13



