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In order to solve the problems of poor matching accuracy and long time-consuming in traditional Korean text
translation emotional semantic matching methods, this paper proposes research on a Korean text translation
emotional semantic matching method considering a user preference model. Build a user preference model,
input that obtained emotional space position perception vector into the user preference model, correcting
the translation semantic result according to the user’s emotional preference, determining the freshness of
keyword features, calculating the freshness weight, generating user preferences, and calculating the similarity of
interest vectors among users, on this basis, obtaining a Korean text data set, and using Word2Vec model to map
individual words in natural language corpus to vectors to extract Korean text translation features; By inputting
word vectors into DPCNN, depth features are extracted to classify text emotions. The semantic matching model
of translated text is constructed by sentence representation, and the emotional space position perception vector
is introduced to deeply match the emotional semantics of Korean translated text, which makes the semantic
matching result more accurate. The experimental results show that the semantic matching accuracy of Korean
translation text under this method is 99.6%, and the matching time is 3.6s, which can effectively improve the
accuracy of emotional semantic matching and further improve the translation effect of Korean text.
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1. introduction

Cross-language communication has become an indispens-
able part of daily life and work. As a bridge between Korea
and the rest of the world, Korean text translation is self-
evident. However, simple text translation has been difficult
to meet the growing demand [1]. Users not only require
the accuracy of translation, but also expect the translation
results to accurately capture the emotional color of the orig-
inal text, taking into account the timeliness or "freshness"
of the content [2]. Therefore, the emotional and semantic
matching technology of Korean text translation, which com-
bines a user preference model and freshness factor, came
into being and became an important research direction in

the field of natural language processing [3]. User preference
model refers to a model that can reflect the personalized
characteristics of users by collecting, analyzing and under-
standing information such as users’ behaviors, interests
and needs [4]. In Korean text translation, the application
of a user preference model can significantly improve the
personalization of translation results. Different users may
have different preferences for the translation of the same
sentence: some users prefer literal translation to preserve
the original style, while others hope that the translation
will be more fluent and natural, and even integrate into the
expression habits of the target language [5]. By construct-
ing the user preference model, the translation system can
intelligently adjust the translation strategy according to the
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user’s historical behavior and current needs, and provide
translation results that are more in line with the user’s ex-
pectations. The consideration of freshness means that in
the rapidly changing information age, the freshness of text
content is directly related to its value and attractiveness.
For Korean text translation, maintaining the freshness of
translation content means timely capturing and accurately
conveying new words, new expressions and hot topics in
the original text. This requires that the translation system
should not only have strong language processing ability,
but also have keen insight into current events, culture and
social dynamics. By combining timestamp, keyword popu-
larity, social media trends and other data, the translation
system can evaluate the freshness of the original content
and give appropriate treatment in the translation process to
ensure that the translation can not only accurately convey
the original information, but also reflect its timeliness.

Couairon and colleagues [6] introduced a novel ap-
proach for sentiment-semantic matching in Korean text
translation, utilizing a deep generative model. The ini-
tial step involved creating a dataset of Korean texts paired
with sentiment labels. Subsequently, various preprocessing
tasks were conducted, including data cleaning, segmenta-
tion, and annotation. To enhance the model’s capability
in processing emotional semantics, an emotion encoder
was incorporated along with an emotion classifier to learn
the emotional-semantic representation within the text. Uti-
lizing an emotion loss function enforced constraints on
the model, ensuring precise sentiment-semantic matching
throughout the translation process. Despite the method’s
success in enhancing sentiment-semantic matching preci-
sion, the challenge of acquiring highquality Korean text
datasets with sentiment labels persisted, potentially im-
pacting the efficacy of the model’s training. Batbaatar et
al. [7] introduced a new neural network structure known
as the Semantic-Emotion Neural Network (SENN), which
integrated semantic/syntactic and emotional data by in-
corporating pre-trained word embeddings. The SENN ar-
chitecture merged convolutional neural networks (CNNs)
capabilities with bidirectional Long-Short Term Memory
(BiLSTM) networks. The BiLSTM module captured contex-
tual details and highlighted semantic connections, whereas
the CNN module extracted emotional characteristics and
concentrated on the emotional associations among words.
This dual methodology empowered SENN to proficiently
analyze and interpret intricate linguistic and emotional
subtleties within the text. Pieroni et al. [8] developed
strategies for training emotional-semantic representation
to help the model grasp emotional content in text. They
supported the model in comprehending emotional seman-

tics through the utilization of sentiment dictionaries and
sentiment classifiers. Furthermore, they established an
emotional-semantic matching system to ensure that the
translated text maintains the emotional subtleties of the
source language, attaining emotional-semantic alignment
in Korean text translation by integrating an emotional loss
function. Nevertheless, because emotional expression can
differ across languages, the translated text may display
inconsistent emotional semantics, resulting in diminished
emotional precision. Yu et al. [9] created the innovative
smart mirror LUX to enhance mental well-being by integrat-
ing Artificial Intelligence (AI) technology. The researchers
addressed the absence of Korean emotion databases and
the challenges posed by language disparities between Ko-
rean and English. LUX employs sophisticated deep learn-
ing (DL) algorithms to interpret emotions such as anger,
sadness, neutrality, and happiness, providing users with
various responses, including inspirational quotes, music
selections, and empathetic interactions. The smart mir-
ror also offers a wake-up alarm, weather forecasts, cal-
endar reminders, real-time news updates, and a digital
clock. Zhang et al. [10] suggested an emotional-semantic
matching method for Korean text translation focusing on
structural and semantic features. They collected a Korean
text dataset and extracted the structural and semantic char-
acteristics of the text. Semantic features in the learning
text were displayed utilizing the emotional word embed-
ding method. These emotional-semantic features of Korean
text translation were then extracted and analyzed to con-
struct an emotional-semantic matching model, achieving
effective emotional-semantic matching in text translation.
However, this approach is constrained by computing re-
source limitations. Cheng and Kuang [11] introduced a
technique for emotion-semantic alignment in Korean text
translation through association matching. They gathered
and analyzed a dataset of Korean text and formulated a
Seq2Seq model to tackle the issue of sequence-to-sequence
conversion. An attention mechanism was implemented to
enhance the model’s understanding and alignment of emo-
tional semantics. Uymaz et al. [12] investigated how texts
can reflect emotions and the difficulties in detecting emo-
tions through conventional word representation patterns
such as Word2Vec and GloVe.

They observed that including emotional data in word
vectors enhanced the precision of emotion detection. This
review analyzed current research, outlining the methodolo-
gies, emotion patterns, datasets, and outcomes. Ahmad et
al. [13] introduced a method that integrated a Multichannel
CNN (MC-CNN) with a multichannel bidirectional gated
recurrent unit (MC-BiGRU), with equal input parameters
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for both. Furthermore, sharing hidden layer information be-
tween these concurrently integrated frameworks enhanced
their collective capabilities, capitalizing on the advantages
of both methodologies. Liu et al. [14] proposed a senti-
ment analysis approach drawing on DL to produce prob-
abilistic linguistic term sets (PLTSs) from online product
reviews and rank them. They utilized a natural language
processing technique to extract product attributes and texts
and subsequently employed sophisticated DL patterns for
sentiment categorization. They implemented a matching
mechanism to synchronize sentiment trends with suitable
linguistic terms for each rating category to guarantee pre-
cision. Park et al. [15] introduced a cross-modal Semantic
Alignments Module (SAM) to improve inter-modal connec-
tions and create apparent alignments. Initially, visual and
textual features were obtained from pairs of images and
text. Subsequently, a bipartite graph was created, where im-
age regions and words from the sentence served as nodes,
and their connections were displayed as edges. The model
could calculate attention weights through SAM using infor-
mation from these graph edges. Jiang and Cai [16] sought
a succinct yet through examination of the text-matching
domain. They summarized the key concepts, challenges,
and resolutions for using statistical methodologies and neu-
ral networks for text-matching approaches. Additionally,
they explored matching techniques leveraging extensive
language patterns, scrutinizing the setups and utilities of
Application Programming Interfaces (APIs). They also
deliberated on pertinent datasets and assessment method-
ologies to provide a comprehensive insight into the present
status and progressions in text matching.

Wang et al. [17] suggested in 2025 a unique dataset
that consists of issues that are related to doors found when
the houses were delivered. There are eight types of is-
sues in this dataset. This is an interesting dataset that
uses real world data that was collected from three different
apartment buildings and makes use of classifications by
experts. Wang [18] tested five text classification models that
relied on transformers including BERT, RoBERTa, ALBERT,
DistilBERT, and XLNet in order to detect defects in fire
doors in residential buildings. RoBERTa algorithm demon-
strated the best results when optimized, with an average
F1-score reaching 85.44%. Wang [19] created and evalu-
ated four different text classification models using Graph
Neural Networks (GNN) that could be used automatically
to recognize defects in the fire-doors installed in residen-
tial buildings. Of the models mentioned above, the model
BERT-GCN demonstrated the best results, reaching an F1
score of 85.46%, outperforming 2,430 different models.

In view of the above problems, this paper puts forward

the emotional semantic matching of Korean text translation,
considering the user preference model and freshness. Emo-
tional semantic matching is an advanced task in natural
language processing, which requires that the translation
system can not only understand the literal meaning of the
text, but also accurately grasp the emotional color in the
text, and maintain this emotional consistency in the transla-
tion process. Emotional semantic matching is particularly
important in Korean text translation. Because Korean is a
language rich in emotional expression, its texts often con-
tain rich emotional information. If the translation system
cannot accurately capture and convey this emotional in-
formation, then the translation will lose its original charm
and appeal. Therefore, by introducing sentiment analysis
technology and a semantic matching algorithm, the transla-
tion system can deeply understand the emotional tendency
of the original text and express it in the translation, thus
improving the overall quality of translation.

In this paper, a user preference model is constructed,
and the obtained emotional space position perception vec-
tor is input into the user preference model. According to
the user’s emotional preference, the translation semantic
results are corrected, the freshness of keyword features is
determined, the freshness weight is calculated, the user
preference is generated, and the similarity of interest vec-
tors among users is calculated. On this basis, the Korean
text data set is obtained, and the single words in the natural
language corpus are mapped to vectors by the Word2Vec
model to extract Korean text translation features. By in-
putting word vectors into DPCNN, depth features are ex-
tracted to classify text emotions. The semantic matching
model of translated text is constructed by sentence repre-
sentation, and the emotional space position perception vec-
tor is introduced to deeply match the emotional semantics
of Korean translated text, which makes the semantic match-
ing result more accurate. The innovation of this paper lies
in: for the first time, the user preference model is combined
with the freshness mechanism and introduced into the emo-
tional semantic matching task of Korean text translation.
Traditional methods mostly focus on a single aspect of se-
mantics or emotion, and fail to fully consider the influence
of users’ personalized preferences and content timeliness
on translation results. The method proposed in this paper
not only realizes the personalized correction of translation
results by constructing a dynamic user preference model,
but also introduces a freshness weight mechanism to simu-
late the decay process of user interest over time, thus more
accurately reflecting the current emotional and semantic
needs of users.
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2. methods

Input the emotional space position perception vector ob-
tained in the previous section into the user preference
model, and correct the translation semantic result accord-
ing to the user’s emotional preference, so that the semantic
matching result is more accurate. The core innovation of
this section is to combine the emotional space position
perception vector with the user preference model to real-
ize the dynamic correction of translation semantic results.
By introducing the layered modeling of long-term prefer-
ence and short-term preference, and the weight attenuation
mechanism based on freshness, this method can capture
the changing trend of users’ interests more finely, and then
improve the accuracy and timeliness of emotional semantic
matching.

2.1. User preference model framework

In order to dynamically and accurately reflect user interests
and preferences, user interests are divided into long-term
and short-term preferences. Long-term preference refers to
an individual’s preference for a certain thing or field over
a relatively long period of time. Longterm preferences are
relatively stable and closely related to personal attributes
such as knowledge accumulation, life experience, and per-
sonality. Short-term preference refers to an individual’s
interest in certain things over a relatively short period of
time due to environmental factors and external stimuli. The
framework diagram of the user preference model is shown
in Fig. 1:

Fig. 1. User preference model framework diagram

User preferences and interests can develop into long-
term preferences, or short-term preferences gradually fade
and eventually lose interest. Although long-term prefer-

ences can be maintained consistently, they may fade pro-
gressively into disinterest.

The definition of user long-term preferences is: Due to
the stability of long-term preferences and the potential in-
volvement of many types of information, this information
can be classified, with each category corresponding to a
field of interest for the user. Therefore, long-term prefer-
ence can be expressed as:

L = {(l1, l1, q1) , (l2, l2, q2) , . . . , (ln, ln, qn)} (1)

Here, li signifies a field that the user is interested in, σi

indicates the degree to which the user is interested in the
field, qi implies the number of Korean documents in the
field that the user is interested in. σi is defined as:

Submission Template to Journal of Applied Science and
Engineering

σi = qi/
n

∑
i=1

qi (2)

The long-term preferences of users encompass multiple
interest fields, where each domain li maintains a feature
keyword library (k1, k2, . . . , kn) to describe the Korean doc-
ument domain.

The definition of short-term preferences is: Due to the
continuous advancement and changes of short-term inter-
ests, except for a small amount of conversion into long-term
interests, more short-term interests always appear quickly
and then disappear soon, so it is not suitable to classify
short-term interests and treat all short-term preferences as
a whole. Define user short-term preferences:

Short-term preference S is displayed by a set of key-
word tuples S = (s1, s2, . . . , sm), keyword tuples s = (k, v),
where k signifies the keyword and v represent the weight
corresponding to that keyword. Users will have both long-
term and short-term preferences. User preferences are de-
fined as P = (S, L), where S represents short-term prefer-
ences and L represents long-term preferences.

2.2. Determination of the freshness of keyword features

The notion of freshness is introduced, and a calculation
formula for simulating user interest decay over time is
suggested. Freshness represents the gradual decrease in
the attractiveness of items or preferences to users over time,
reflecting how specific short-term preferences lose their
appeal gradually.

Freshness is defined as a function that decreases over
time. As time progresses, the value of freshness gradu-
ally diminishes, eventually reaching 0 , indicating that the
user no longer finds the item or preference appealing. The
specific definition is:
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rt =

0, if 0 ≤ rt0 ≤ ε(
rt0−ε

rt0

)t−t0
, if rt0 > ε

(3)

If t0 is a specific time in the past and t is the current time,
then rt0 displays the freshness of the tuple at time t0, and rt

implies the freshness at time t. The freshness at the current
time is calculated using rt0 and Eq. (27). Here ε is a small
constant used to determine when freshness is sufficiently
low that the new freshness value is considered 0 . Initially,
the freshness value of a tuple at its creation time is set to 1 .

Obtain all log documents for this user. If the log doc-
uments have been newly added or recently modified by
the user, re-segment and extract feature words from the
papers. Next, calculate the word frequency statistics of the
keywords in each document. Finally, generate a tuple set
by calculating the freshness value of each document. If
the log document has already been processed, update its
freshness value to update its tuple set. The design diagram
of this process is displayed in Fig. 2

Fig. 2. Flowchart of feature keyword vector extraction for
user documents

2.3. Freshness Weight Calculation

Any keyword’s weight should decrease over time due to
the influence of freshness. Therefore, during the update
process, the real-time weight of the keyword is calculated
as the product of its initial weight and freshness. For a
particular keyword, this relationship can be expressed as:(

kp, v1, t1, d1, r1
)

,
(
kp, v2, t2, d2, r2

)
, . . . ,(

kp, vn, tn, dn, rn
)

: d1, . . . , dn

displays a document in which a particular keyword has
appeared. Since user preferences are expressed using
keywords, it is crucial to understand the importance of
each keyword to the user’s interests. Therefore, the total
weight of keyword k is the weighted sum of the corre-
sponding weights and freshness of each document: vt

p =

v1 · r1
′ + v2 · r2

′ + . . . + vn · rn
′, r1

′, r2
′, . . . , rn

′ signifies the
current freshness of the corresponding keywords in each
document. This cumulative weight is defined as the final
weight of the keyword at time t.

After calculating the weight of each keyword at time t,
the user’s short-term interest vector can be generated. The
steps are outlined in Algorithm 1:

Algorithm 1: User Preference Generation Algorithm
Input: Set of feature keyword vectors
Output: User preference vector S =

((k1, v1) , (k2, v2) , . . . , (km, vm)).
While the User keyword tuple set
Start
Find all tuples with the exact keywords in the keyword

tuple set
Calculate keyword weight vt

p = v1 · r1
′ + v2 · r2

′ + . . . +
vn · rn

′.
End
After calculating the weights of all keywords, the

next step is to establish or update user preferences
by selecting the keywords with the highest weights
and their corresponding values. This results in S =

((k1, vmax1 ) , (k2, vmax2 ) , . . . , (km, vmaxm )). The value of m
was determined through extensive experimental testing.
In this paper, m ≤ 3 was chosen, meaning that the top
three keywords that best reflect user interests are selected
to display as user preferences. Fig. 3 illustrates the process
design diagram for the above steps.

Based on the above, it is clear that the final weight of
keywords undergoes a continuous accumulation process.
With the addition of new information, these weights will
continue to increase. Conversely, in the absence of new
information, the current weights of keywords gradually de-
crease due to diminishing freshness. This reflects a decrease
in user interest in those particular keywords. Over time,
as weights are recalculated for each keyword, those with
higher weights may indicate long-term interests, while
lower weights may suggest a decline in user short-term
preferences.

2.4. Emotional-Semantic Matching Correction in Korean
Text Translation

User preferences are generated based on the user preference
model p = (s, L) :
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Fig. 3. Generate preference flowchart

s = {(k1, v1) , (k2, v2) , . . . , (km, vm)} ,

L = {(l1, σ1, q1) , (l2, σ2, q2) , . . . , (ln, σn, qn)} .

To calculate the similarity of interest vectors between
users, for a user’s preferences p, Calculate the similarity
with another user pi [20] :

sim
(

P⃗, P⃗l

)
=

P⃗ ∩ P⃗l

|P⃗| ∗
∣∣∣−→Pl

∣∣∣ (4)

Using Eq.(4), identify the user set R =

{pmax 1 , Pmax 2 , . . . , Pmax m} that is most similar to the
user’s preferences. Utilize the user preference model to
provide feedback on the user’s emotions within this set to

adjust semantic matching outcomes, achieving semantic
matching correction. The parameter m was determined
through extensive experimentation to find a suitable
threshold. In this system, m ≤ 3 was selected.

3. emotional semantic matching in korean text
translation

3.1. Feature extraction for Korean text translation

Firstly, the Korean text dataset is obtained using OPUS
(http://opus.nlpl.eu/). OPUS is an open parallel corpus
that contains translation data for multiple language pairs,
including Korean. Organize the collected and processed
data into a dataset format and convert the data from par-
allel corpora into a CSV file format. Utilizing the bag-of-
words model, individual words in the natural language
corpus are mapped to vectors to obtain Korean text word
vectors, the features of Korean text translation. The bag-
of-words model involves putting these words into a "bag"
after text segmentation, treating them as independent en-
tities, and constructing a dictionary that includes all the
words in the text [21]. This article applies the Word2Vec
bag-of-words model to map words with similar meanings
into similar vectors, resulting in similar representations.
This helps machines learn the definitions and contexts of
different words.

Word2Vec maps individual words from natural lan-
guage corpora to vectors [22] to obtain model parameters
through training and use these parameters as word vectors,
as displayed in Eq. (1).

f (wt, wt−1, . . . wt−n+2, wt−n+1) = p
(

wt, wt−1
t

)
(5)

The word vector model needs to satisfy the conditions
displayed in Eqs. (6-7):

f (wt, wt−1, . . . wt−n+2, wt−n+1) > 0 (6)

|V|

∑
i=1

f (wt, wt−1, . . . wt−n+2, wt−n+1) = 1 (7)

The word vector model converts input words into vec-
tor representations, which can also be understood as a
mapping relationship. This mapping is denoted by C, so
C (wt−1) signifies the word vector of wt−1. The expres-
sion p

(
wi = i | wi−1

i

)
displays the probability of the i th

element in the vector. In the model, it is necessary to maxi-
mize the value of the logarithmic likelihood function [23],
as displayed in Eqs. (8) and (9).

http://opus.nlpl.eu/
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L =
1
T ∑

t
log f (wt, wt−1, . . . , wt−n+1; θ) + R(θ) (8)

f (x) = b + Wx + U tanh(d + Hx) (9)

Among them, wt, wt−1, . . . , wt−n+1 refers to the input of
the model, and the word vectors C (wt−1) for the remaining
words can be obtained through C. To control the range of
output values, the output of the word vector model is input
into the SoftMax function, as shown in Eq. (10).

p (wt | wt−1, . . . , wt−n+1) =
eyw,i

∑i eyi
(10)

The input text corpus is mapped to the mapping layer
through accumulation, and the model has no hidden layer.
Therefore, after the text passes through the Continuous Bag
of Words (CBOW) model, the output is the semantic in-
formation of the text sequence [24–27], which significantly
enhances the computational speed. The CBOW model pro-
cesses the obtained vector through an activation function to
get the probability formula for the target word. The word
with the highest probability is the predicted target word,
as displayed in Eq. (11).

P(ω | c) =
exp

(
e′(w)T x

)
∑w′∈V

(
e′ (ω′)T x

) (11)

The Skip-Gram model first obtains a word vector from
the vocabulary [28], and then displays the surrounding
context word vector through the word vector of the target
word. Its objective function is displayed in Eq. (12).

max

 ∑
(ω,c)∈D

∑
ωj∈c

log P
(

ω | ωj

) (12)

This completes the feature derivation of Korean transla-
tion using Word2Vec.

3.2. Korean Text Sentiment Classification

Deep Pyramid Convolutional Neural Network (DPCNN)
is a low-complexity deep convolutional neural network
(DCNN) that can capture interrelated information from
text and obtain richer and deeper emotional information in
the text. Moreover, the computational complexity of each
layer of this model is significantly reduced compared to
traditional patterns.

DPCNN mainly uses text region embedding for word
vector representation, which is unsuitable for handling sig-
nificant data situations. Simultaneously, this word vector
representation method cannot fully understand the emo-
tional information in the text. Considering that the fusion
of multiple model attributes can improve the classification

performance and effectiveness of the model, this section
obtains word vectors. Compared to using DPCNN text
region embedding to obtain word vector representations,
it can capture richer semantic information in the text [29].
After receiving word vectors through the Bidirectional En-
coder Representations from Transformers (BERT) model,
the word vectors are input into DPCNN for deep feature
derivation. The BERT model is combined with DPCNN to
complete the task of text sentiment classification, further
enriching the emotional-semantic representation of the text.
The structure of the text sentiment classification algorithm
drawing on BERT-DPCNN is displayed in Fig. 4, which
includes an input layer, a feature derivation layer, a pooling
layer, a fully connected layer, and an output layer.

Fig. 4. Structure diagram of the BERT-DPCNN text
sentiment classification algorithm

The first layer is the input layer, which inputs the sen-
timent dataset into the word vector model. This section
uses the BERT word vector model. The BERT model has
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already learned the emotional features contained in the
text through the pre-training stage, so the classified text
can obtain word vectors containing the emotional features
of the text after passing through the BERT model [30].

The BERT-DPCNN model first converts each word in
the input text into a word vector Xi, as displayed in Eq.
(13), where Xni implies the word vector of the n-th word in
the i-th sentence. Then, the word vectors are concatenated
to obtain a word vector matrix, as displayed in Eq. (14).

Xi = (X1i, X2i, . . . , Xni) (13)

Xi = (X1i ⊕ X2i ⊕ . . . ⊕ Xni) (14)

CNNs can obtain local semantic information of the text
to be classified through convolutional operations, but can-
not obtain long-distance semantic details of the text to be
classified. Therefore, DPCNN deepens the network to get
a more profound semantic representation richness of the
text to compensate for the disadvantage of CNNs not be-
ing able to obtain long-distance semantic information of
the text to be classified, and to achieve better classification
outcomes. Input the word vector matrix X output by the
BERT model into the DPCNN model, and a DCNN for
equal-length convolution is used to generate text features.
Equal-length convolution means that the sequence length
remains unchanged after the convolution operation. In this
model, the size of convolution strides is indicated in former
and subsequent convolutions by a parameter equal to 3 .
This means the current word can obtain semantic informa-
tion from the three adjacent words following a convolution
of the same length. This way, the current word contains
contextual semantic information, thereby obtaining deeper
semantic information. The text features generated by the
word vector matrix X are displayed in Eq. (15), where b
denotes the deviation and f displays the ReLU nonlinear
activation function [31]. The final obtained text features are
displayed in Eq. (16).

Ci = f (WXi + b) (15)

C = C1 ⊕ C2 ⊕ . . . ⊕ Cn (16)

The DPCNN model performs two equal-length convo-
lution operations on the concatenated word vector matrix,
then adds the word vector matrix to the result of the equal-
length convolution, performs a 1/2 pooling operation, and
repeats the equal-length convolution operation. The maxi-
mum pooling operation is performed on the result of equal-
length convolution, as displayed in Eq. (17). The maximum
pooling operation can alleviate the problem of vanishing
or exploding gradients caused by small weights [32–34].

Finally, the obtained text sentiment information is concate-
nated and linearly transformed through a fully connected
layer, which is then passed through a SoftMax layer to
output the predicted sentiment classification polarity. Posi-
tive and negative polarities represent the two classification
outcomes, and the sum of polarities is 1, as displayed in
Eqs. (18) and (19). Among them, i displays the polarity of
sentiment classification, and zi = WXi + b.

Pmax (17)

σi(z) =
ezi

∑m
j=1 ezj

(18)

j

∑
i=1

σi(z) = 1 (19)

The loss function of the model adopts Cross Entropy loss
function. The cross-entropy loss function can effectively
reflect the deviation between the model prediction proba-
bility distribution and the real label. The smaller the cross
entropy, the higher the accuracy of model classification, as
shown in Equations (20) and (21).

loss = −a
1
n

n

∑
i=1

yi(ln a) + (1 − yi) ln(1 − a) (20)

P(y = 1 | x) = a, a =
1

1 + e−x (21)

In model optimization, we use the Adam optimizer.
Adam optimizer combines the advantages of momentum
and adaptive learning rate, and can usually achieve fast
and stable convergence in practice. The loss function is min-
imized by the Adam optimizer, and the weight and bias
parameters of the model are iteratively updated to obtain
the best classification effect. Drawing on this, the classifi-
cation outcomes of Korean translation texts are obtained,
and based on them, the emotional-semantic matching of
Korean translation texts is performed.

3.3. Deep Emotional-Semantic Matching of Korean-
Translated Texts

After obtaining the feature derivation outcomes of the Ko-
rean translation article, analyze the emotional tendency
of the Korean translation article, extract the emotional ten-
dency features of the Korean translation article, and achieve
deep emotional-semantic matching of the Korean transla-
tion text.

Construct a semantic matching model for translated text
through sentence representation, use the Siamese archi-
tecture to encode the overall semantic information of sen-
tences, construct a complete sentence representation, and
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then achieve sentence matching. Specifically, the model
first uses a representation layer to encode sentence vectors,
then a matching layer to calculate the degree of correla-
tion between two statement representation vectors, and
finally a decision layer to infer the matching relationship
between the two statements. The most crucial part is the
representational construction of text statements. As much
sentence information as possible should be integrated into
the sentence vector in constructing text-statement represen-
tations. High-quality statement representation is of great
help for subsequent matching analysis and can also affect
the performance of the matching model.

Fig. 5. Text statement matching drawing on statement
representation

The advantage of a matching model based on sentence
representation is that it can preprocess text data, and the
model is better at understanding the overall semantic infor-
mation of sentences. The disadvantage is that the semantic
perception ability of local words is weak, and it is easy
to overlook the corresponding relationships between es-
sential words. Considering that most high-performance
patterns in existing statement representation schemes draw
on attention mechanisms to represent statement vectors,
the model suggested in this paper draws on self-attention
mechanisms to construct a representation of statements.
However, the selfattention mechanism is imperfect, and
there are still some problems in constructing vector repre-
sentations of statements drawing on this approach. There-
fore, this article introduces emotional spatial position per-
ception vectors for deep emotional-semantic matching of
Koreantranslated texts.

When constructing sentence representation, this paper
introduces an emotional space position perception vector
to achieve deeper matching. The core of this vector is to
simulate the common influence of emotional differences
and relative positions between words on semantic under-
standing when reading.

Emotional difference: refers to the degree of difference
between any two words in a sentence in terms of emotional
polarity. Calculate an emotional intensity score for each
word through a pre-trained emotional dictionary (for ex-
ample, positive words are +1 , negative words are -1 , and
neutral words are 0 ). Meaning is the absolute value of the
difference between their emotional intensity scores. The
smaller the emotional difference, the more consistent the
emotional tendency of the two words, and the higher the
possibility that they express a certain point of view together
in semantics.

Location information: refers to the relative distance be-
tween words in a sentence. Given a central word, the rel-
ative position of another word with it is defined as the
difference of the index numbers of the two words in the
sequence. Adjacent words usually have stronger semantic
relevance.

In this study, ’Emotional Difference’ and ’Position’
were well established and integrated in the framework
of ’Emotional-Semantic Matching’. To evaluate and vali-
date the contributions of ’Emotional Difference’ and ’Po-
sition’ in the framework of ’Emotional-Semantic Match-
ing’, an ’Ablation Study’ was conducted, in which one or
more components were removed from the framework, and
their individual contributions were evaluated. The config-
urations used in this study were: (1) ’Without Emotional
Difference’, in which ’Emotional Difference’ was removed
from the framework, and ’Position’ was used in ’Emotional-
Semantic Matching’, (2) ’Without Position’, in which ’Po-
sition’ was removed from the framework, and ’Emotional
Difference’ was used in ’Emotional-Semantic Matching’,
and (3) ’Full Model’, in which ’Emotional Difference’ and
’Position’ were used in ’Emotional-Semantic Matching’.
The results of the evaluation in this study show that the
performance of the model was improved using ’Emotional
Difference’ and ’Position’ in ’Emotional-Semantic Match-
ing’.

Generally speaking, a sentence contains two types of
information: objective and subjective. The former is an
account that is based on evidence and not opinions. In
contrast, the latter expresses personal viewpoints, which
can be of different kinds and may be opinionated or objec-
tive. Texts generated online based on users’ comments and
interactions often contain rich subjective emotional infor-
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mation. Extracting these emotional attributes from the text
can aid in gaining a deeper understanding of the semantic
information expressed by these sentences. The emotional
orientation features in sentences are vital in analyzing and
interpreting sentence semantics and are beneficial for align-
ing text with sentences. However, the emotional informa-
tion that is subjective and taken from such paragraph-level
emotional tendencies does not specify the topic. Thus, per-
forming a more detailed aspect-level sentiment analysis in
sentences is crucial for extracting more specific emotional
features. This approach aims to more comprehensively and
deeply reflect a sentence’s semantic information and bet-
ter accomplish matching text with sentences. Drawing on
the characteristics of sentence-matching tasks, this article
considers extracting emotional orientation features from
two perspectives: utilizing emotional differences across
sentences and leveraging emotional differences within sen-
tences.

Consider utilizing emotional differences across sen-
tences, focusing on word interaction between sentences.
Firstly, drawing on human reading habits, this article pro-
poses a Gaussian distribution hypothesis that reflects the
semantic dependence of words. Then, aspect-level emo-
tional differences are used as prior knowledge to modify
this distribution, making it more in line with the depen-
dency relationships in the emotional space. Finally, this
article proposes a focus mechanism utilizing the spread of
aspect-level emotional variations, introducing
information on emotional differences in cross-sentence
analysis.

The initial dot product focus mechanism is defined as:

sore (st, ht) = sT
t hi (22)

In the original dot product attention mechanism, at the
beginning of the dot product method, what happens to
the sentence x when the attention weight is between two
words xi and xj in the sentence is as follows:

Compi,j = Softmax
(

xi, xj

)
(23)

Subsequently, the attention vector is derived through
computing:

x̃i = ∑
j

Compi,j xj (24)

This article proposes a method for understanding sen-
tences that integrates multiple features to address the limi-
tations of the dot product attention mechanism in captur-
ing semantic dependencies without considering emotional
and positional differences between words. In daily read-
ing habits, readers assimilate various information features

to comprehend sentences. Positional information between
words is crucial for semantic understanding, and emotional
differences influence subjective opinions expressed in sen-
tences. Specifically, words with similar emotional tenden-
cies are more likely to convey similar semantics.

This approach adopts a projection pattern in the word
vector encoding space to enhance the expression of these
dependency relationships, projecting words into an emo-
tional distribution space based on aspect-level emotional
features. In this emotional space, the positions of words
indicate their emotional polarity. Words closer together
in emotional space are more likely to express similar se-
mantics. For instance, in Fig. 1, centered around word_2,
word_1, which is near the central word, is more likely to
share semantic similarity. At the same time, word_3, which
is farther away, is unlikely to exhibit semantic similarity
with the central word. Moreover, because the dot product
focus mechanism neglects the positional relationship be-
tween words when calculating attention weights, it fails to
capture the locally structured positional information within
a sentence.

Fig. 6. Link between word distance and semantic
similarity possibility

To incorporate aspect-level emotional differences into
calculating attention weights, it’s essential to integrate de-
pendency information from neighboring words in the emo-
tional space. This approach aims to enhance the original
attention mechanism by considering emotional differences
across words in the same sentence. This paper proposes an
improved attention mechanism that adjusts the dot prod-
uct attention using a Gaussian distribution to account for
semantic impacts based on positional distances and emo-
tional differences. The method begins by selecting a cen-
tral word and assumes that the effect of words at diverse
locations in the emotional space follows a Gaussian distri-
bution. Leveraging aspect-level emotional differences as
prior knowledge, this mechanism corrects the weights of
semantic impacts from other words on the central word.
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Its probability density function is ϕ(d) = e−πd2
, where

d implies a random variable representing emotional dif-
ferences between words. The variance of the standard
Gaussian distribution is σ2 = 1/(2π). A sentiment clas-
sification dictionary can be trained using movie review
data to incorporate aspect-level emotional differences into
calculating attention weights. This dictionary allows for
analyzing sentence-level sentiment features and calculating
emotional differences between words. Next, this emotional
difference function is integrated into the initial dot product
attention mechanism to revise the impact of words at di-
verse locations in the emotional space on semantics. This
correction introduces aspect-level emotional variation in-
formation into the attention weight computation process:

x̃i = ∑
j

ϕ
(

di,j

)
com Pi,j

Z1
xj

= ∑
j

e−d2
i,j e(xi ·xj)

Z1
xj

= ∑
j

e−d2
i,j+(xi ·xj)

Z2
xj

(25)

Among them, Z1 = ∑k ϕ
(
di,k

)
compi,k and Z2 =

∑k e−d2
i,k+(xi ·xk) are regularization factors. The equation

is used to change a normal distribution into a Gaussian
distribution using the bias term method that allows more
product operations to be involved according to various
levels of simplification. However, if the variance of the
Gaussian distribution misaligns with a standard normal
distribution, then the necessity to introduce one more vari-
able w emerges to ensure that the formula does not lose its
effect.

x̃i =

∑2
i,jijj

∑
j

Softmax (26)

This paper proposes introducing an emotional spatial
location awareness vector into the pattern to model aspect-
level emotional differences and positional information be-
tween words within the same sentence. Building on the
Gaussian distribution introduced earlier, this module con-
structs sentiment spatial location awareness vectors uti-
lizing the presumption of a Gaussian distribution. This
approach enables the model to capture interactive de-
pendency effects from aspect-level emotional disparities
among sentence words. The computational framework for
sentiment spatial location awareness dependency, leverag-
ing the Gaussian distribution assumption, is:

Gaussian(n) = exp
(
−n2

2γ2

)
(27)

Among them, n displays the aspect-level emotional dif-
ferences of words, and γ displays the positional informa-
tion of words. During the model training process, prepro-
cessing the statement data involves representing each word
in the statement as a vector. Consequently, a matrix can
be employed to depict the perceptual dependency of emo-
tional spatial positions across diverse dimensions of word
vectors:

P(i, γ) = N
(
Gaussian(n), σ′) (28)

Here, N denotes the Gaussian distribution, σ′ signifies
the standard deviation, and p(i, γ) displays the reliant in-
fluence of the i-th dimension of the word at position γ.
Matrix P is the sentiment spatial position perception influ-
ence - the effect is the whole sentence. The influence vector
of a particular word is represented within each column in a
dimension of the matrix P, while the vector representation
Pj ∈ Rdp of each word in the sentence is associated with
these vectors. This perfect frame clarifies the relationship
between words based on the emotive spatial positional
perception.

Fig. 7. Emotional Space Position Perception Vector

Thus, the sentiment spatial position perception vector
of the Korean-translated text is obtained, and it is used as
input for the user preference model in the following text
to correct the sentiment-semantic matching of the Korean-
translated text through user preferences.

4. results and discussion

4.1. Experimental Design

(1) Experimental Dataset
In this experiment, Lcqmc (large-scale Chinese question

matching corpus) and BQ(Bank Question) intelligent finan-
cial customer service question matching dataset are used
for model training and evaluation. The LCQMC data set
contains 260068 text pairs, including 238766 training sets,
8802 development sets, and 12500 test sets. BQ data set
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contains 120,000 text pairs, including 100,000 training sets,
10,000 verification sets, and 10,000 test sets. Each piece of
data consists of two texts and a binary label: 0 indicates that
the two texts are semantically mismatched, and 1 indicates
that they are semantically matched.

It should be noted that the datasets used in this study
are all pure text corpora and do not contain images, audio,
or other multimodal data. The construction and use of
data sets follow the common settings of semantic matching
tasks in the field of natural language processing, and are
suitable for the emotional semantic matching method based
on user preferences and freshness proposed in this paper.
In addition, Korean-English translation pairs from OPUS
Parallel Corpus (http://opus.nlpl.eu/) are used for feature
extraction of Korean translation texts. This corpus is an
open multilingual parallel corpus resource, which is widely
used in machine translation and cross-language semantic
matching research.

The OPUS Korean-English Parallel Corpus is used in
feature extraction, whereby there are pairs of high-quality
text data in different languages, e.g., Korean and English.
This corpus is essential in the training of the emotional
semantic matching feature, especially in the translation of
Korean texts. The Korean text is split into individual words,
whereby each word is represented as a high-dimensional
vector based on the Word2Vec Model, whereby the Skip-

Gram method is used to represent the semantic and
syntactic meaning of the words based on the context. This
plays a vital role in the representation of the context of the
Korean text in the subsequent emotional semantic matching
feature. In addition, the Korean-English parallel corpus
is used in training the model, whereby the Korean text is
translated into English, ensuring that the translated text
represents the emotional context of the Korean text during
translation.

(2) Experimental Environment Settings

This chapter’s experiment is mainly based on the Python
language and the DL framework PyTorch. Table 1 displays
the specific environment settings.

Software and script: DataLoader class of PyTorch 1.11.0
is used for data loading, and num_workers=8 is set to
use multi-process parallel data loading to minimize the
waiting time of data transmission from CPU to GPU. The
data preprocessing script is based on KoNLPy (for Korean
word segmentation) and the Hugging Face Transformers
library (for BERT word vectorization).

(3) Large-scale data processing flow

Large-scale data processing flow is as follows:

Block reading and streaming: 100 GB of data cannot
be loaded into memory at one time. A user-defined data

iterator is written to read the large-scale Korean text data
(in. txt or. csv format) stored on the hard disk in chunks,
and only one batch of data is loaded into the memory for
processing at a time.

The semantic matching time reported includes the
whole pipeline of the process. This includes a number
of steps involved in the process. These steps are I/O opera-
tions, tokenization, BERT encoding, and finally the match-
ing step. In I/O operations, the whole process of reading
the data from the disk and loading the data into the mem-
ory is included. In tokenization, the text data is divided and
further processed. In BERT encoding, the text data repre-
sented as tokens is encoded into a high-dimensional space
using a pre-trained BERT model. Finally, in the matching
step, the semantic similarity between the source and target
text is calculated.

Pretreatment and vectorization: after loading each batch,
Korean word segmentation and BERT word vector extrac-
tion are carried out immediately. The processed vectorized
data is directly sent to the GPU for calculation, and then the
memory occupied by this batch is released, and the next
batch is loaded.

Indexing mechanism: a memory index is established for
all data files, and the position offset of each data sample
on the hard disk is recorded. This enables Data Loader
to quickly and randomly access any batch of data with-
out traversing the whole file in sequence, which greatly
improves the data I/O efficiency.

Model reasoning configuration: In order to accurately
measure the matching time, the model is set to reasoning
mode (model.eval ()), and the automatic mixing accuracy
of CUDA graphics capture and PyTorch is enabled to speed
up GPU calculation. The Batch Size is set to 128, which
is determined after many experiments, and can achieve
the highest throughput under the memory capacity of RTX
3090.

4.2. Model Training

This chapter primarily utilizes the PyTorch framework to
construct and train the model. The cross-entropy loss func-
tion employed is included in the torch. The nn toolkit is re-
sponsible for calculating the model’s loss. The parameters
are then optimized and updated using the Adam optimizer
from torch. optim package. Given the model’s size and the
dataset’s relatively small size, the experiment is trained for
only three epochs to mitigate overfitting. However, due
to the limited training rounds, saving model weights af-
ter each epoch may not yield the optimal model weights.
Therefore, model evaluation on the development set is con-
ducted every 100 batches during training to refine and ob-

http://opus.nlpl.eu/
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Table 1. Experimental environment settings

Software and Hardware Configuration
Operating system Ubuntu 20.04.4 LTS

Advancement tools and languages Pycharm and Python
DL framework PyTorch 1.11.0

GPU NVIDIA GeForce RTX 3090 24G
CPU Intel® Core TM i9-9900K CPU @ 3.60GHz × 16

Memory 64G

tain the optimal weights. Once trained, the optimal model
weights are applied to the test set for final evaluation. Loss
changes on the LCQMC and BQ training sets during model
training are depicted in Figs. 8 and 9, respectively.

Fig. 8. Changes in loss of LCQMC training set

Fig. 9. Changes in BQ training set loss

Fig. 8 presents a monotone decreasing and fast con-
vergence pattern. In the initial stage, the loss value drops
sharply from the high point, which indicates that the model
has been adjusted quickly and effectively through back
propagation and Adam optimizer in the initial stage, and
the loss curve tends to be flat and stable at a very low level
in the subsequent stationary convergence period, which
indicates that the model has successfully mastered the
semantic matching law in LCQMC data set. The whole

curve shows no signs of over-fitting, and the training loss
does not fluctuate sharply, which proves the strength of the
BERT-DPCNN feature extraction module and lays a solid
foundation for subsequent emotional semantic matching
and user preference correction.

Fig. 9(BQ training set loss change chart) shows a healthy
and stable downward trend, but compared with LCQMC,
its convergence speed is slightly slower, and the curve has
slight and reasonable fluctuations. In the period of rapid
decline and fluctuation, the overall trend of loss value is
downward, but there is obvious "sawtooth" fluctuation.
This is because BQ Corpus is a professional data set in the
financial field, and its terminology and semantic logic are
more complicated, so the model needs more time to learn
the subtle differences in these specific fields. After this
period of fluctuation learning, the curve finally converges
to a low point smoothly. This small fluctuation is normal
and healthy when training complex models to deal with
complex data, which reflects the process of the optimizer
actively exploring the optimal solution in the rugged "loss
function terrain" and proves that the model has not fallen
into mediocre local optimization. The model can success-
fully converge on more challenging financial data, which
strongly proves the robustness and generalization ability
of your proposed method.

In this research, the optimizer used is Adam. The con-
figuration of the training process is based on certain main
hyperparameters, e.g.,

• The selection of the learning rate, e.g., 0.001 .

• The selection of weight decay, e.g., 0.01 .

• The selection of batch size, e.g., 32, for the training
process.

Submission Template to Journal of Applied Science and
Engineering

• The selection of epochs, e.g., 3, for the training process.

• The selection of other hyperparameters, e.g., dropout,
etc.
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The above was based on initial experiments and fine-
tuning of these hyperparameters to ensure convergence
and good performance.

Feature extraction from the preprocessed data was car-
ried out using only the OPUS Korean-English Parallel
Corpus. The OPUS Korean-English Parallel Corpus con-
tributed significantly to the extraction of vital cross-lingual
linguistic features from the Korean language corpus, which
facilitated the successful training of the machine learning
models.

However, it is essential to note that the OPUS Korean-
English Parallel Corpus played no role in the evaluation
phase of the experiments. To evaluate our proposed se-
mantic matching model, we relied on the LCQMC and BQ
datasets.

OPUS Korean-English Parallel Corpus: Used exclu-
sively in the feature extraction phase for linguistic rep-
resentation learning.

LCQMC and BQ: Utilized in the evaluation phase for
labeled dataset generation.

4.3. Experimental Outcomes

4.3.1. Semantic matching precision

To verify the semantic matching effectiveness of the Ko-
rean translation text using the method suggested in this
article, comparisons were made with the method proposed
by Batbaatar et al. and the method proposed by Pieroni
et al. Semantic matching accuracy refers to the ability of
the system to accurately understand and convey the emo-
tional color of the original text and match it with the user’s
emotional preference in the process of Korean text trans-
lation. This requires that the translation system can not
only accurately translate the literal meaning of the text,
but also capture and transmit the emotional information
in the text to ensure that the translation results meet the
emotional expectations of users. The measurement method
is to construct a dictionary containing common emotional
words and their emotional polarity (positive, negative and
neutral) and emotional intensity, analyze the original text
and translation results, extract the emotional features, and
calculate the semantic matching accuracy by using the emo-
tional dictionary and the extracted emotional features. The
formula is:

Precision =
P1
P2

× 100% (29)

Among them, P1 represents the number of samples that
really match, which is the number of samples that are pre-
dicted to match and actually do match; P2 represents the
number of samples predicted to be matched, which is the
number of all samples predicted to be matched, regardless

of whether these predictions are correct or not. According
to formula (25), the semantic matching accuracy of the Ko-
rean translation text of the three methods is calculated, the
outcomes are displayed in Table 2.

Table 2 shows that with a Korean text volume of 100 GB
, the semantic matching precision of the Korean translation
text using the method proposed by Batbaatar et al is 68.2%,
the method proposed by Pieroni et al is 72.8%, and that
of this paper is 99.2%. With a Korean text volume of 300
GB , the precision using the method proposed by Batbaatar
et al is 72.6%, the method proposed by Pieroni et al is
69.5%, and this paper’s method is 99.5%. With a Korean
text volume of 600 GB , the precision using the method
proposed by Batbaatar et al is 72.9%, the method proposed
by Pieroni et al is 69.0%, and this paper’s method is 98.5%.
These outcomes demonstrate that the suggested framework
significantly enhances the semantic matching precision of
Korean translation texts.

4.3.2. Semantic matching time consumption

The efficiency of semantic matching in Korean-translated
text was evaluated using the method suggested in this
paper, and comparisons were made with frameworks from
the method proposed by Batbaatar et al and the method
proposed by Pieroni et al, including the semantic matching
times. The outcomes are displayed in Table 3.

According to Table 3, when the volume of Korean text is
100 GB , the semantic matching time for Korean translation
text using the method proposed by Batbaatar et al is 11.6
s, using the method proposed by Pieroni et al is 10.5 s ,
and using the method suggested in this paper is 0.6s. For
300 GB of Korean text, the semantic matching times are
18.9 s, 22.8 s, and 1.9 s , respectively. When the volume
increases to 600 GB , the times are 32.6 s, 42.5 s, and 3.6 s
. The method suggested in this article effectively reduces
matching time and enhances semantic matching efficiency.

5. conclusions

This paper puts forward the emotional and semantic match-
ing of Korean text translation considering user preference
model and freshness, which is of inestimable value for
improving translation quality, enhancing user experience
and promoting cross-cultural communication. Through the
comprehensive application of user preference model, fresh-
ness evaluation and emotional semantic matching tech-
nology, Korean text translation can not only achieve accu-
rate language conversion, but also cross the boundaries
between culture and emotion to achieve real communica-
tion and understanding. Through experiments, we can
know that:
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Table 2. Semantic matching precision of Korean translation text

Korean text
volume/GB

Semantic matching precision of Korean translation text/%
The method proposed

by Batbaatar et al
The method proposed

by Pieroni et al The suggested framework

100 68.2 72.8 99.2
200 69.5 70.6 98.6
300 72.6 69.5 99.5
400 75.1 68.5 99.6
500 76.3 66.9 99.2
600 72.9 69.0 98.5

Table 3. Semantic matching time consumption

Korean text
volume/GB

Korean translation text semantic matching time/s
The method proposed

by Batbaatar et al
The method proposed

by Pieroni et al The suggested framework

100 11.6 10.5 0.6
200 16.9 15.9 1.2
300 18.9 22.8 1.9
400 22.8 32.6 2.3
500 28.5 38.1 2.9
600 32.6 42.5 3.6

(1) The semantic matching accuracy of Korean transla-
tion text based on this method can reach 99.6%;

(2) The semantic matching of Korean translation text
takes 3.6s under this method;

(3) This method can effectively improve the matching
accuracy and semantic matching efficiency.

Looking forward to the future, the field of Korean text
translation will usher in unprecedented changes. With the
continuous progress of artificial intelligence, big data and
natural language processing technology, the emotion se-
mantic matching technology considering user preference
model and freshness will become more mature and popu-
lar. The future translation system will no longer be just a
simple tool for language conversion, but an intelligent part-
ner who can understand the deep-seated needs of users,
keep up with the trend of the times and accurately convey
emotional colors.

(1) In terms of personalized translation, the future sys-
tem will be able to provide tailormade translation experi-
ence for each user through more detailed user portrait and
preference analysis. Whether it is the rigor of academic
research, the professionalism of business
communication, or the ease and naturalness of daily con-
versation, it can be properly translated and presented. This
highly personalized translation service will greatly enhance
users’ satisfaction and loyalty.

(2) In terms of freshness maintenance, the translation
system will be able to track the hot topics, popular trends
and emerging words around the world in real time to en-
sure that the translated content always keeps pace with the

times. Through intelligent data mining and prediction al-
gorithms, the system can predict in advance and integrate
into the future language changes, so that the translation
results will always remain cutting-edge and innovative.

(3) In terms of emotional semantic matching, with the
in-depth development of emotional analysis technology,
the translation system will be able to capture and convey
the emotional color in the original text more delicately.
Whether it is joy, sadness, anger or surprise, it can be accu-
rately translated and expressed. This kind of emotional
resonance and understanding will greatly promote the
emotional communication and spiritual communication
between people in different cultural backgrounds.
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