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I. INTRODUCTION  

In contemporary society, conflicts driven by national, 
racial, religious, and generational divides are escalating 
globally. Among these, generational conflict has become a 
critical social concern in South Korea. According to a 2025 
national survey, nearly 80% of respondents identified 
generational conflict as a serious issue, primarily attributing 
it to communication barriers and collaboration difficulties 
across age groups [1]. Notably, these challenges extend 
beyond differences in value systems, originating from 
fundamental discrepancies in linguistic expression patterns 
and communication modalities between generations. 

The proliferation of internet-based platforms and social 
media has significantly accelerated the emergence and 
diffusion of neologisms, which now serve as integral 
components of everyday communication, transcending 
conventional generational boundaries [2]. In the South 
Korean context, neologisms are extensively utilized across 
mass media, broadcasting, and public discourse, func-
tioning as key linguistic elements that shape socio-cultural 
interaction [3]. However, intergenerational disparities in the 
recognition, comprehension, and utilization of neologisms 

persist, exacerbating inequalities not only in the trans-
mission but also in the interpretation and accessibility of 
information [4]. Conventional approaches to neologism 
detection primarily rely on static dictionary-based meth-
odologies, where unregistered word forms are identified by 
comparing word frequencies within a target corpus against 
pre-defined lexicons [5]. While such methods are effective 
in detecting neologisms with high linguistic stability, they 
exhibit significant limitations in capturing transient, 
context-sensitive, and rapidly evolving expressions chara-
cteristic of dynamic online language environments [6]. 
Moreover, these approaches lack adaptability to account for the 
real-time linguistic innovation cycles prevalent in digital 
communication spaces. 

These methodological limitations directly impede efforts 
to address generational communication gaps. As neologisms 
function increasingly as context-dependent linguistic enti-
ties rather than stable lexical units, their effective detection 
requires understanding semantic roles within discourse 
structures—a capability beyond frequency-based lexical 
matching. Addressing this challenge necessitates app-
roaches that can capture both contextual nuances and 
temporal dynamics of evolving expressions, particularly 
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within the rapidly shifting linguistic landscape of digital 
communication. 

Accordingly, the present study defines two core 
limitations underlying existing methodologies: (1) the 
inability to accommodate the temporal volatility and context 
dependency inherent in neologism generation and disse-
mination; and (2) the amplification of intergenerational 
linguistic asymmetries, which impairs effective comm-
unication and perpetuates disparities in information 
accessibility. To overcome these limitations, we propose a 
deep learning-based Named Entity Recognition (NER) 
framework optimized for the detection of neologisms 
within context-sensitive environments. The proposed 
model is trained on a large-scale Korean web corpus [7], 
predominantly composed of news media content, and 
annotated with seven entity categories: Organization (OG), 
Artifact (AF), Civilization (CV), Field of Study (FD), 
Theory/Rule (TR), Term (TM), and Neologism (NW). The 
integration of neologism detection within a multi-entity 
recognition architecture enhances the model’s gene-
ralizability and practical applicability across diverse 
linguistic settings, contributing to the mitigation of 
generational communication gaps. 

To evaluate the robustness and performance consistency 
of the proposed model under varying data distributions, 
three dataset variants were constructed: Original, Balanced, 
and Uniform. The model architecture employs KoELE-
CTRA [8], a Korean language-adapted version of the 
Transformer-based ELECTRA framework [9], pre-trained 
primarily on news corpora to optimize the recognition of 
structured linguistic patterns and context-dependent 
expressions. Experimental results indicate that the proposed 
model achieves a macro-averaged F1-score of 0.88 and a 
neologism-specific F1-score of 0.91 under the Balanced 
dataset configuration, demonstrating superior performance 
in detecting evolving and contextually grounded linguistic 
forms. These findings validate the model’s capacity to 
address the limitations of conventional dictionary- or rule-
based approaches and highlight its potential to facilitate 
intergenerational linguistic integration, thereby promoting 
equitable information access and enhancing efficiency in 
social communication. 

 

II. RELATED WORK 

2.1. Neologism Collection 

Traditional approaches to neologism collection have 
primarily relied on extracting candidate terms from various 
online platforms, including internet communities, blogs, 
social media, and collaborative knowledge bases such as 
Wikipedia [4]. In this process, words that exhibited low 
frequency within the collected corpus and were absent from 

existing dictionaries were flagged as potential neologisms. 
These candidates were then compared against curated 
lexicons comprising well-defined terms to finalize the 
neologism list [10]. Through iterative refinement, existing 
dictionaries were either expanded or updated to incorporate 
newly identified expressions. 

However, neologisms in contemporary digital enviro-
nments exhibit inherently unstable life cycles, characterized 
by rapid emergence, dissemination, and disappearance. 
Their meanings and usage patterns are highly fluid, often 
varying across timeframes, online subcultures, and comm-
unities. Consequently, static lexicon- or rule-based methods 
struggle to effectively capture this linguistic volatility. 
Furthermore, neologisms frequently manifest in diverse 
forms—including low-frequency tokens, intentional miss-
pellings, abbreviations, hybrid structures, and combinations 
with emojis—complicating their detection through standardized 
pattern recognition techniques. The semantic ambiguity or 
polysemy associated with many neologisms presents 
additional challenges for deep learning models, particularly 
concerning the acquisition of sufficient, high-quality annotated 
data required for accurate embedding learning [10]. 

 
2.2. Named Entity Recognition 

Named Entity Recognition (NER) is a fundamental 
subtask in natural language processing (NLP) that involves 
identifying and classifying entities within unstructured text, 
including persons, locations, organizations, temporal expr-
essions, and domain-specific entities such as chemical 
compounds or pharmaceutical products [11]. NER serves as 
a critical preprocessing step for a wide range of downstream 
NLP tasks, including question answering, information 
retrieval, coreference resolution, and topic modeling. 

Initial research in NER predominantly utilized rule-
based approaches, leveraging handcrafted semantic, 
syntactic, and pattern-based rules in conjunction with 
domain-specific dictionaries. While these methods achie-
ved high precision within narrow domains, they suffered 
from limited scalability and low recall, primarily due to the 
incompleteness of lexicons and the rigidity of manually 
crafted rules [12]. 

The advent of deep learning has significantly advanced 
NER methodologies, with neural network-based models 
demonstrating superior performance over traditional rule-
based systems [12]. In particular, the Bidirectional Long 
Short-Term Memory with Conditional Random Fields 
(BiLSTM-CRF) architecture has become a widely adopted 
framework, effectively capturing bidirectional contextual 
dependencies within sentences and improving sequential 
labeling accuracy [13]. 

As illustrated in Fig. 1, deep learning-based NER models 
generally consist of three core components: input 
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representation, contextual encoding, and tag decoding [12]. 
The input representation layer generates high-dimensional 
vector representations of words by integrating multiple 
features, including word embeddings, character-level emb-
eddings, part-of-speech (POS) tags, and external gazetteer 
information. The context encoding layer, typically imple-
mented using Recurrent Neural Networks (RNNs) or 
Convolutional Neural Networks (CNNs), employs mecha-
nisms such as Long Short-Term Memory (LSTM) or 
Bidirectional LSTM (BiLSTM) networks to effectively 
capture long-range dependencies within the text [13-15]. To 
further enhance sequence-level consistency in label predictions, 
a Conditional Random Field (CRF) layer is incorporated, 
modeling transition probabilities between tags [13]. 

More recently, the introduction of pre-trained language 
models and Transformer-based architectures has revol-
utionized NER by enabling context-aware representation 
learning without the need for manual feature engineering. 
These models, trained on large-scale corpora, acquire 
generalized linguistic knowledge that facilitates high-
performance NER, even in scenarios with limited labeled 
data [16]. Their ability to effectively capture complex 
semantic relationships has significantly improved NER 
accuracy across diverse languages and domains. 

 

III. METHODOLOGY 

3.1. Data Set 

The dataset utilized in this study is a large-scale, web-
based Korean corpus comprising approximately one billion 
words, released in 2021. The corpus primarily consists of 

news articles spanning 17 thematic categories, including 
society, culture, science, and economics. To facilitate entity 
recognition tasks, the dataset was annotated with seven 
entity types: Organization (OG), Artifact (AF), Civilization 
(CV), Field of Study (FD), Theory/Rule (TR), Term (TM), 
and Neologism (NW). The annotation process was 
conducted using an automated authoring tool to ensure 
large-scale consistency. For neologism tagging, only newly 
emerging terms that appeared with a certain frequency but 
were absent from standardized Korean dictionaries were 
labeled accordingly. 

Given the inherent ambiguity and inconsistency in the 
definition of neologisms in prior works, this study 
established explicit classification criteria to ensure consi-
stency and clarity in neologism identification. Specifically, 
neologisms were strictly limited to the following 
categories: 

 
 Compound expressions formed by the 
combination of two or more existing words, 
 Hybrid terms resulting from partial word combi-
nations or morphological blending, 
 Loanwords or semantic extensions of pre-
existing terms introduced into Korean. 

 
Any expressions falling outside these categories were 

excluded from the neologism label set [17]. To maintain 
alignment between the refined neologism criteria and the 
overall dataset structure, a proportional downsampling stra-
tegy was applied, ensuring that the entity distributions 
within the dataset reflected the updated classification boun-
daries. The complete process of neologism selection, fil-
tering, and downsampling is illustrated in Fig. 2. 

An analysis of the dataset revealed significant distri-
butional imbalance across entity types. In particular, Orga-
nization (OG) and Civilization (CV) entities dominated the 
corpus, which is attributable to the corpus's content com-
position, heavily focused on socio-cultural narratives, 
government entities, corporate organizations, and popular 

 
Fig. 1. Architecture of deep learning-based NER models. 

 

Fig. 2. Dataset refinement pipeline for neologisms. 
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culture. Conversely, entities associated with specialized or 
domain-specific expressions, such as Neologism (NW) and 
Theory/Rule (TR), were comparatively scarce, reflecting their 
lower natural occurrence within mainstream media texts. 
Table 1 presents a summary of the entity type distribution, 
illustrating both the original and post-filtering instance 
counts for each category. 

These distributional patterns highlight the challenges 
associated with low-resource entity types such as neolo-
gisms, underscoring the importance of developing robust 
models capable of accurately detecting rare and context-
sensitive expressions within imbalanced datasets. 

 
3.2. Model 

The widely used BERT model [18], based on a masking 
mechanism, conducts pre-training through the Masked 
Language Modeling (MLM) strategy, where a subset of 
tokens within an input sentence is replaced with special mask 
tokens, and the model is trained to predict the original tokens. 
While effective for general language understanding, this 
approach inherently suffers from two limitations. First, as 
training signals are provided only for the masked tokens, data 
utilization efficiency remains suboptimal. Second, masked 
tokens do not appear during the downstream fine-tuning or 
inference stages, resulting in a distributional mismatch bet-
ween pre-training and task-specific deployment [9]. 

To address these limitations, the ELECTRA model intro-
duces a more efficient pre-training paradigm known as 
Replaced Token Detection (RTD). ELECTRA employs a 
dual-Transformer architecture consisting of a Generator 
and a Discriminator. The Generator produces plausible 
replacements for randomly selected tokens, while the Dis-
criminator performs token-level binary classification to 
distinguish between original and replaced tokens. Unlike 
MLM, this approach eliminates the need for artificial mask 
tokens, preserving the natural contextual flow of input 
sequences while enabling loss computation across all 
tokens. As a result, ELECTRA achieves superior learning 
efficiency and improved alignment between pre-training 
and downstream tasks. The overall model architecture and 
training mechanism are depicted in Fig. 3. 

In this study, we adopted KoELECTRA, a Korean 
language-optimized variant of ELECTRA. KoELECTRA 
was pre-trained on a large-scale Korean corpus comprising 
approximately 14 GB of text, including diverse sources 
such as news articles, encyclopedic entries, and Namu Wiki 
content. This corpus composition emphasizes formal, stru-
ctured language, enhancing the model’s capacity for gram-
matical correctness and nuanced contextual understanding. 
Given the high domain similarity between the KoEL-
ECTRA pre-training corpus and the dataset used in this 
study, KoELECTRA was selected as the backbone model, 
providing a robust foundation for Korean-language entity 
recognition tasks. 

Building upon this backbone, our study proposes an inte-
grated training pipeline designed to enhance contextual 
understanding and task adaptability. The overall archi-
tecture of the proposed system is illustrated in Fig. 4. 

 
3.3. Evaluation Metrics 

In Named Entity Recognition (NER) tasks, model perfor-
mance is primarily evaluated using the F1-score, which 
represents the harmonic mean of precision and recall, provi-
ding a balanced assessment of both error suppression and 
detection capability [19]. Precision quantifies the pro-
portion of correctly identified entity mentions among all 
entity predictions made by the model. It reflects the model's 
ability to minimize false positives and is defined as: 

 Precision ൌ ୘୰୳ୣ ୔୭ୱ୧୲୧୴ୣୱ୘୰୳ୣ ୔୭ୱ୧୲୧୴ୣୱା୊ୟ୪ୱୣ ୔୭ୱ୧୲୧୴ୣୱ. (1)
 

Table 1. Distribution of named entities before and after filtering. 
Entity Distribution (%) Original count Filtered count 

OG 37.8 38,143,982 3,137,400 
AF 6.1 6,153,459 522,900 
CV 45.8 46,215,902 3,801,400 
FD 1.6 1,614,704 132,800 
TR 1.0 1,009,190 83,000 
TM 7.6 7,669,844 630,800 
NW 0.1 100,919 8,331 

 
Fig. 3. ELECTRA pre-training architecture. 

 

Fig. 4. Overall architecture of the proposed training pipeline. 
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Recall measures the proportion of actual entity mentions 
that the model correctly identifies, indicating the model's 
sensitivity and its ability to minimize false negatives. Recall 
is defined as: 
 Recall = ୘୰୳ୣ ୔୭ୱ୧୲୧୴ୣୱ୘୰୳ୣ ୔୭ୱ୧୲୧୴ୣୱା୊ୟ୪ୱୣ ୒ୣ୥ୟ୲୧୴ୣୱ. (2)

 
The F1-score is calculated as the harmonic mean of 

precision and recall, providing a single metric that captures 
the trade-off between these two aspects: 

 F1 − Score = 2 × ୔୰ୣୡ୧ୱ୧୭୬ × ୖୣୡୟ୪୪୔୰ୣୡ୧ୱ୧୭୬ାୖୣୡୟ୪୪ . (3)
 
In NER tasks, evaluation methodologies are typically 

classified into strict and relaxed criteria based on the 
matching granularity between predicted and ground truth 
entities. Under strict evaluation, a prediction is considered 
correct only if both the entity boundary (i.e., start and end 
positions) and the entity type precisely match the ground 
truth [20]. In contrast, relaxed evaluation allows partial 
matches or disregards entity type distinctions. We adopt a 
strict evaluation protocol in this study to rigorously assess 
the entity recognition performance. All reported F1-scores 
reflect strict boundary and type matching requirements, 
ensuring a high-precision evaluation of the proposed 
model's capability in accurately detecting and classifying 
entity mentions. 

 

Ⅳ. EXPERIMENTAL RESULTS 

4.1. Experimental Environment 

All experiments in this study were conducted on a high-
performance computing environment configured with 
Ubuntu 24.04.2 LTS as the operating system. The hardware 
setup included dual NVIDIA GeForce RTX 4090 GPUs, 
each equipped with 24 GB of VRAM, an Intel Core i9-
10900X processor with 10 cores and 20 threads, and 125 
GB system memory. The software environment consisted 
of NVIDIA driver version 550.144.03, CUDA 12.4, Python 
3.8.20, PyTorch 2.4.1 (cu121 build), and the Transformers 
library version 4.46.3. 

Model training was performed with the following 
configurations: batch size of 32, maximum sequence length 
of 128 tokens, and a learning rate of 2×10–5. To mitigate 
overfitting, a dropout rate of 0.1 was applied, and the 
AdamW optimizer was used for parameter updates. An 
early stopping strategy was incorporated based on 
validation loss, with a patience threshold of three epochs. A 
summary of the hyperparameters is provided in Table 2. 

To analyze the impact of dataset size and entity label 

distribution on model performance, three dataset confi-
gurations were designed: 

 
 Original Distribution: Maintains the natural 
distribution of filtered entities in the dataset. 
 Balanced: Reduces overrepresented entity 
categories to alleviate class imbalance while 
preserving overall dataset size. 
 Uniform Small: Enforces an equal number of 
samples for each entity category to facilitate fair 
comparative evaluation. 

 
All datasets were partitioned into training, validation, 

and test sets using stratified sampling with an 80:10:10 split 
ratio to preserve entity distribution across subsets. 

For text preprocessing, tokenization was performed 
using the KoELECTRA WordPiece tokenizer, which 
segments input sentences into subword units to effectively 
handle out-of-vocabulary expressions, including neolo-
gisms. Entity annotations followed the standard BIO 
tagging scheme, where B- denotes the beginning of an 
entity, I- represents tokens inside an entity span, and O 
indicates non-entity tokens. The detailed dataset statistics 
for each configuration are summarized in Table 3. 

 
4.2. Results 

Table 4 presents the F1-scores obtained by the proposed 
NER model across three dataset configurations: Original 
Distribution, Balanced, and Uniform Small. Both macro-

Table 2. Hyperparameters used for model training. 
Hyperparameter Value 

Batch size 32 
Max sequence length 128 

Epochs 100 
Learning rate 2×10-5 

Dropout 0.1 
Optimizer AdamW 

Early stopping patience 3 epochs 

Table 3. Overview of dataset composition. 
Entity Balanced Original Uniform 

OG 100,000 3,137,400 8,331 
AF 100,000 522,900 8,331 
CV 100,000 3,801,400 8,331 
FD 100,000 132,800 8,331 
TR 100,000 83,000 8,331 
TM 100,000 630,800 8,331 
NW 8,331 8,331 8,331 
Total 608,331 8,316,631 58,317 
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averaged and micro-averaged F1-scores are reported to pro-
vide a comprehensive evaluation of overall performance. 
For ease of comparison, Fig. 5 visualizes the results as a bar 
graph, illustrating performance variations across entity 
types and dataset conditions. 

The experimental results provide several key insights 
into the influence of dataset composition and distribution 
on the performance of deep learning-based NER models, 
particularly for low-resource entity types such as neologisms. 

First, the model demonstrated strong performance in the 
Original Distribution configuration, especially for dominant 
categories such as Civilization (CV) and Organization (OG), 
where the availability of extensive training data contributed to 
high F1-scores of 0.92 and 0.91, respectively. This observation 
aligns with well-established findings in NER research that 
model performance correlates positively with sample 
abundance and linguistic diversity within the training set. 
However, this performance advantage for high-frequency 
entities comes at the cost of recognition fairness, as reflected 
in the relatively lower F1-score of 0.76 for the Theory/Rule 
(TR) category, which suffers from data scarcity. 

Second, the Balanced Dataset results highlight the trade-
off between absolute performance and class-wise cons-
istency. By limiting the maximum sample size per entity 

type to 100,000, the model exhibited stable performance 
across categories, achieving comparable F1-scores for both 
high-resource and low-resource entities. The Neologism 
(NW) category, in particular, achieved a notable F1-score 
of 0.91, suggesting that the proposed model effectively 
generalizes to lexically diverse and context-sensitive 
expressions even under balanced data conditions. These 
results indicate that mitigating class imbalance enhances 
overall model robustness, addressing limitations commonly 
observed in real-world NER applications where entity 
frequency distributions are highly skewed. 

In contrast, the Uniform Small Dataset configuration, which 
imposed strict sample count uniformity across all entity types, 
revealed limitations in the model's ability to maintain high 
recognition performance, particularly for previously dominant 
categories. The decline in F1-scores for OG, AF, and TM to 
0.77, 0.70, and 0.74, respectively, underscores the critical role 
of data volume in enabling accurate entity recognition, 
especially for linguistically complex or syntactically variable 
expressions. Interestingly, the NW category achieved its 
highest F1-score of 0.92 under this setting, which, upon closer 
examination, is likely attributable to reduced data diversity 
rather than true generalization improvement. This result 
suggests that performance gains in low-resource conditions 
may not directly translate to real-world robustness, 
highlighting the need for careful dataset design that balances 
diversity and fairness. 

A closer examination of the evaluation metrics reveals 
distinctive patterns in neologism recognition. While most 
low-frequency categories such as TR and TM exhibited 
performance instability across configurations, the NW 
category maintained consistently high F1-scores of 0.89, 
0.91, and 0.92 across the Original, Balanced, and Uniform 
Small datasets, respectively. Although the slight increase 
observed in the Uniform Small setting warrants careful 
interpretation given the constraints of reduced data 
diversity, the overall stability suggests that the model 
effectively leverages contextual features for neologism 
recognition. Furthermore, the convergence of macro- and 
micro-averaged F1-scores at 0.88 in the Balanced Dataset 
demonstrates that equitable treatment across entity types 
can be achieved without sacrificing overall accuracy.  

Overall, these findings emphasize the importance of 
dataset composition in optimizing NER performance, 
particularly for specialized categories such as neologisms, 
which are characterized by high variability, short life 
cycles, and low-frequency occurrence. The results also 
validate the proposed model's ability to adapt to both 
imbalanced and balanced data environments, demonstrating 
practical applicability in real-world scenarios where lingu-
istic resources are often unevenly distributed. 

In future work, incorporating data augmentation tech-
niques, semi-supervised learning, or continual learning 

 

Fig. 5. Comparison of F1-scores across three dataset configurations. 

Table 4. F1-scores by entity type across dataset configurations. 

Entity Balanced F1 Original 
F1 

Uniform 
F1 

OG 0.88 0.91 0.77 
AF 0.84 0.81 0.70 
CV 0.90 0.92 0.82 
FD 0.92 0.87 0.86 
TR 0.85 0.76 0.81 
TM 0.85 0.83 0.74 
NW 0.91 0.89 0.92 

Micro average 0.88 0.90 0.79 
Macro average 0.88 0.86 0.80 
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frameworks may further enhance recognition performance 
for low-resource entity types while preserving fairness 
across diverse linguistic categories. 

 

Ⅴ. CONCLUSION 

In this paper, we proposed a deep learning-based NER 
model capable of effectively identifying neologisms, which 
have traditionally posed significant challenges for dic-
tionary- or rule-based detection approaches. By leveraging 
context-aware learning mechanisms, the model demo-
nstrated robust recognition performance for neologisms 
characterized by lexical diversity, short life cycles, and 
context dependency—properties that hinder traditional 
linguistic resources from timely adaptation. Furthermore, 
the model exhibited stable prediction performance across 
various entity types, confirming its applicability beyond 
formal domains such as news and media, and extending to 
dynamic environments where neologisms frequently 
emerge, including everyday language use and online 
platforms. 

The experimental results validate the potential of our 
proposed model as a technical foundation for enhancing 
neologism detection systems, thereby contributing to the 
timely recognition of evolving linguistic expressions. Such 
advancements are crucial for narrowing generational 
language gaps and improving equitable access to infor-
mation in a rapidly evolving linguistic landscape. 

Future research directions include extending the model 
to handle informal, conversational, and colloquial language, 
where neologisms tend to emerge most actively and 
unpredictably. Adapting the model for application in online 
communities, social media interactions, and daily inter-
personal communication will be essential to ensure 
practical, real-world effectiveness. Moreover, incorporating 
techniques such as domain adaptation, continual learning, 
or semi-supervised approaches may further enhance the 
model's ability to generalize to diverse linguistic settings. 
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