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             Abstract 
The This research aims to investigate the application of Pre-trained Models (PTMs) in 

Natural Language Processing (NLP), focusing on four key tasks: sentiment analysis, news 

classification, anti-spam detection, and information extraction. Leveraging PTMs such as 

BERT, GPT, RoBERTa, and T5, we explore various methodologies tailored for each task. For 

sentiment analysis, we consider fine-tuning using the IMDb dataset, zero-shot or few-shot 

learning, and embedding-based approaches that utilize classical classifiers like SVM or 

Random Forest. In news classification, the study employs fine-tuning on labeled news 

articles, hierarchical attention to manage longer texts, and transfer learning to adapt 

models to smaller datasets. For anti-spam detection, the research investigates fine-tuning 

on spam-specific datasets, anomaly detection techniques, and active learning methods to 

adapt to the evolving nature of spam. In the domain of information extraction, we engage 

in Named Entity Recognition (NER), relation extraction, coreference resolution, and 

template filling to derive structured information from unstructured texts. The advantages 

of using PTMs include data efficiency, allowing for strong performance with less labeled 

data; generalization capabilities across different tasks and domains due to their extensive 

training; and speed, as transfer learning and fine-tuning are usually quicker than building 

models from the ground up. However, there are challenges to consider: PTMs require 

significant computational resources, may overfit when applied to small datasets without 

proper regularization, and offer limited interpretability due to their complex architectures.  

 

Keywords: Anti-spam Detection, Fine-tuning, Information Extraction, Pre-trained Models, Sentiment Analysis, 

Transfer Learning.

Introduction 
Pre-trained Models (PTMs) have brought about significant changes in the field of natural 

language processing (NLP), reshaping the way researchers and practitioners approach various 

tasks [1], [2]. In particular, transformer-based architectures like BERT (Bidirectional Encoder 

Representations from Transformers), GPT (Generative Pre-trained Transformer), RoBERTa 

(Robustly Optimized BERT Pretraining), and T5 (Text-To-Text Transfer Transformer) stand out 

for their exceptional performance and versatility. The primary advantage of these architectures 
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lies in their ability to encode complex language structures through layers of self-attention 

mechanisms, making it possible to understand context and semantics in a way that was 

challenging for previous models. 

Figure 1. Pre-trained Models (PTMs) ransformer, GPT, and BERT 
 

 

The inception of transformer architectures can be traced back to the landmark paper "Attention 

Is All You Need," published by Vaswani et al. in 2017. This paper laid the groundwork for 

attention-based mechanisms that eliminated the need for recurrent or convolutional layers, 

traditionally used in sequence modeling tasks. The model introduced a novel way to process 

sequences in parallel rather than sequentially, thereby dramatically reducing training time 

while maintaining or even increasing performance on various tasks [3]. The success of this 

architecture led to the development of a plethora of models that leveraged the transformer's 

core principles, each fine-tuned for specific NLP challenges. 

BERT, introduced by Google in 2018, was a game-changer. Unlike earlier models that processed 

text from left to right or right to left, BERT used a bidirectional approach. This allowed the model 

to consider the context from both directions, thereby producing embeddings that are richer 

and more informative. BERT's training process involves masked language modeling, where 

certain words in a sentence are masked, and the model is trained to predict them. The ability 

of BERT to understand context made it especially useful for tasks like question-answering, 

named entity recognition, and sentiment analysis [4]. 

Following BERT, OpenAI introduced GPT, which employed a transformer architecture but 

differed in its training and application. GPT is trained using a left-to-right approach, making it 

more suitable for generative tasks. The primary focus of GPT is to predict the next word in a 

sequence, which is in contrast to BERT’s masked language model. Despite this difference in 

focus, GPT has shown remarkable success in various NLP tasks, from translation to text 

summarization, and has been widely adopted for chatbot development and other 

conversational agents [5]. 



 

3 
Journal of Computational Social Dynamics 

 

RoBERTa came as an optimized version of BERT, developed by Facebook's AI research team. It 

differed from BERT mainly in training strategy and data preprocessing. RoBERTa uses dynamic 

masking rather than static masking, and it's trained on a much larger dataset. These 

optimizations led to improved performance on several benchmarks, making RoBERTa another 

influential model in the NLP arena. 

T5 is a unique variation in the line of transformer-based models, designed with the philosophy 

that most NLP tasks can be reframed as text-to-text tasks. Whether it is translation, 

summarization, or question-answering, T5 approaches them all as a process of converting input 

text into target text. This unified framework simplifies the process of applying the model to a 

wide range of tasks without the need for task-specific architectures. 

In terms of application, these PTMs have found utility in a broad range of industries and fields. 

In healthcare, they are used for automatic diagnosis and medical literature mining. In the legal 

sector, they assist in document review and legal research. In customer service, chatbots 

powered by these architectures handle queries with increasing accuracy, thereby reducing 

human workload. In academia and research, these models facilitate advanced text analysis, 

aiding in everything from data extraction to the development of new NLP techniques.  

The generalizability of these models is another crucial feature. Originally trained on massive 

datasets, these architectures capture the underlying structures and nuances of language, 

enabling them to be fine-tuned for specific tasks with a relatively small amount of additional 

data. This saves both time and computational resources, making it easier for small organizations 

and individual researchers to adopt these models. 

The computational cost of training these models is high, requiring specialized hardware and 

significant energy consumption. There's also an ongoing debate about the interpretability of 

these models. While they perform exceptionally well, understanding why they make a particular 

prediction remains difficult, which is a concern in critical applications like healthcare and 

judiciary. They've excelled in a wide variety of tasks by leveraging their ability to understand 

complex language structures, making them indispensable tools in today's data-driven world. 

While challenges remain, especially around computational costs and interpretability, there is 

no doubt that these models have set a new standard in NLP, expanding the possibilities of what 

can be achieved with machine understanding of human language [6]. 

1. Sentiment Analysis: 
 Fine-tuning pre-trained models for specific tasks such as sentiment analysis is a common 

practice that leverages the broad knowledge base of a pre-trained model to specialize it for a 

particular application. Considering BERT (Bidirectional Encoder Representations from 

Transformers) as an example, and imagine fine-tuning it using the IMDb reviews dataset for 

sentiment classification. In such a case, a pre-trained BERT model, which has already learned 

useful language representations from a massive corpus of text, is exposed to the movie reviews 

in the IMDb dataset [7]. During this fine-tuning phase, the model learns to apply its generalized 

language understanding abilities to the specific task of categorizing the sentiment of the review 

as either positive or negative. Essentially, the fine-tuning phase adapts the deep, layered 

contextual understandings that BERT has developed into focused insights that are relevant to 

the task at hand. Fine-tuning provides a way to achieve high performance with relatively less 

data and computational resources compared to training a model from scratch. 
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Another exciting avenue in the application of Pre-trained Models (PTMs) is zero-shot or few-

shot learning. Models like GPT-3 and GPT-4 are so sophisticated in their general language 

understanding that they can often perform specialized tasks without any fine-tuning. You could 

ask GPT-3 a straightforward natural language question like, "Is the sentiment of this text 

positive or negative?" and expect a reasonably accurate response based purely on the model's 

pre-training. This is particularly advantageous in situations where gathering a large, specialized 

dataset for training is impractical. It's also a time-saver, as it eliminates the need to fine-tune 

the model for the specific task. However, it should be noted that while zero-shot and few-shot 

learning are promising, they may not always yield results as accurate as a fine-tuned model for 

certain specialized tasks. 

Embedding-based approaches offer another method for applying PTMs to tasks like sentiment 

analysis. In this approach, instead of fine-tuning the model on a specific task, we extract 

embeddings (vector representations) of text inputs from a pre-trained model like BERT or GPT. 

These embeddings capture semantic features of the text. Once these embeddings are 

generated, they can be fed into classical machine learning classifiers like Support Vector 

Machines (SVM) or Random Forest to perform sentiment classification [8]. The advantage of 

this approach is that it allows one to leverage both the advanced language understanding 

capabilities of modern PTMs and the strengths of traditional machine learning algorithms. 

Embedding-based approaches can be particularly useful when you want a quick, somewhat 

interpretable method for classifying text without the computational overhead of fine-tuning a 

large-scale neural network [9].   

When comparing these three approaches, each has its own set of advantages and drawbacks. 

Fine-tuning is computationally expensive but tends to yield highly accurate and task-specific 

results. Zero-shot or few-shot learning is convenient and quick but may lack the precision of a 

fine-tuned model [10], [11]. Embedding-based approaches offer a middle ground, combining 

some of the best features of neural networks and classical machine learning algorithms but 

potentially lacking the depth of understanding that fine-tuned models can achieve [12]. The 

choice between these approaches often depends on various factors such as the availability of 

labeled data, computational resources [13], [14], and the level of accuracy required for the task 

[15]. 

In practice, these methods are not mutually exclusive and can often be used in conjunction to 

achieve optimal results. For example, one could start with zero-shot learning to quickly gauge 

the sentiment in a set of text data, then move on to fine-tuning a model like BERT for more 

accurate, nuanced sentiment analysis. Similarly, embedding-based approaches could be used 

as a preliminary step before deciding whether the computational investment in fine-tuning is 

justified for a specific task [16]. 

Despite their capabilities, these methods are not without challenges. For fine-tuning, the risk of 

overfitting on a small dataset is a concern. Proper regularization techniques and model 

evaluation are crucial. In the case of zero-shot or few-shot learning, the model's predictions 

may sometimes be off-mark due to its lack of exposure to task-specific data. Interpretability is 

a concern for both methods. Embedding-based approaches, on the other hand, might offer 

slightly more transparency but can suffer from the loss of contextual richness when the 

embeddings are removed from their original neural network structure and placed into a 

classical machine learning model. 
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The rise of PTMs in NLP has broadened the range of techniques available for tasks like sentiment 

analysis. Whether through fine-tuning, zero-shot learning, or embedding-based approaches, 

these models offer robust, flexible methods for converting text into actionable insights. As 

ongoing research continues to explore the capabilities and limitations of these various 

approaches, it is likely that we will see even more advanced techniques and hybrid models that 

combine the strengths of each method to achieve increasingly accurate and nuanced language 

understanding. 

2. News Classification: 
    Fine-tuning pre-trained models on a dataset of news articles for classification into various 

categories is a compelling use-case that demonstrates the versatility of PTMs like BERT, GPT, 

and others [17], [18]. News articles are a complex type of text, often filled with nuanced 

language, embedded clauses, and domain-specific vocabulary. A pre-trained model like BERT, 

which has been initially trained on a large corpus of text from diverse sources, can be adapted 

to understand the subtleties of news articles by continuing its training on a labeled dataset. The 

categories can range from "Politics" and "Business" to "Entertainment" and "Technology” [19]. 

By fine-tuning the pre-trained model on this specialized dataset, its internal parameters are 

adjusted to minimize the classification error, thereby equipping the model with the ability to 

categorize news articles with high accuracy. Fine-tuning is generally effective because it allows 

the model to capitalize on its general understanding of language while tailoring its abilities to 

meet the specific needs of news categorization  [20]. 

For handling longer news articles, hierarchical attention mechanisms offer an intriguing 

approach. In a standard flat architecture, the model considers each word in the article equally 

to produce a final representation for classification. However, this may not be the most effective 

strategy when articles are long and contain multiple sentences or paragraphs, each with varying 

degrees of relevance to the topic. Hierarchical models work in a two-step fashion: first, 

sentence representations are created by encoding each sentence in the article; then, these 

sentence representations are themselves encoded to produce an article-level representation. 

Attention mechanisms can be applied at both levels, allowing the model to focus on the most 

relevant sentences when classifying the article. This hierarchical structure mimics the way 

humans often read long articles, skimming through to focus more on the sentences or sections 

that appear most relevant [21]. 

Transfer learning represents another practical approach to news article classification, 

particularly beneficial when the available labeled dataset for news is small. Here, a model is 

initially trained on a large dataset from a different domain that has some relevance to news 

articles. The model learns to extract useful features and understand complex language 

structures during this phase. Once this is accomplished, the model is then fine-tuned on the 

smaller dataset of news articles. The idea is that the features learned during the initial training 

phase can be "transferred" to make the fine-tuning process more effective. Transfer learning is 

a strategy that helps alleviate the limitations of having a small dataset for the task at hand, as 

it allows the model to generalize well to new, unseen articles in the same category. 

Choosing between fine-tuning, hierarchical attention, and transfer learning often depends on 

the specific requirements of the task, the nature of the dataset, and the computational 

resources available. Fine-tuning is generally a strong choice when a sufficiently large labeled 
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dataset is available and when the categories in question are numerous and nuanced. 

Hierarchical attention mechanisms shine when dealing with long, intricate articles where 

understanding the context at multiple levels is crucial for accurate classification. Transfer 

learning is particularly useful when the dataset for the specific task is limited, but a larger, 

related dataset is available for initial training [22]. 

Each of these methods also has its own set of challenges. Fine-tuning may result in overfitting 

if the news dataset is small and not sufficiently diverse. Hierarchical models can be 

computationally intensive and may require more sophisticated hardware. Transfer learning 

risks the possibility that the knowledge transferred from the initial domain may not be perfectly 

aligned with the specific requirements of news classification, necessitating additional steps to 

ensure relevance [23]. 

In practical applications, it's not uncommon to see combinations of these techniques for 

optimal performance. For instance, one could use transfer learning to pre-train a model on a 

large corpus and then fine-tune it on a specific news dataset [24], [25]. Furthermore, 

hierarchical attention could be incorporated into this model to better handle long articles. 

Through continual research and development, these methodologies are being refined and 

adapted, offering increasingly sophisticated tools for the complex task of news article 

classification [26].  

3. Anti-spam Detection: 
    Fine-tuning pre-trained models on a dataset comprising spam and non-spam messages has 

proven effective for spam detection tasks. The essence of spam often lies in its subtle 

differences from legitimate messages, and these nuances require a model to have a deep 

understanding of language to effectively distinguish between the two. For example, a pre-

trained model like BERT, which has a strong understanding of language semantics and structure, 

can be fine-tuned on a labeled dataset where spam and non-spam messages are explicitly 

tagged. This process adjusts the model's internal parameters so that it can better capture the 

particular features, patterns, and structures commonly found in spam messages. By doing so, 

the model becomes adept at identifying spam content, thereby enhancing the efficacy of spam 

filters. 

Anomaly detection is another technique that lends itself well to spam detection. In this 

approach, pre-trained embeddings from models like BERT or GPT are used to generate vector 

representations of messages [27], [28]. These vectors capture the semantic essence of each 

message and allow the system to understand the "usual" structure or pattern of legitimate, 

non-spam messages. By analyzing these embeddings, the model can identify deviations from 

the norm. Messages that deviate substantially from this pattern can be flagged as potential 

spam. This is especially useful for capturing new types of spam that may not yet have been 

labeled in existing datasets, thereby offering a level of adaptability and responsiveness [29].  

Active learning is a technique that addresses the evolving nature of spam. Spam strategies 

frequently change as spammers try to outwit existing filters. To keep pace, an active learning 

approach can be employed. In this setup, the model initially makes predictions based on its 

current understanding. Messages that the model is least confident about are flagged for review. 

Human experts can then label these instances as either spam or non-spam. The model is 

retrained on this enriched dataset, incorporating these new instances to improve its 
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performance. The cycle is repeated iteratively, allowing the model to adapt to new forms of 

spam as they emerge. 

Selecting between fine-tuning, anomaly detection, and active learning is often dependent on 

the specific needs of the system and the characteristics of the spam being targeted. Fine-tuning 

is a powerful approach when a large, labeled dataset is available and when the features of spam 

are well-understood. Anomaly detection is more suited for situations where the nature of spam 

is evolving quickly and the system needs to be able to adapt without waiting for new labels. 

Active learning is particularly beneficial when human expertise is available for iterative labeling, 

and when the cost of false positives and false negatives is high, necessitating continuous model 

improvement [30]. Each approach has its own challenges and considerations. Fine-tuning can 

be data-intensive and may require periodic retraining as the nature of spam evolves. Anomaly 

detection can sometimes produce false positives, flagging legitimate messages as spam if they 

deviate from the 'usual' pattern. Active learning is labor-intensive and requires a commitment 

to ongoing human involvement for labeling.  

In many practical implementations, a combination of these methods is often employed to 

maximize performance. For example, a system may use fine-tuning to establish a strong 

baseline model, employ anomaly detection to catch new types of spam, and then use active 

learning to continuously refine the model over time. As spam detection is a dynamic problem, 

the multiplicity of these approaches offers a robust, adaptable, and effective way to tackle it. 

4. Information Extraction: 
Named Entity Recognition (NER) is a critical task in natural language processing that involves 

identifying entities like persons, organizations, and locations within a given text. Pre-trained 

models like BERT or RoBERTa can be fine-tuned specifically on NER datasets to improve their 

performance in this task. Fine-tuning helps the model to recognize the unique lexical and 

syntactic cues associated with different types of entities. For example, the word "Street" 

following a proper noun might indicate a location, or the use of "Inc." or "Corp." may denote an 

organization. By adjusting the model parameters based on a labeled NER dataset, the model 

gains a specialized ability to identify such entities in a wide range of texts [31]. 

Relation extraction goes hand-in-hand with NER and focuses on identifying the relationships 

between the recognized entities. Once entities are identified, models can be trained or fine-

tuned to understand the type of relationship between them. For instance, a sentence like 

"Barack Obama was born in Hawaii" contains the entities "Barack Obama" and "Hawaii," and 

the relationship "was born in" between them. Various machine learning models or even rule-

based systems can operate on top of the entity recognition layer to extract these relationships, 

offering a more nuanced understanding of the text [32].  

Coreference resolution is another task that contributes to the understanding of text by 

determining which words or phrases refer to the same entity across sentences or within the 

same sentence. For instance, in the sentence "Jane said she would come," the words "Jane" and 

"she" refer to the same entity. Models specialized in coreference resolution can make these 

connections, which is essential for tasks like document summarization, question answering, and 

many others. Some pre-trained models can be adapted for coreference resolution, although 

this task often requires specialized architectures and training regimes due to its complexity. 
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Template filling serves the purpose of extracting structured information from unstructured text. 

For example, one could create a template for "CEO-Company" pairs and train a model to fill in 

this template by reading through news articles or press releases. This is particularly useful for 

information retrieval systems or databases where structured information is desired. Pre-trained 

models fine-tuned on a dataset of labeled examples can perform this task quite effectively. They 

can identify the entities that fit into the template and extract them, converting a piece of 

unstructured text into a structured data entry  [33]. 

The choice between these various tasks and techniques—NER, relation extraction, coreference 

resolution, and template filling—depends on the specific objectives and the nature of the data 

you're working with. NER is often the foundational step for many text analytics processes, while 

relation extraction can add layers of understanding that are critical for more sophisticated 

analyses. Coreference resolution is necessary for tasks that require a deep understanding of the 

text's context and narrative, and template filling is crucial when the goal is to convert textual 

information into a structured format [34]. 

Each task comes with its own challenges. Fine-tuning for NER can be resource-intensive, and 

the model may need periodic updates to adapt to new types of entities or naming conventions. 

Relation extraction faces the challenge of handling ambiguous relationships, and it often 

requires a labeled dataset that marks not just entities but also the relations between them. 

Coreference resolution is complicated by linguistic phenomena like anaphora and cataphora, 

where the reference may appear before or after the entity it refers to. Template filling, on the 

other hand, must deal with the variability in how the same information is expressed in different 

texts [35], [36]. 

Real-world applications often combine these techniques for maximum effectiveness. For 

example, a business intelligence application may first employ NER to identify companies and 

key personnel, then use relation extraction to determine the relationships between them, 

followed by template filling to populate a database with these structured relationships [37]. As 

NLP technologies continue to advance, these techniques are expected to become even more 

effective and integrated, enabling richer and more accurate understanding of text. 

Advantages of Using PTMs: 
Data efficiency is a notable advantage of using pre-trained models (PTMs) like BERT, GPT, or 

RoBERTa in natural language processing tasks. These models come pre-trained on massive 

datasets, capturing a wide array of language structures, patterns, and semantics. When fine-

tuned on a specific task, they often require less labeled data to achieve strong performance 

compared to models trained from scratch. This is because they already possess a foundational 

understanding of language and merely need to adapt to the nuances of the specific task at hand. 

For example, if you were to use a PTM for a sentiment analysis task, the model could effectively 

understand the sentiment of text even with a relatively small dataset for fine-tuning. This data 

efficiency is particularly beneficial in scenarios where obtaining large quantities of labeled data 

is challenging or expensive [38]. 

The generalization ability of PTMs is another compelling feature. Because these models are 

trained on diverse and extensive datasets, they have a broad understanding of language. This 

extensive pre-training enables them to generalize well across various tasks and domains. For 

instance, a model pre-trained on a corpus that includes literature, websites, and scientific 
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articles would be versatile enough to be fine-tuned for tasks ranging from text summarization 

to medical diagnosis interpretation. This makes PTMs highly flexible tools that can be adapted 

for a wide range of applications, thereby maximizing the return on the computational and 

financial investment required for their initial training [39]  

Speed is yet another benefit that comes with using PTMs, particularly when leveraging transfer 

learning and fine-tuning methods. Training a deep learning model from scratch demands 

significant computational resources and time, especially if the model architecture is complex 

and the dataset is large. In contrast, fine-tuning a pre-trained model for a specific task can be 

considerably faster. This is because the pre-trained model has already learned many of the 

foundational elements of language and only needs to adjust its existing knowledge to the 

specific task [40]. The fine-tuning process thus involves fewer iterations and can converge to a 

good solution more quickly. 

Choosing between data efficiency, generalization, and speed is often a matter of identifying the 

most pressing needs of a specific project. For tasks where labeled data is scarce, the data 

efficiency of PTMs may be the most appealing aspect. In cases where a model needs to perform 

well on a range of tasks, the generalization capabilities of PTMs could be the primary focus. And 

in scenarios where time is of the essence, the speed advantages of using pre-trained models 

could take precedence. 

Data efficiency, while advantageous, can sometimes lead to overfitting if the fine-tuning data is 

too sparse or not representative. Generalization, although generally a strength of PTMs, can 

falter if the model encounters data or tasks that are too far removed from its original training 

set. And while speed is a benefit, fine-tuning still requires computational resources, particularly 

for large models. These challenges often necessitate a well-planned approach that balances the 

advantages and limitations of using PTMs for specific applications [41].  

Conclusion: 
Computational requirements are a significant consideration when working with pre-trained 

models (PTMs) like BERT, GPT, or RoBERTa. These models, especially the larger versions, 

demand substantial computational resources for both training and inference. The training 

phase requires powerful hardware, typically multiple GPUs or TPUs, along with considerable 

storage space to house the massive datasets and model parameters. The inference phase, 

although generally less resource-intensive than training, still requires a capable setup to ensure 

timely responses. These computational requirements often mean increased costs and can limit 

the accessibility of these models for smaller organizations or individual researchers who may 

not have the necessary resources. 

Overfitting on small datasets is another challenge that arises with PTMs. These models are 

complex, with millions or even billions of parameters, and this complexity can lead to overfitting 

when the models are fine-tuned on small, task-specific datasets. Overfitting occurs when the 

model learns the training data too well, capturing its noise rather than its underlying pattern. 

As a result, it performs poorly on new, unseen data. To mitigate this, careful regularization 

techniques must be applied during the fine-tuning process. Techniques such as dropout, weight 

decay, or reducing the model size can help prevent overfitting, but they add another layer of 

complexity to the model training and selection process. 
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Interpretability remains a major challenge with PTMs. While these models are exceptionally 

good at a wide range of tasks, understanding why they make a particular decision is difficult 

due to their complex architectures. This is a significant issue in applications where 

understanding the reasoning behind decisions is crucial, such as healthcare, finance, or legal 

settings. Various techniques like attention heatmaps, LIME (Local Interpretable Model-agnostic 

Explanations), and SHAP (SHapley Additive exPlanations) have been proposed to shed light on 

the decision-making processes of these models, but interpretability is still an active area of 

research [42] [43]. 

Choosing between computational efficiency, risk of overfitting, and interpretability involves a 

careful balancing act depending on the specific requirements of a project. If computational 

resources are a constraint, one may opt for smaller versions of PTMs, sacrificing some 

performance for the sake of feasibility. When working with small datasets, special attention 

must be given to regularization techniques to prevent overfitting. And if interpretability is a 

concern, one might explore hybrid models or specialized interpretability techniques, even if 

they add to the complexity or slightly reduce the performance. 

However, these challenges should be viewed in the context of the immense benefits that PTMs 

offer [44], [45]. Despite the computational costs, their data efficiency and ability to generalize 

across tasks often make them a cost-effective choice in the long run. Even with the risk of 

overfitting, their performance on small datasets often surpasses that of models trained from 

scratch. And while interpretability remains an issue, the sheer effectiveness of PTMs on 

complex tasks can make them indispensable, even as efforts to improve their transparency 

continue. Therefore, while it's essential to be mindful of these challenges, they are often 

outweighed by the considerable advantages PTMs bring to the table in various NLP applications. 
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