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ABSTRACT 
Developments in natural language processing (NLP) have highlight the growing need to tackle informal digital 
language. However, understanding and translating the rapidly changing Gen-Z slang is difficult. The increase 

in use of slang during online communication has created a language gap between younger users and those less 

familiar with new expressions, especially millennials and non-social media users. This research focuses on a 
two-way translation approach using a fine-tuned Text-to-Text Transfer Transformer (T5) model trained on an 

expanded English–Gen-Z parallel dataset. This proposed framework treats slang translation as a single text 

generation task. This helps the model capture style variations while keeping the original meaning intact, even 

with limitations like limited data and changing language patterns. The findings show that the Transformer-
based method improves translation accuracy and clarity compared to traditional rule-based normalization 

methods. The model achieves noticeable gains in translation quality measured by BLEU scores and semantic 

similarity metrics. Lexical mapping analysis also shows consistent slang transformation patterns that make 
understanding easier. These results suggest that fine-tuned Transformer models offer an impactful way to 

process informal language and reduce communication gap between different generations. This approach has 

practical applications in social media communication, language accessibility tools, and NLP systems that need 

to handle dynamic slang expressions. This will help many people who are not familiar with the new fast-
growing slangs can now understand and adapt with these slangs 

Keywords: Gen-Z Slang Translation, Transformer-based NLP, T5 Model, Informal Language Processing, Text-

to-Text Generation, Bidirectional Translation, Social Media Language. 

1. INTRODUCTION 

Computational Linguistics and Natural Language Processing (NLP) have become important for modern digital 

systems that work with analyzing, understanding, and generating human language. Recent research in deep 
learning, especially in Transformer-based architectures, have improved how NLP models understand sentence 

context, relationships between words, and meaning of the sentence through attention mechanisms (Vaswani et 

al., 2017; Brown et al., 2020). Text-to-text frameworks like Text-to-Text Transfer Transformer (T5), increase 

these capabilities by treating multiple NLP tasks within a single generative structure. This method allows more 
flexible and scalable language processing (Raffel et al., 2020; Yano et al., 2024). Even with this type of 

progress, many NLP systems are still struggling with socially influenced and non-formal forms of language that 

is different from formal grammar. This challenge becomes clearer in online spaces, where communication is 
done by cultural trends, community behavior, and rapid expression change (Eisenstein, 2013; Yang & 

Eisenstein, 2017). One clear example is Gen-Z slang, which mainly grows from social media and digital 

interactions. This form of language evolves quickly, depends heavily on context, and often carries emotional or 
social meaning beyond its literal understanding (Hovy & Yang, 2021). Generation Z commonly referred to as 

―Zoomers‖ generally includes individuals born between 1997 and 2012 and is strongly linked with 

communication styles influenced by digital platforms and real-time conversation (Pew Research Center, 2019). 

Previous research showed us that NLP models trained mainly on formal or semi-formal datasets and they 
struggled with different slang, informal text or incomplete forms slangs. They may misunderstand sentiment, 

intent, or practical meaning in such contexts (Eisenstein, 2013; Yang & Eisenstein, 2017). Earlier attempts 

heavily depend on fixed slang dictionaries and rule-based normalization methods, which lack flexibility and 
perform poorly when slang appears in mixed or incomplete forms (Bucur et al., 2021; Felbo et al., 2017). Older 

model lack in understanding the context of the sentence. But, modern Transformer-based models such as BERT 

and RoBERTa have improved contextual understanding and adaptability in many language tasks (Devlin et al., 

2019; Liu et al., 2019), most existing research still see slang handling as a one-way normalization and 
translation problem rather than a bidirectional translation task. This limits their ability in interactive systems and 

real-world conversational moment (Bucur et al., 2021; Camacho-Collados et al., 2022). This results in growing 

communication gap between regular digital users and person who are less familiar with evolving slang 
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expressions. This gap highlights the need for adaptable translation systems capable of understanding and 

generating slang in changing social contexts. To address this need, this study proposes a bidirectional Gen-Z 
slang translation framework based on a Transformer-driven T5 model supported by controlled lexical mapping. 

This system translates between standard English and Gen-Z slang in both directions while keep the original 

meaning, emotional tone, and conversational intent safe. In addition to this, a lexical explainability component 

provide and help us to understand word-level transformation information, improving transparency and user 
understanding (Clark et al., 2019; Sap et al., 2020; Fantozzi & Naldi, 2024). By combining contextual neural 

modeling with structured lexical guidance, this research tries to reduce the gap between fixed rule-based 

methods and purely neural methods. The objective is to support overall, understandable, and socially aware 
language technologies that can work with evolving communication slangs in digital environments (Camacho-

Collados et al., 2022; Ishita & Mamidi, 2025; Zhu et al., 2025). 

2. LITERATURE REVIEW 
Natural Language Processing (NLP) has changed a lot in past few years and this change came from better deep 

learning studies and techniques and more access to large text datasets. These changes improved NLP and 

opened a way for new researchers to learn and develope more advanced and better models. Earlier NLP systems 

heavily depended on static rule-based methods, statistical modeling, and regular machine learning techniques 
that used create features manually. These methods worked well in structured and formal settings. However, they 

struggled with the informal language often found in online communication. The rapid growth of social media 

highlighted these issues since digital language frequently departs from standard grammar and evolves quickly. 
This made it tough for traditional systems to keep up (Eisenstein, 2013). Researchers then began working with 

neural language models, which changed how NLP systems used to design and train. Encoder-decoder 

architectures helped models to learn directly the connections between input and output sequences. Because of 

this shift, tasks like machine translation, paraphrasing, and text normalization started showing great 
improvement (Johnson et al., 2017; Gehring et al., 2017). Despite these advancements, previous neural models 

had many problems to understand relationships between words that were far apart in a sentence. In practice, 

performance dropped when sentences became longer or more complex. The introduction of self-attention-based 
Transformer models has addressed many limitations of earlier neural NLP approaches by using contextual 

understanding across full sequences. The self-attention mechanism enables the model to capture relationships 

between slang tokens and their formal counterparts during translation (Vaswani et al., 2017). In real-world 
applications, this progress perfectly improved performance in tasks such as translation, summarization, and 

language representation. Later developments showed the importance of contextual embeddings and 

understanding the meaning of the sentence. Bidirectional Encoder Representations from Transformers (BERT) 

represents that understanding words using both previous and next context leads to stronger language 
understanding and improved evaluation results (Devlin et al., 2019). Next improvements, such as RoBERTa, 

used better training strategies and larger datasets, this resulted in stronger contextual understanding (Liu et al., 

2019). At the same time, methods like generative pretraining made large language models more adaptable 
across a wide range of tasks, even with limited management (Radford et al., 2018; Brown et al., 2020). In 

compared to other Transformer-based models, the Text-to-Text Transfer Transformer (T5) introduced a major 

change by tackling different NLP problems within a single text-to-text format (Raffel et al., 2020). This 
combined structure help to complete tasks like translation, summarization, and style transformation to be 

handled within one framework, lowering dependency on task-specific designs. However, despite these 

advances, many Transformer models are still uses and trained on formal or semi-formal data. This results that 

the model struggle with informal language, socially influenced expressions, and rapidly evolving language 
trends (Sennrich et al., 2016; Bucur et al., 2021). 

Research on informal language were there long before modern neural models came in to work and has 

continued to shape how such language is understood today. It consistently highlighted how structured and 
socially influenced informal language is. Eisenstein (2013) argued that non-standard language in online 

communication should not be dismissed as noise. Instead, it is a systematic type of language variation shaped by 

cultural and environmental factors. Later studies further supported, showing that models ignoring social 

language variation often struggle to generalize across different areas (Yang & Eisenstein, 2017). Sociolinguistic 
research also points out that informal language express‘s identity, emotion, and intent, making computational 

interpretation more complex (Hovy & Yang, 2021). Gen-Z slang is a prime example of this variation. It changes 

quickly, depends heavily on context, and meanings often changes. Regular normalization methods, like fixed 
slang dictionaries and rule-based systems, often performs poorly in these situations because they cannot adapt 

quickly or fully achieve conversational purpose (Felbo et al., 2017). Earlier methods tried to make the slang 

expressions too simple, which led to a loss of emotional part and communicative purpose. More recent work has 
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looked into Transformer-based solutions for informal language and slang normalization. Multilingual 

normalization models have shown better results than rule-based methods when tested on noisy and unstructured 
social media text (Bucur et al., 2021). However, in many studies, slang processing is still viewed as a one-way 

task, limiting its practical use in real conversations. Reverse generation and meaningful adaptation have not 

been fully explored. Also, language models still struggle to achieve contextual slang use, especially in limited 

resource or fast changing language environments (Camacho-Collados et al., 2022; Ishita & Mamidi, 2025). 

Some recent research pointed out a problem in neural language models and it is their transparency. Transformer 

systems mainly use black boxes, giving limited information of how linguistic transformations actually occur 

(Clark et al., 2019). When models lack transparency, it leads to no understandability and raises concerns about 
user trust, responsibility, and legal and moral use, especially when the contexts are socially sensitive (Sap et al., 

2020). Even though large language models showcase improved proficiency and contextual understanding, they 

still struggle to achieve Gen-Z intent and emotional meaning during bidirectional transformations (Camacho-
Collados et al., 2022; Priccilia & Erin). This rapid evolution of digital communication makes this issue more 

complicated, as new slang terms and meanings comes into trend continuously often faster than existing datasets 

and models can adapt (Eisenstein, 2013; Hovy & Yang, 2021). In addition, scalable and efficient approaches for 

processing informal language are limited, it limits their practical deployment in conversational platforms (Yang 
& Eisenstein, 2017). A fine-tuned Transformer framework supported by improved lexical enhancement offers a 

better direction, as it allows models to understand new slangs while maintaining meaningful consistency (Bucur 

et al., 2021; Camacho-Collados et al., 2022). 

Collectively, existing research shows great progress in Transformer-based NLP, still there are several 

challenges remaining, especially in handling Gen-Z slang. Many current methods process slang as a one-way 

normalization task, provide limited understandability, and struggle to keep up with the constant evolution of 

informal digital language. These gaps point toward the need for a T5-based framework that supports 
bidirectional translation between standard English and Gen-Z slang while maintaining both meaning and Gen-Z 

intent (Raffel et al., 2020). 

3. ANALYTICAL FRAMEWORK AND RESEARCH GAP ANALYSIS 

 
Figure 1: Analytical Framework for Bidirectional Gen-Z Slang Translation using Transformer-based T5 Model 

Gen-Z slang translation is not like the ordinary text normalization and machine translation because it depends 
heavily on contextual understanding of words and sentence, emotional expression, and social intent instead of 

simple word to word replacement (Eisenstein, 2013; Hovy & Yang, 2021). As shown in Figure 1, these previous 

methods such as static slang dictionaries depends on fixed mappings and due to this they fail to adapt and work 

with rapidly growing slang and context-based meaning changes (Eisenstein, 2013). Rule-based normalization 
methods try to convert informal language into standard English using a set of manually defined rules but 

however, they start to struggle when the face mixed or incomplete slang usage and mainly fail to achieve, 

meaningful intent (Bucur et al., 2021). Black-box neural translation systems improve this flow using data-driven 
learning but provide limited understandability and weak control over stylistic transformation, this makes 

different slang adaptation difficult to manage and explain (Clark et al., 2019; Sap et al., 2020). These past 

limitations showed a clear research gap in understanding context, meaning understandability, and bidirectional 
slang translation systems. In addition, the availability of evolving informal datasets, such as the Gen-Z slang 
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sentence pairs dataset is also not easy, further highlights the need for adaptive modelling approaches (Kaggle, 

2023). To address these limitations, this proposed T5 Transformer-based framework, built on the Text-to-Text 
Transfer Transformer architecture, introduces model that can understand meaning ahead of surface-level lexical 

forms and understand the slangs (Vaswani et al., 2017; Raffel et al., 2020). This framework can translate in both 

directions, standard English and Gen-Z slang within a combined text-to-text structure, improving adaptability 

all over the linguistic contexts (Johnson et al., 2017; Man et al., 2024; Yano et al., 2024). This model includes a 
controlled lexical improvement to achieve Gen-Z intent while improving generalization in the evolving slang 

patterns (Bucur et al., 2021; Fu et al., 2018). Expressive language modeling helps to preserve emotional tone 

and conversational meaning during the translation process (Felbo et al., 2017; Sap et al., 2020). To increase 
transparency, the proposed framework combines a lexical-level explainability layer that maps word-level 

transformations and provides understandable information into stylistic adaptation processes (Clark et al., 2019; 

Fantozzi & Naldi, 2024). This part directly tackles the understandability limitations of previous neural systems 
and keeps user trust in slang translation outputs. By combining contextual semantic modelling, bidirectional text 

transformation, lexical augmentation, and explainability within Transformer architecture, the proposed model 

aligns with the analytical structure shown in Figure 1. It directly addresses the key research gap by enabling 

understandability in context, and stylistically controlled Gen-Z slang translation while preserving semantic 
meaning and emotional intent. 

4. DATA CORPUS 

The corpus used in this study is available publicly on Kaggle (Kaggle, 2023) as Gen-Z Slang Sentence Pairs. 
The original dataset has approximately 1,000 sentence pairs stored. Each pair has a standard English sentence 

and its Gen-Z slang variant. This data shows the Gen-Z slang language patterns seen in social media, direct 

messaging, and communication between young people (Eisenstein, 2013; Hovy & Yang, 2021). This results, 

that the dataset showcases current slang use, short forms, and different style of Gen-Z communication. The 
dataset represents a low and limited resource parallel corpus because, larger and consistent slang translation 

datasets are currently limited (Kaggle, 2023). This low and limited resource situation matches real-life language 

use, where slang changes quickly and labeled examples are very hard to find and they are very rare (Yang & 
Eisenstein, 2017). The sentence pairs maintain meaning-based equality but show stylistic differences, this 

ensures that the meaning stays the same across standard and slang expressions. This is important for tasks like 

slang translation and style transformation (Fu et al., 2018; Shen et al., 2017). 

In addition to the original sentence pairs, the final corpus includes extended and organized variations comes 

from the base dataset (Kaggle, 2023). These extra data and samples provide more Gen-Z slang versions for the 

current standard English sentences while keeping the original meaning intact. These variations show real 

language use, where different slang expressions can be expressed the same idea depending on context and the 
speaker‘s choice (Sap et al., 2020). Expanding the dataset in controlled way helped in increasing the number of 

aligned sentence pairs increased from about 1,000 to nearly 3,000. This helped achieve more slang variations 

while avoiding unrealistic or inconsistent examples.  The dataset is a structured parallel dataset stored in a 
comma-separated format, with each record containing two main text attributes: a standard English sentence 

labeled as ―english‖ and a Gen-Z slang sentence labeled as ―genz.‖ Each pair creates a semantically aligned 

parallel pair that supports supervised learning for tasks that have stylistic transformation. To support 
Transformer-based text-to-text modeling frameworks (Raffel et al., 2020), task-specific input and output 

formats were derived while keeping the original sentence content. For instance, an input might be structured as 

―translate english to genz: this movie is very good,‖ while the corresponding output would be ―this movie is 

fire.‖ This format helps the model understand translation behavior in a text-to-text learning system. Examples of 
transformations between standard English and Gen-Z slang from the dataset are shown in Table 1. 

Table 1: Sample Sentence Pairs from the Corpus 

Standard English Sentence Gen-Z Slang Sentence 

This movie is very good 
I am really tired today 

My friend is coming later 

I am very excited 
That was really funny 

this movie is fire 
i‘m dead today 

my bro is pulling up later 

i‘m hella hyped 
that was funny fr 

This expanded dataset keeps semantic alignment safe while adding more stylistic alternatives, this allows 

multiple slang expression to connect to a single standard English sentence. This feature allows real-world use in 

online communication, where word choices are different while meaning remains the same (Clark et al., 2019; 
Zhang et al., 2020). 
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In conclusion, the final data corpus has of around 3,000 semantically aligned sentence pairs expanded from an 

initial count of around 1,000 samples. The expanding of the dataset is done with careful stylistic improvements. 
The dataset achieves a balance of realistic language, different stylistic approach, and semantic consistency.  

This makes it useful for examining Gen-Z slang translation and informal language transformation in low-

resource situations (Vaswani et al., 2017; Sennrich et al., 2016). 

5. RESEARCH METHODOLOGY 
The proposed work presents a Transformer-based neural translation framework for translating between standard 

English and Gen-Z slang in both directions. The main goal of this method is to keep the meaning intact while 

allowing for controlled stylistic changes, even in low-resource situations. The system uses the fine-tuned Text-
to-Text Transfer Transformer (T5-Small) architecture, which follows a typical encoder, decoder design and 

treats translation as a single text-to-text task (Raffel et al., 2020). Figure 2 shows the collective design of the 

proposed system. 

 
Figure 2. Architecture of the fine-tuned T5-small Transformer-based Gen-Z slang translation model. 

As shown in Figure 2, the architecture uses a Transformer-based pipeline for bidirectional translation between 

standard English and Gen-Z slang. The process starts with an input sentence that user gives and then the 

sentence is turned into subword tokens using a SentencePiece tokenizer. This helps the model deal with 
abbreviations i.e. shortform and changing slang. The tokens go to the T5 encoder. In this stage, multi-head 

attention, feed-forward layers, and normalization help the model understand the meaning of the sentence in 

context and then these components are then passed to the T5 decoder, after this it start to generate the translated 
text step by step. During this stage, masked self-attention ensures that only previously generated tokens are 

considered, while cross-attention allows the decoder to use the contextual information from the encoder outputs. 

A task-specific textual prefix decides whether to translate from English to Gen-Z or Gen-Z to English. This 

helps a single fine-tuned model work for both directions within a combined text-to-text framework (Johnson et 
al., 2017; Raffel et al., 2020). After decoding, a post-processing layer adds slang generation and normalizes 

standard English conversion. An explainability layer works with post-processing. It works with attention 

patterns and creates word-level transformation mappings between input and output tokens. This increases 
transparency while keeping the original meaning. The final translated output is made after stylistic refinement 

and interpretability analysis. Figure 3 shows the complete workflow of the system. The structure keeps meaning 

consistent while allowing some variation in style for both translation directions. Contextual embeddings created 
by the encoder help ensure the decoding keeps the intent and conversational meaning intact. Lexical addition in 

the translation improves the representation of slang but does not change the original meaning of the sentence. 

This combined process supports clear, understandable, and contextual translation of Gen-Z slang in real-world 

communication. 
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Figure 3. Overall workflow of the Transformer-based bidirectional Gen-Z slang translation pipeline. 

Figure 3 represents the complete workflow of the bidirectional Gen-Z slang translation system. The process 
starts by selecting the translation direction, it can be either from English to Gen-Z or from Gen-Z to English. 

Next, the text goes through preprocessing, which includes adding task-specific textual prefixes, handling noise, 

and tokenization based on the chosen translation direction. These processed tokens are then sent to the fine-

tuned T5 Transformer. Then the encoder creates contextual semantic representations and the decoder generates 
the translated texts step by step. After decoding, the system applies specific post-processing based on the 

translation direction. For converting Gen-Z to English, it goes through lexical normalization. For the English to 

Gen-Z transformation, it injects controlled slang through lexical augmentation. Then the outputs are processed 
by the explainability module, which process at the token-level transformations and attention patterns. This 

creates word-level mappings between input and output. Finally, the system gives the translated sentence along 

with interpretability information, this keeps meaning and style remain correct and consistent in both translation 
directions. 

 
Figure 4: Architecture of the T5-Small Transformer model 

Figure 4 shows the structure of the fine-tuned T5-Small model used in this research. This architecture follows a 

Transformer-based encoder and decoder framework. Both the encoder and decoder have six stacked layers that 

are used to improve semantic understanding and translation quality (Raffel et al., 2020; Vaswani et al., 2017). 
The main process starts when an embedding layer converts tokenized input into numerical vectors. These 

vectors represent semantic meaning and similarity in context. The embeddings layers help the model to 

understand the relationships between slang expressions and their standard English variants. This helps the 
model understand the real meaning of a sentence instead of understanding each word separately and this helps 

model to keep the meaning same during the translation. Then the embedded representations go through the 

encoder stack, where multi-head self-attention tries to understand and capture the relationships between 

contextual word. The feed-forward network then refines the representations, and residual connections add the 
original input back to the output to stop information loss across layers. Layer normalization stabilizes training 
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by maintaining balanced numerical values, supporting consistent and efficient learning throughout the model. 

The encoder outputs create contextual semantic representations that are passed to the decoder through cross-
attention connections. The decoder has six stacked layers as well. It includes masked self-attention, cross-

attention over encoder outputs, feed-forward networks, and normalization mechanisms. Then the masked 

attention layer makes sure the decoder generates tokens one after the other and one by one by only considering 

previously generated outputs only. After this, through autoregressive process, the decoder creates the translated 
sequence while keeping semantic meaning and stylistic consistency safe with with the input text (Raffel et al., 

2020). 

This model is trained with a parallel corpus that has standard English sentences with their Gen-Z slang variants 
as a pair obtained from a public dataset (Kaggle, 2023). It ensures that the meaning stays the same across all the 

different styles. The input sentence given by the user is represented as a sequence of tokens   
            , where xᵢ is the iᵗʰ token in the sentence and n is the sequence length. SentencePiece-based 

subword tokenization converts raw text into subword units. This lets the model handle short forms, different 
spelling variations, and changing slang expressions (Sennrich et al., 2016). Given an input sequence X, the 

model produces an output sequence               , where yₜ is the token generated at time t and m is the 

output sequence length. The conditional probability of generating the target sequence is modeled as: 

    |     ∏ 
                  Equation (1) 

Equation (1) represents sequence generation as the product of conditional probabilities at each and every 

decoding step and this forms the probabilistic foundation of Transformer-based text generation (Raffel et al., 

2020; Vaswani et al., 2017). 

The encoder is responsible for semantic representation of the input sentence before the stylistic transformation. 

It contains a of stacked Transformer layers with multi-head self-attention and feed-forward networks that 

transform tokenized inputs into contextual semantic representations capturing long-range dependencies beyond 
surface lexical patterns. The self-attention mechanism is defined as: 

                        (
   

√  
)      Equation (2) 

Equation (2) computes contextual relationships between tokens using query, key, and value matrices and 

enables the encoder to identify relevant semantic relationships within the sentence (Vaswani et al., 2017). The 

normalization process within the attention mechanism is defined using the softmax function: 

             
   

∑ 
    

          Equation (3) 

Equation (3) shows the conversion attention scores into probabilities. It gives more importance to words that are 

relevant and important in context and less importance to those that are not. This helps the model understand 

language better and understand slang more easily (Vaswani et al., 2017). The decoder then generates the 

translated output step by step. It refers to the words that are previously generated using the masked self-
attention and it also uses the information from the encoder through cross-attention. This connection between the 

input and output helps to correct translated outputs while keeping the original meaning intact and with less 

Noice (Johnson et al., 2017). The T5-small model contains six encoder layers and six decoder layers, and each 
layer uses multi-head attention and feed-forward networks to understand patterns in language and understand 

context all over the sentence. Positional information is added so that the model can maintain the correct order of 

words during processing (Vaswani et al., 2017). After decoding, lexical augmentation is applied to manage 

stylistic changes. The neural model first creates context-aware translations, and then a lexical module adjusts 
slang expressions when converting English to Gen-Z language and applies normalization when translating in the 

opposite direction. This separation allows the neural model to focus on meaning while the lexical component 

controls the style (Bucur et al., 2021; Fu et al., 2018). Normalization is use to remove noise, understand short 
forms, reduce confusion, and maintain the original meaning of the sentence. The lexical step ensures sentence 

accuracy without altering the core and original message. An explainability layer is then used to understand how 

the translation was produced. It studies attention patterns between the encoder and decoder to identify how input 
words influence the generated output (Clark et al., 2019; Sap et al., 2020; Fantozzi & Naldi, 2024). Attention 

information from different heads is combined to create word-level mappings and show how transformations 

occur. This makes the translation process more transparent and easier to interpret. 

This model learns meaning through contextual attention rather than relying on predefined semantic rules. It 
captures language relationships directly from data using representation learning (Vaswani et al., 2017; Peters et 
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al., 2018). The model training done by standard Transformer fine-tuning practices. T5-small Transformer is 

selected for balance performance and efficiency. Both encoder and decoder contain six layers with multi-head 
attention and a hidden dimension of 512. The sequence length is set according to conversational text 

requirements. Training is done by using the AdamW as optimizer with a learning rate of 5×10⁻⁵, batch size of 

eight, and five epochs to ensure stable learning in a low-resource setting (Raffel et al., 2020). This methodology 

combines contextual Transformer modeling, bidirectional translation, lexical augmentation, normalization, and 
explainability within a single framework. This approach keeps the meaning same, allows controlled stylistic 

changes, and produces clear translations suited for real-world Gen-Z slang communication. 

6. RESULTS AND DISCUSSION 
This proposed Transformer-based Gen-Z slang translation system was evaluated using the BLEU (Bilingual 

Evaluation Understudy) score, a widely used metric for evaluating neural text generation. BLEU catches 

overlap between generated and reference text while still allowing acceptable variations in wording. This is 

especially useful for slang translation, where different expressions can express the same meaning (Hovy & 
Yang, 2021; Fu et al., 2018). This model achieved a BLEU score of 0.43, which is strong for a low and limited 

resource dataset containing informal, evolving, and context dependent language. Instead of only matching 

surface-level words, this score shows the model‘s ability to preserve meaning while performing controlled 
stylistic changes. Similar improvements in T5-based translation and multilingual modeling have been covered 

in recent studies (Zhu et al., 2025; Yano et al., 2024).  

A comparison of different model configurations is shown in Table 2, this table shows performance after fine-
tuning of the model and expanding the data. The performance is improved after lexical augmentation; this 

shows that controlled stylistic adaptation plays an important role in informal language translation. Similar 

results have been seen in earlier research on lexical normalization and style-aware neural translation. (Fu et al., 

2018; Bucur et al., 2021). 

Table 2. BLEU score performance comparison 

Model Configuration Dataset Size BLEU Score 

Baseline T5 (no fine-tuning) 

Fine-tuned T5 Transformer 
Fine-tuned T5 + lexical 

augmentation (proposed) 

— 

~1K samples 
~3.5K samples 

(augmented) 

Low / 

Inconsistent 
0.38 

0.43 

In addition to quantitative evaluation, the observations showed that the system consistently preserved meaning 
while generating correct slang expressions that are appropriate for the context. This model avoids unnecessary 

changes when slang is not suitable, which help the model to maintain grammatical clarity and semantic 

consistency. It performed great in both translated directions. It generated Gen-Z slang from standard English 

and converted slang into clear, standard English using the text-to-text framework. Understandability was also 
considered in the evaluation. The system has an attention-based analysis component that provides word-level 

transformation mappings, token relationships, and slang-to-standard correspondences. These features support 

debugging, qualitative assessment, and use in educational or socially sensitive contexts (Clark et al., 2019; Sap 
et al., 2020; Fantozzi & Naldi, 2024). 

From a practical point of view, the Transformer-based architecture supports scalability and easy updates. The 

parallel low and limited resource conditions benefit the T5 model and this makes it suitable for deployment in 
real-world applications (Vaswani et al., 2017; Raffel et al., 2020; Brown et al., 2020). The lexical augmentation 

module allows new slang expressions to be added to the neural model. This separation between contextual 

learning and lexical control improves adaptability in constantly changing language environments. It aligns with 

previous research on informal language processing and social media text normalization (Bucur et al., 2021; 
Camacho-Collados et al., 2022).  

In the end, the results show that the proposed T5-based framework performs well in Gen-Z slang translation in 

low and limited resource settings. This system maintains semantic meaning, applies correct stylistic 
transformations, provides understandability, and remains scalable for real-world use. These features make it 

suitable for applications such as conversational AI, educational tools, and social media language analysis. 

7. CONCLUSION 

In this work, a Transformer-based framework was developed for translating between standard English and Gen-
Z slang under low and limited resource conditions. This system used a T5-Small encoder–decoder architecture 

within a combined text-to-text setting, enabling translation in both directions while keep the sentence meaning 

safe and conversational intent. The research focused on balancing semantic consistency under a controlled 
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stylistic variation, which is very important for informal and socially influenced language translation. This 

evaluation shows that the proposed model achieved a BLEU score of 0.43 on the expanded Gen-Z slang dataset, 
indicating a great alignment between original and translated text even with the challenges of informal, context-

dependent language. The combination of lexical augmentation supported flexible slang generation and 

normalization, while the attention-based explainability component help us to understand word-level 

transformation insights and information that improves transparency and understandability of translation outputs. 
This architecture also supports practical deployment in evolving linguistic environments. The separation 

between contextual semantic modeling and lexical control allows new slang patterns to be added without any 

problem, making the system adaptable to rapid language change. These capabilities position the framework as a 
useful approach for real-world applications such as conversational systems, social media text processing, and 

informal language normalization. The study also talks about the importance of combining contextual modeling, 

conversational control, and understandability when working with informal digital language. Transformer-based 
systems may achieve fluency, but effective slang translation needs attention to emotional tone, conversational 

intent, and explainability of linguistic transformations. By combining these components within a single 

architecture, the proposed method contributes toward more transparent and socially aware NLP systems. This 

work establishes a foundation for future exploration in explainable slang translation and context-aware informal 
language processing, particularly in low-resource scenarios where linguistic variation evolves rapidly (Raffel et 

al., 2020; Vaswani et al., 2017; Bucur et al., 2021; Fantozzi & Naldi, 2024). 

8. FUTURE WORK AND RECOMMENDATIONS 
Future work can focus on increasing the dataset in more different and context-specific slang to improve model 

dependency and ease of use with changing informal language. Focus should be on increasing the variety of the 

corpus to maintain wider stylistic patterns and growing slang expressions in different digital communication 

settings. Using larger or more efficient Transformer models may improve translation quality while keeping 
computational efficiency. The understandability aspect can be extended by using attention-based analysis 

techniques to provide deeper information into translation behavior and improve transparency.  Future efforts 

will aim to strengthen bidirectional translation capability. This will enable more accurate and context-sensitive 
conversion between standard English and Gen-Z slang. Taking user feedback, keep track of real-time slang 

updates and combining both together can help with ongoing system improvement and practical use. These 

improvements will contribute to creating more flexible, scalable, and understandable Gen-Z slang translation 
systems based on fine-tuned Transformer architectures and text-to-text learning frameworks (Raffel et al., 2020; 

Vaswani et al., 2017; Brown et al., 2020). 
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