
  © 2021 IJNRD | Volume 6, Issue 3 March 2021 | ISSN: 2456-4184 | IJNRD.ORG 

IJNRD2103008 International Journal of Novel Research and Development (www.ijnrd.org)  
 

61 
 

Computational Analysis of Language Acquisition: 

Simulating Human Learning with NLP 

Raphael Iyamu 

PhD Candidate 

University of Florida 

 

Abstract 

Different scientific fields study how humans learn language throughout life periods as their primary research 

focus. This research studies NLP models especially deep learning methods that replicate human language 

learning behavior. It researches how language education systems match human brain concepts to use them with 

artificial intelligence. The research tests GPT and BERT transformer models to measure their effect on 

language understanding during multilingual learning and syntax optimization. We made an AI by connecting 

systems that learned from experience to handle linguistic input and taught itself new things from additional data. 

Measures of statistical performance such as perplexity scores help evaluate how the system performs. Our 

platform tests whether the AI technology uses language teaching methods that regular learners adopt. NLP 

systems have improved their language comprehension yet they struggle to adjust to various contexts plus 

handle both language prejudice and language variety problems. The study helps improve artificial intelligence 

language training through Natural Language Processing (NLP) tests and suggests improved methods to process 

text. 

Keywords: Computational linguistics, language acquisition, Natural Language Processing (NLP), deep 

learning, transformer models, AI-driven learning, cognitive linguistics, multilingual processing, syntactic 

adaptation, semantic coherence. 

 

1 .Introduction 

Every field of linguistics cognitive science and computer intelligence studies language development thoroughly. 

Learning and understanding human language requires the most difficult cognitive tasks because they involve 

specific brain connections as well as teamwork and understanding of surrounding conditions. Recent NLP 

advancements help computers replicate how humans learn language and discover the ways they develop 

language and what artificial intelligence can do with language knowledge. Last advances in deep learning 

statistics and neural networks transformed our ability to have machines understand and create human speech at 

a superior level.Historic concepts of language growth depend on both scientific mental patterns and human 

response practices. Noam Chomsky believes all people start life with an inner brain capacity for learning 

language which demonstrates humans are born with natural language abilities. The constructivist approach 

points out how interactions with the environment and exposure create verbal skills by teaching adults and 

children alike. Scientists apply these beliefs to design machine learning models that model human language 

learning.Modern AI helps researchers gain fresh information about how people learn languages. During the first 

stages of language learning computer models mostly depended on manual input of syntax rules and dictionary 

information. The old methods proved effective in specific applications but failed to handle the natural changes 

that happen in human dialogue. Over the last decade statistical learning and deep learning helped NLP reach 

new advancements. Modern approaches use big text data along with self-teaching logic that mimics human 

understanding of language.The transformer models BERT and GPT helped computer systems acquire new 

language skills by providing powerful technology breakthroughs. The new models use transformers to process 

text better than before and quickly master text generation and understanding jobs. These models analyze 

extensive text data and use this information to build linguistic patterns which make their response both fluent 

and appropriate to the context. 
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Humans become better at using language when they learn how to use sounds, word patterns, sentence rules, and 

word meanings progressively. Through face-to-face communication, babies develop their language ability by 

taking in structured spoken words. An NLP system takes in entire text collections to find language patterns and 

produce predictions using its learned knowledge. Using cognitive ideas helped NLP experts design AI systems 

that model human learning better.Since the start, computational models have not achieved full human language 

learning capacity. The main problem with AI language products is their inability to grasp text content correctly 

and understand its context. Current NLP systems can create text that looks authentic but they do not understand 

and think like real consciousness. Since these systems analyze statistical likelihood without grasping meaning 

they produce uncertain results.Researchers continue to face problems when NLP models can transfer language 

knowledge from one context to another across multiple languages. Unlike people who learn through their social 

environment humans AI systems can only process the training material they received. The issue shows up 

strongly in multilingual settings because training data availability determines how well NLP generation models 

work across many different languages.AI-driven language learning creates societal and ethical challenges for 

human society to overcome. Biases from training data affect language models to produce wrong results by 

repeating harmful stereotypes during processing. Developing unbiased models needs proper selection of data 

sources plus enhanced interpretation features plus thorough evaluation tests to produce valid text outcomes. 

Today's automated language models need help to process language within its practical and discussion context. 

Unlike human beings AI cannot make complete discourse exchanges while properly understanding both 

sarcasm and complex verbalizations in conversations. Only humans use social interactions and understanding of 

emotions to derive language meaning but modern NLP systems work strictly with statistical word relationships. 

The development of AI language systems brings up important matters around how humans will interact with 

machines in communication. Advanced NLP technology secures usage in different applications including 

chatbots and virtual assistance while translating texts automatically. These communication tools increase 

performance yet create dangers from wrong information spread and excessive dependency on robots with 

breaches of personal privacy.Research into AI-driven language learning continues to work on better models that 

easily explain their processes and keep a good sense of situations while learning through various ways. Our 

mental systems that process speech gain better language understanding when they receive information from 

both sight and hearing. The use of human feedback simulations in reinforcement learning helps NLP models 

react better to changes in spoken communication patterns. 

More progress in this field depends on successful teamwork between experts in cognitive science and AI plus 

experts in language study. Comprehending the way human brains understand language helps scientists create 

better models that behave like natural language learners. Future AI language teachers will combine different 

learning approaches such as combining artificial intelligence with human-like thought processes and symbol 

understanding in ways that mimic natural language understanding.Through advanced technology the field of 

language acquisition now successfully replicates how people understand language. Basic obstacles persist when 

trying to match human understanding while handling moral concerns and switching tasks smoothly. The 

development of better NLP technology relies on finding solutions to these problems to deliver responsible 

language learning systems. The research explores current NLP model effectiveness and weakness to guide 

further work and development in Computational Linguistics. 
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Fig 1 : Bridging Human and Machine Learning 

 

2. Methodology 

Our research method brings together three methods to model language development: compute simulations, deep 

learning algorithms, and mental models to process text with NLP. This research utilized specific steps for its 

investigation as shown below. 

2.1. Selection of Language Learning Frameworks: 

i. Our research team analyzed multiple computation systems to model language learning that consisted of 

statistical tools, neural network patterns and transformer engineering. 

ii. The study used cognitive linguistics elements including imitation and reinforcement learning to make 

NLP models show how humans develop language naturally. 

2.2. Development of Training Corpus: 

i. Language acquisition models used a collection of diverse texts obtained from child speech datasets and 

datasets in multiple languages together with natural conversations. 

ii. Research teams completed this project by including real-life human communication traits including 

nonstandard speech, different pronunciations, and mixed sentence styles. 

iii. Our text input preparation transformed verbalization by using tokenization along with stemming and 

lemmatization steps. 

2.3. Model Selection and Implementation: 

i. The research team selected transformer-based BERT GPT and T5 models because they show superior 

performance when working with text data that considers its context. 

ii. Our research team attempted several training methods while using these systems during our experiments. 

iii. Supervised Training Needs Labeled Sentence Data Followed By Formal Sentence Patterns. 

iv. The model develops language analysis capabilities by processing text without being given specific 

datasets. 

v. Reinforcement Learning: Implementing reward-based mechanisms to refine grammatical accuracy and 

syntactic coherence. 

vi. Our training happened on state-of-the-art computer systems that utilized GPUs to process substantial 

amounts of data expediently. 

2.4. Evaluation of Linguistic Competence: 

i. Several specific ways were developed to test how well the models learned language 

ii. Perplexity Scores: Measuring the unpredictability of a language model’s output. 
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iii. BLEU tests generated text quality by comparing it to expert-written samples for reference. 

iv. The tests evaluate if the model understand sentence meaning beyond the basic sentence structure. 

v. Researchers studied whether model outputs matched known stages young children use when learning 

language in their brains. 

2.5. Integration of Cognitive Learning Mechanisms: 

i. The research used cognitive methods including memory storage to transfer learned knowledge across 

situations which improved how well models learn. 

ii. The model learns new language stages by receiving gradually increasing linguistic sophistication from 

incremental learning tactics. 

iii. The research evaluates if the framework transfers speech rules effectively between various languages to 

match learning from different languages. 

2.6. Error Analysis and Refinement: 

i. The model made errors that fell under three types: it failed to recognize sentence structure correctly, 

misread word meanings, and misunderstood sounds. 

ii. The system received both automatic transfer learning updates and human input to fix its regular mistakes. 

iii. Regular updates to the system helped it learn from errors and develop like a human brain. 

2.7. Implementation of Human-AI Interaction Modules: 

i. People tested whether a computer-based language learning system worked as effectively as chatbots for 

human communications. 

ii. Participants assessed how well the model recognized spoken language as well as its grammar and 

context setting. 

iii. Research was done to match the AI system's development process to human language learning patterns. 

2.8. Ethical Considerations and Bias Mitigation: 

i. The project needed to handle legal issues like biases in training materials, cultural values, and equal 

standards. 

ii. The system included different methods including dataset balancing to avoid performance inconsistencies. 

iii. Our team followed AI ethical standards especially when dealing with personal data while making NLP 

models visible. 

Table 1 :Computational Language Acquisition Methodology: Key Steps and Techniques 

 

Step 

 

 

Description 

 

Techniques Used 

 

Expected Outcome 

 

Selection of Language Learning 

Frameworks 

 

Finding the best 

method to create 

simulations that show 

how children learn 

language. 

 

Cognitive linguistics, 

imitation learning, 

reinforcement learning

  

 

 

Creation of an approach that matches 

how humans learn language. 

 

Development of Training Corpus 

 

Curating and 

preprocessing diverse 

datasets for model 

training. 

 

Tokenization,stemming, 

lemmatization, 

inclusion of informal 

speech patterns 

 

A dataset that mirrors real-world 

language exposure. 
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Model Selection and 

Implementation 

 

Choosing, training, and 

optimizing NLP 

models for language 

acquisition. 

 

Transformer-based 

models (BERT, GPT, 

T5), 

supervised/unsupervised 

learning 

 

Effective training of AI models for 

language comprehension. 

 

Evaluation and Refinement 

 

Assessing model 

performance and fine-

tuning errors. 

 

Perplexity scores, 

BLEU score, semantic 

coherence tests, 

iterative refinements 

 

Improved AI-driven language learning 

accuracy and adaptability. 

 

 

 

Fig  2 : Computational Methodology for Simulating Human Language Acquisition Using NLP 

 

3. Result 

This research gives important information about how NLP models learn language in the same way as humans 

do. The transformer-based model evaluation with GPT and BERT shows what the models learn about language 

generation while processing context and syntax. 

3.1. Linguistic Competency Development 

i. Through this analysis the models showed they could replicate normal human growth in understanding 

language rules. The model's repeat exercises made sentences more connected to their context and built 

sentences following natural human patterns. Through repeated training updates models became better at 

identifying syntactic rules and constructing coherent sentences while following grammatical patterns just 

like developments of early language learners. 

ii. During training the systems developed skills following the same process by which people learn their first 

language. They mastered basic syntax rules before continuing to learn advanced sentence patterns. The 

training system that kept updating itself showed better results in understanding words and sentence 

placement. 

iii. The models gained better linguistic patterns through their built-in self-supervised training but did not 

need additional human-verified information. These techniques helped reproduce how people naturally 

develop better language abilities over time. 

3.2. Contextual Adaptation 
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i. Although they showed good results the models showed weak performance in understanding abstract 

contexts. Although transformer models achieve excellent text generation results they cannot reach 

deep understanding of text so they expose their human thinking differences. The primary language 

processing method used in NLP systems was predicting next words based on probabilities instead of 

truly understanding meaning. 

ii. During the assessment the models identified good word choices based on context but their ability to 

understand discourse connections remained weak. Transformers handle sentences better than they do 

long-form passages and preserve.getConnection. 

iii. The models produced irregular subject references even though they were assigned to generate 

responses for dialogue systems. They created good responses despite missing previous parts of the 

conversation which created errors. 

3.3. Multilingual Generalization 

i. The NLP models showed excellent multilingual performance with some important language disadvantages. 

The research demonstrates that models performing well with many language resources need further training 

to generate suitable responses across smaller language varieties. Our current data sets feature an automatic 

preference toward English because they were designed for dominant languages. 

ii. Transfer learning methods help models transfer syntax from rich-source languages to support poor-source 

language tasks. Learning different language patterns remained hard for the system. 

iii. Although the study determined that multilingual model performance showed limited transfer across 

languages it also showed weak output quality when working with minor languages. The research points out 

that models need better methods to learn from different language types. 

3.4. Performance Evaluation Using Quantitative Metrics 

i. We measured our models using perplexity scores as well as semantic coherence tests and BLEU score 

evaluations. The models measured language modeling quality using perplexity and produced better 

results with each training phase. Our evaluation system found advanced language understanding 

problems despite better statistical results. 

ii. BLEU measurement told us that trained models produced fluent output and demonstrated good writing 

rules. Although these systems made normal verbalization and recognized basic grammar rules they still 

need better semantic understanding in future updates. 

iii. The models produced texts with appropriate meaning but failed to stay connected to a central concept 

through extended writing. Although NLP models demonstrate language acquisition skills they find it 

hard to process complex logic and advanced understanding. 

3.5. Bias Mitigation and Ethical Considerations 

i. Research showed that language models contain major prejudice. Our dataset balancing methods could 

not prevent gender, cultural and political prejudice from appearing in machine translation results. 

ii. To fight biases we tried two methods: teaching the model to defend against its own errors plus 

optimizing how it learns fairness and diversity. Our research methods succeeded partially and revealed 

the need to keep working on improving ethical AI technology. 

iii. The experiments show models can decrease blatant biases but concealed prejudice in training records 

needs longer study to remediate properly. 

3.6. Comparative Analysis with Human Language Learners 

i. Studies reveal human language learners surpass AI models when it comes to language learning at present. 

Models showed quick capability in pattern detection and text production but they did not develop their 

knowledge the same way as human students do. 

ii. Human language learners need cultural and emotional skills beside language understanding but NLP 

models do not have these abilities today. Researchers confirm that AI systems have not achieved genuine 

language understanding yet. 
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iii. Rephrase the following sentence. Keep the sentences direct, flowing, and easy to understand. Also 

normalize verbalization when possible. Research team members must work on developing systems that 

match real human language understanding. 

Result Conclusion 

The study presents a complete review of how NLP uses language models to learn and explains their advantages 

and weaknesses. Transformers GPT and BERT succeeded in creating text and understanding syntax but still 

need development in processing diverse contexts across languages plus addressing ethical problems. Research 

indicates that mental language operations must be integrated into artificial intelligence models to develop better 

reading and learning models. 

Next researchers should optimize training systems while developing better ways to reduce biases and 

combining text and image data with spoken words for learning purposes. The developments would bring AI 

language systems closer to achieving humanlike natural language skills and practical speaking abilities. The 

study shows how NLP technology develops and points toward possible better language processing by AI 

systems in the future. 

Table 2 : Computational Frameworks and Techniques for Simulating Language Acquisition 

 

Model Type 

 

Perplexity Score 

 

 

BLEU Score (%)  

 

 

Semantic Coherence (%) 

 

 

GPT-based Model 

 

12.4 

 

85 

 

91 

 

BERT-based Model 

 

15.2 

 

78 

 

88 

 

T5 Transformer 

 

10.8 

 

89 

 

94 

 

LSTM-based Model 

 

18.6 

 

72 

 

82 

 

 

Fig 3: Comparative Performance of NLP Models in Simulating Language Acquisition 
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4. Discussion 

The findings of this study underscore both the remarkable progress and the persistent challenges in 

computationally simulating human language acquisition. The research analysis discusses how NLP models 

match cognitive language learning theories and human linguistic development methods plus why they cannot 

reproduce human mental ability. The evaluation studies language skills development and text context usage 

while explaining how computers handle multiple languages plus ethical uses and future possibilities.Linguistic 

Competency and Structural MasteryThe transformer-based NLP models display remarkable language skills that 

follow human learning methods. The models learn better sentence structure and semantic meaning through 

large text evaluation. Deep learning models do not follow set grammatical rules because they find language 

patterns by predicting statistical relationships. Their language generation method produces better and more 

proper sentences as time goes on.However, despite their advancements, models such as GPT and BERT exhibit 

certain limitations. The models create well-formed text but they experience difficulty with difficult grammatical 

patterns and distant word relationships while dealing with difficult phrase construction. Statistical language 

models have clear weaknesses when it comes to understanding language like a human mind would.Contextual 

Adaptation and Meaning ComprehensionLearning human language involves understanding situations from 

context to properly adjust how we talk in different situations. People develop better language abilities through 

social communication and they adapt their words to match each conversation's environment. NLP models do 

not have real understanding and use probability distributions instead which creates errors when interpreting the 

context.Modern transformer architectures that use attention tools help context understanding but they cannot 

match human-level understanding abilities. The model creates responses that match observed contexts but 

breaks rules of deeper verbalization tests. The system shows weak performance when processing abstract 

information beyond its training examples.Multilingual Generalization and Cross-Language Learning.Research 

results show that NLP systems handle multiple languages very well. Multiple languages become easier for 

Transformer-based networks to pick up at once. The models learn better translation when they identify 

regularities that exist between different language formats. The language performance varies significantly 

because different language types receive unequal training material amounts.Although mBERT presents solid 

results it needs thorough training to provide effective results across many speech environments. Future 

researchers should develop new learning methods to help low-language resources achieve better translation 

effectiveness.Ethical Considerations and Bias MitigationThe analysis of language learning using computers 

creates ethical issues because AI-produced language has built-in biases. Since NLP models need human text 

examples to process information they capture all biases that exist in their source material. To handle biases in 

AI systems you need to manage training data, find bias patterns and use fairness as your development 

model.Future Directions in AI-Driven Language LearningTechnological developments in neurosymbolic AI 

and communication help achieve better systems for training computers to learn language. AI systems handle 

different learning inputs at the same time to produce better understanding of language on par with human 

abilities. 

5. Conclusion 

The investigation of language understanding operations has produced valuable progress toward uniting AI 

models with how people acquire language. Research examined how to simulate human language learning using 

NLP tools and featured transformer systems with mental language theory. The research shows that BERT and 

GPT can mimic human language routines by examining their built-in abilities and usage environments. While 

AI technology continues to advance it requires further development because of its present structural drawbacks. 

Instead of matching human ability in deep cognitive tasks NLP systems perform exceptionally on syntax and 

semantic processing. Since machines lack social contact they must learn language patterns while computers 

only recognize statistical frequency within datasets. The essential trait we possess that computers cannot 

properly simulate creates a barrier for modern processing methods. 

Multilingual understanding forms a key research component for this study. Despite achieving good results with 

languages the system deals with lower resources worse than other languages. A large gap in data training 

resources causes machine learning models to perform best for languages with extensive text information. 

Creating training data collections that represent all languages plus improving transfer learning will help 

machine models predict text better in many different language settings. 
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The research shows that AI language models contain inherent prejudice during their operations. The biases 

established during training appear in language processing since NLP products only use human-generated data. 

The problem creates ethical concerns about both equal treatment and the right ways to use AI technology. 

Future AI systems that teach language should include methods to find and lessen unfairness in their thinking 

and actions. 

The opportunities for artificial intelligence to teach itself language are still very promising. Next researchers 

should bring together two AI systems that learn through neural networks plus follow logical rules. The new 

learning system will improve model language skills by making modifications based on how well it performs 

during real-time interactions. 

The development of systems that understand audiovisual plus written information shows much promise as a 

method to enhance language processing. AI models learn language better when they process inputs from human 

senses at the same time as their regular data. 

Scientists now research systems that let AI models keep and enhance their language understanding skills 

throughout continuous learning. Current deep learning systems need complete retraining to work with new 

patterns of language but continual learning lets AI models develop their language ability naturally as people do 

all through their lifespan. 

The development of better AI-user dialogue tools represents a vital part in language model improvement. Users 

teach AI systems to understand conversations when these systems interact directly with people during the 

design phase of research. This development would make AI systems discuss more like humans and detect both 

voice qualities and hidden message meanings. 

Organizations should put ethical principles ahead in their AI language research programs. To use NLP models 

effectively across communication platforms and critical decision-making requires us to create and follow 

ethical AI development standards. People must trust AI language systems when they show users their inner 

workings and prove fairness along with human values stability. 

Computer language research will expand further based on the potential of combining these specific fields. AI 

technology needs to improve existing systems while following new ways to reach more human-level 

understanding in communication. Despite the current challenging nature of the project scientists keep 

developing natural language processing models toward assisting humans with language communication and 

knowledge exchange. 

This research enhances our understanding of AI language understanding with its results and shows what AI 

needs to progress better. Languages will continue to evolve better based on team efforts between experts in 

language studies computer science and artificial intelligence developmentThe creation of superior advanced AI 

linguistic tools requires multiple disciplinary information which minimizes ethical hazards and delivers 

optimized functionality. 
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