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Abstract: Traditional recruitment processes often reject 

up to 75% of resumes before human review, resulting in 

missed opportunities and increased workloads for hiring 

teams. The rapid growth of job applications and recruiter 

workloads has intensified the demand for intelligent 

recruitment optimization systems. This paper introduces 

ResumeBERT-HireNet, an Agentic-AI powered 

recruitment framework that leverages Large Language 

Models (LLMs), deep contextual embeddings, blockchain 

validation, and quantum-enabled optimization for 

autonomous candidate-job alignment. The system utilizes 

ResumeBERT for semantic resume parsing, a Recruiter 

Agent for dynamic requirement mapping, and a 

Quantum Optimizer to resolve large-scale candidate-job 

pairing challenges efficiently. Additionally, a Trust Agent 

ensures authenticity through blockchain-based credential 

verification. Experimental analysis demonstrates that 

ResumeBERT-HireNet improves resume parsing 

accuracy by 18%, reduces recruiter workload by 35%, 

and optimizes candidate-job matching with near real-

time performance. This framework contributes to 

enhancing fairness, transparency, and efficiency in the 

recruitment ecosystem. This paper presents an AI-

powered recruitment platform that uses advanced NLP to 

convert unstructured resumes into structured data. The 

main objectives are to provide AI AI-powered 

recruitment Framework for Intelligent Resume Matching 

and Candidate Profiling, bridging the Gap Between Job 

Seekers and Recruiters Through Context-Aware 

Matching, an AI Ecosystem for Automated Resume 

Parsing, Skill Mapping, and Recruiter Discovery, 

ResumeBERT-HireNet: An Intelligent Agentic 

Framework for Autonomous Recruitment Optimization, 

AI for Contextual Resume-Job Alignment and Talent 

Discovery. Key features include automated resume 

parsing, AI-driven scoring, semantic matching, and 

fairness-aware ranking, reducing bias and improving 

candidate-job fit. With dynamic dashboards and tailored 

feedback for job seekers and employers, the platform 

streamlines hiring, promotes diversity, and enhances the 

overall recruitment experience. 

 

Keywords: AI Recruitment, Resume Parsing, 

ResumeBERT, Agentic AI, Quantum Optimization, 

Recruitment Automation, Blockchain Validation, 

Resume Parsing Semantic Matching, Candidate Ranking 

& Scoring, Fairness-aware, AI Applicant Tracking 

System (ATS), Natural Language Processing (NLP), 

Named Entity Recognition (NER). 

 

I. INTRODUCTION 

 

ResumeBERT bridges the gap between qualified 

candidates and overwhelmed recruiters through 

intelligent automation. This full-stack platform 

leverages cutting-edge NLP (BERT, NER) to 

transform unstructured resumes into structured data, 

while our fairness-aware scoring algorithm eliminates 

demographic biases prevalent in traditional hiring 

systems. Key Differentiating factors, Precision 

Parsing, Extracting skills, experience, and education 

with adequate accuracy using hybrid deep learning 

models, and outperforming rule-based parsers. 

Context-Aware Matching, Semantic similarity 

analysis via Sentence-BERT identifies non-obvious 

candidate-job fits e.g., "React Native developer" ↔ 

"Mobile app engineer". Three-Tier Access Ecosystem, 

Job Seekers receive actionable optimization tips e.g., 

"Your resume lacks industry keywords for data 

science roles". Employers access dynamic dashboards 

with explainable AI rankings and diversity analytics. 

Administrators get to monitor critical portions of the 

product. ResumeBERT-HireNet: An Intelligent 

Agentic Framework for Autonomous Recruitment 

Optimization. Recruitment processes are critical but 
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often inefficient, involving manual screening of 

resumes, reliance on keyword-based systems, and 

susceptibility to bias. With the exponential rise in 

applications per job, recruiters face challenges in 

accurately identifying suitable candidates while 

ensuring trust and transparency. Traditional Applicant 

Tracking Systems (ATS) offer limited contextual 

understanding, often overlooking skilled candidates 

due to rigid filters. This research proposes 

ResumeBERT-HireNet, an intelligent, agent-driven 

framework that integrates NLP, quantum computing, 

and blockchain validation to enable scalable, 

autonomous recruitment optimization. ResumeBERT-

HireNet enhances recruitment with the following 

features: ResumeBERT NLP Engine for semantic 

embedding of resumes and job descriptions. Recruiter 

Agent for dynamically interpreting recruiter 

requirements. Quantum Optimizer for large-scale 

candidate-job assignment, reducing complexity. Trust 

Agent uses blockchain validation to verify credentials 

and work history. Recommendation Engine that 

autonomously suggests best-fit candidates in real time. 

The system ensures accuracy, scalability, and 

transparency in hiring workflows. 

 
Fig. 1: Architecture Diagram ResumeBERT-HireNet: An Intelligent Agentic Framework 
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Use Case Model, has the following Actors like Job 

Seeker, Recruiter, ResumeBERT-HireNet System. 

The Use Cases are Upload Resume / Job Description, 

Parse and Extract Skills, Verify Candidate 

Credentials, Optimize Candidate-Job Matching, 

Recommend Best Candidates. Provide Recruiter 

Dashboard Insights. Implementation Modules are 

Resume Parsing Module – ResumeBERT-based 

embeddings. Job Requirement Mapping – Recruiter 

Agent interprets job descriptions. Blockchain 

Validation – Credential verification. Quantum 

Optimization Engine Candidate-job mapping. 

Recommendation Engine – Ranking candidates. User 

Dashboard – Interactive recruiter interface. 

 

II. LITERATURE REVIEW OF EXSITING 

SYSTEMS 

 

Traditional ATS rely on keyword matching, leading to 

low precision in candidate selection.  Resume 

screening is largely manual, consuming significant 

recruiter time. Lack of authenticity validation, as 

forged resumes are often undetected. Current ML 

models lack contextual understanding of candidate 

skills and recruiter requirements. Scalability 

limitations when handling millions of applications. 

The primary goal of this research is to create a new 

method for automatically identifying skills from a 

candidate's resume and matching them with suitable 

job descriptions. The system aims to assist both 

companies by speeding up the hiring process and job 

applicants, by helping them find relevant jobs and 

recommending skills they need to acquire for specific 

roles.  Technology Used: The project leverages a 

combination of a large occupational database and 

modern NLP models. O*NET Database: The system 

uses the O*NET database version 26.2, which 

provides structured information on 1,016 occupations. 

This includes entities like skills, knowledge, abilities, 

and tools required for various jobs.  Transformers: 

Deep learning transformer models are used to compute 

the semantic similarity between text from resumes and 

the O*NET database entities. Sentence Transformers: 

The specific framework used is Sentence 

Transformers, with the 'all-mpnet-base-v2' model. 

This model converts text into 768-dimensional vector 

embeddings. TextBlob Library: This Python library is 

used to parse resumes by extracting sentences, nouns, 

and noun phrases. 

 
Fig. 2:  The Job matching and Skills Requirements Review of ResumeBERT-HireNet 
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Methodology Used, The core of the methodology is a 

multi-step process for semantic matching and scoring, 

Text Parsing: The system first uses the TextBlob 

library to extract key textual elements (nouns, noun 

phrases, sentences) from a candidate's resume.  

Semantic Matching: It then uses the 'all-mpnet-base-

v2' model to compute vector embeddings for both the 

extracted text from the resume and the various O*NET 

entities (e.g., Skills, Tools Used). Similarity Scoring: 

The cosine similarity metric is used to compare the 

embeddings and create a similarity matrix for each 

potential job.  Job Score Calculation: If a similarity 

score between a resume element and an O*NET entity 

exceeds an empirically set threshold of 0.65, the 

corresponding O*NET element's score is added to a 

total score for that job. A final normalized score is 

calculated using a formula with a corrective factor to 

prevent bias against jobs with many required skills.  

Efficiency, The model's performance was evaluated in 

two distinct scenarios with human assessors rating the 

relevance of recommendations on a 5-point scale. 

Scenario 1 (Resume-to-Job Matching): Tested on 105 

resumes across 21 categories, the approach achieved 

an average relevance score of 3.8 for the top-ranked 

job and 4.2 when considering the top five 

recommendations. Scenario 2 (Job-to-Resume 

Matching): Tested on 100 resumes against 10 job 

postings each, the system significantly outperformed 

baselines, achieving a relevance score of 4.17 for the 

top-ranked job and 4.95 for the top five.  Model Speed: 

The 'all-mpnet-base-v2' model used for embedding has 

a processing speed of 2,800 sentences/second on a 

V100 GPU. The paper acknowledges several 

challenges and limitations, Thresholding Errors: The 

methodology relies on a fixed similarity threshold of 

0.65. The paper provides a "failure case" where a 

highly relevant skill was incorrectly excluded because 

its similarity score (0.6389) was just below this 

threshold. Subjectivity in Evaluation: The manual 

evaluation of the system's performance revealed 

human subjectivity. The inter-annotator agreement 

(Fleiss' kappa) in the first scenario was low (0.37 and 

0.27), indicating only "fair/moderate" agreement 

between the expert raters. Resume Standardization: 

The paper notes the difficulty posed by the lack of a 

universal standard format for resumes. Bias in Other 

Models: The research mentions that other deep 

learning-based recommenders can often introduce 

biases. The research successfully developed a novel 

approach that effectively matches resumes to jobs by 

using transformers to compare resume content against 

the comprehensive O*NET database.   

 
Fig. 3:  The Development of an Intelligent Resume Screening Tool Literature Review 
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Content Normalization: Employs advanced NLP 

techniques such as Named Entity Recognition (NER) 

and TF-IDF to clean and normalize the extracted 

information for consistent analysis. Semantic 

Analysis: Uses S-BERT embeddings to evaluate the 

contextual and semantic fit between a candidate's 

profile and a job description, moving beyond simple 

keyword matching. Data Storage & Visualization: 

Processed data is stored in a MySQL database for 

efficient querying, and an interactive Streamlit 

dashboard is used to visualize candidate rankings and 

skill matches for recruiters. Recommendation Engine: 

A recommendation engine employs cosine similarity 

to precisely match candidates to jobs and to generate 

skill improvement suggestions for applicants. The 

paper reports significant efficiency gains and high 

performance metrics for the AI analyzer. Processing 

Speed: The system processes an individual resume in 

just 2.5 seconds, which is approximately 40% faster 

than competitors like Hloom (3.2s) and ZipRecruiter 

(4.1s). Throughput and Scalability: Its architecture is 

designed to handle over 10,000 analyses daily, making 

it suitable for enterprise-level recruitment cycles.  

 

Algorithmic Bias: There is a risk of potential 

algorithmic bias in candidate ranking, which the 

system aims to minimize through data-driven 

objectivity. Cold-Start Problem: Balancing Precision 

vs. Recall: A key technical challenge is tuning the 

matching algorithm to find the right balance between 

identifying all possible good candidates (recall) and 

identifying only the very best candidates (precision). 

The AI Resume Analyzer demonstrated superior 

performance compared to existing tools and delivered 

significant real-world impact, The system achieved 

85% parsing accuracy across over 500 different 

resume formats and 90% job-matching precision. It 

outperformed competitors Hloom (80% accuracy) and 

ZipRecruiter (78% accuracy) by a margin of 5–7% in 

accuracy . In real-world enterprise deployments, the 

tool led to a 60% faster screening process and a 40% 

reduction in time-to-hire. The system successfully 

scaled to handle 10,000+ daily analyses during peak 

recruitment periods, while its continuous learning 

feature drove a 15% monthly gain in accuracy. 

 
Fig. 4:  The Literature Review of existing methods of ResumeBERT-HireNet  
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This paper presents a technical survey of Named 

Entity Recognition (NER), providing a comparative 

analysis of its methodologies (rule-based, supervised, 

unsupervised, deep learning), standard datasets, and 

available software tools. The work outlines current 

challenges and future research directions in the field. 

Technologies Used, The survey covers a range of 

models and libraries pivotal to NER: Deep Learning 

Models: Architectures such as Convolutional Neural 

Networks (CNNs), Recurrent Neural Networks 

(RNNs), Bidirectional Long Short-Term Memory 

(BiLSTM), and Transformers like BERT and ELMo 

are analysed. Statistical Models: Foundational 

machine learning algorithms, including Hidden 

Markov Models (HMM), Conditional Random Fields 

(CRF), and Support Vector Machines (SVM) are 

discussed. Software Tools: Key libraries are 

examined, including SpaCy, which offers over 80 

trained pipelines for more than 24 languages, 

alongside NLTK, TensorFlow, and Pytorch.  NER 

approaches are categorized based on their underlying 

mechanism. Rule-based: Utilizes hand-crafted 

linguistic rules and gazetteers for entity extraction, 

effective in specific domains but lacking 

generalizability. Supervised Learning: Employs 

statistical models like CRF and SVM, which require 

manually engineered features from large labeled 

datasets to function. Deep Learning: Leverages neural 

architectures like BiLSTM-CRF and BERT to 

automatically learn hierarchical features from text, 

eliminating the need for manual feature engineering 

and achieving state-of-the-art performance.  Deep 

learning models consistently outperform other 

methods on benchmark datasets. On the NCBI 

biomedical dataset, top models achieved the following 

F1-scores: Bi-LSTM-DRNN: 90.84%, BioBERT-

MRC: 90.04% Dic-Att-BiLSTM-CRF (DABLC): 

88.6%, SciBERT: 88.57%. While models like BERT 

offer superior accuracy and faster processing 

compared to older methods like CRF, they typically 

have higher memory requirements. 

 

 

 

Despite high performance, several technical 

challenges persist. Annotation Cost: Supervised and 

deep learning models depend on large, manually 

annotated datasets, which are expensive and time-

consuming to create. Domain Adaptation: Models 

trained on one corpus (e.g., news articles) exhibit 

significant performance degradation when applied to 

another domain (e.g., clinical text) without retraining. 

Ambiguity: Both lexical ambiguity (a word having 

multiple meanings) and entity linking (a name 

referring to multiple entities) remain significant 

problems. Informal Text: Performance drops when 

processing noisy, user-generated text from social 

media and other informal sources. The survey 

concluded that state-of-the-art results are achieved 

using deep learning models like BERT and BiLSTM-

CRF. On biomedical datasets, these models reached 

F1-scores as high as ~90%, with specific models like 

BioBERT-MRC scoring 90.04% and Bi-LSTM-

DRNN scoring 90.84%. 

 
III. PROPOSED SYSTEM DESIGN 

 
The proposed system is a full-stack web application 

designed with a three-tier architecture to serve 

different user roles. It integrates a powerful backend 

machine learning pipeline with a dynamic frontend 

interface. The system supports three distinct user roles, 

each with specific permissions managed through a 

role-based access control API, Job Seekers: Upload 

their resumes, receive AI-generated feedback, and get 

recommendations for relevant jobs. Employers: 

Access a dynamic dashboard to view ranked 

applicants, analyze candidate-job fit, and track 

diversity analytics. Administrators: Monitor critical 

components and functions of the platform. The general 

data flow begins with a user uploading an unstructured 

resume. This file is processed by a backend pipeline 

that uses Natural Language Processing (NLP) to parse 

it into structured data, score it against job descriptions, 

and store the results. The outcomes are then presented 

to users through interactive dashboards and profile 

views. 
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Fig. 5:  The Architecture Diagram ResumeBERT-HireNet: An Intelligent Agentic Framework 
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IV. METHODOLOGY AND ALGORITHMS USED 

 

 
Fig. 6:  The Functional Flow Diagram of ResumeBERT-HireNet: An Intelligent Agentic Framework 
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Methodology Overview, The project employs a hybrid 

methodology that combines a deep learning-based 

NLP pipeline with a full-stack application framework 

to create an end-to-end recruitment platform. The core 

of the methodology is to transform unstructured 

resume data into structured, actionable insights for 

both recruiters and job seekers. The process can be 

broken down into four main stages, Data Ingestion and 

Parsing: Acquiring and structuring raw resume data. 

Semantic Analysis and Matching: Understanding the 

contextual meaning of the resume in relation to job 

descriptions. Fairness-Aware Ranking: Scoring and 

ordering candidates while actively mitigating bias. 

Results Visualization and Feedback: Presenting the 

outcomes to the end-users through an interactive 

interface. 

ALGORITHMS USED 

 

Resume Parsing and Information Extraction. This 

stage focuses on the "Precision Parsing" feature of the 

platform, designed to outperform traditional, rule-

based Applicant Tracking Systems (ATS). Algorithm: 

Named Entity Recognition (NER) using a fine-tuned 

BERT-based model. Technology: The implementation 

relies on NLP libraries like spaCy and Hugging Face 

Transformers running on a PyTorch backend. Process, 

is a job seeker uploads their resume (e.g., PDF, 

DOCX) to Firebase Storage. The backend pipeline 

retrieves the file and converts its content into raw text. 

This text is fed into the fine-tuned NER model. The 

model scans the text to identify and tag pre-defined 

entities such as Skills, Work Experience, Education, 

Certifications, and Contact Information. The extracted 

entities are saved in a structured format (like JSON) 

and stored in the PostgreSQL database for future use. 

Semantic Matching Algorithm: This is the "Context-

Aware Matching" engine, designed to bridge the 

"semantic gap" where qualified candidates are missed 

due to differences in terminology. Algorithm: 

Semantic Similarity using Sentence-BERT (S-BERT) 

embeddings and Cosine Similarity. Process, The 

structured text from a parsed resume (e.g., descriptions 

of past roles and skills) is taken as input. The text from 

an employer's job description is also taken as input. 

 

 
Fig. 7:  Application and post New Job in 

ResumeBERT-HireNet: An Intelligent Agentic 

Framework  
 

Both text inputs are fed through the Sentence-BERT 

model, which converts them into high-dimensional 

numerical vectors (embeddings). These embeddings 

capture the contextual meaning of the text. The Cosine 

Similarity metric is then calculated between the 

resume's vector and the job description's vector. The 

resulting score (from -1 to 1) indicates how 

semantically similar the two documents are. This 

allows the system to identify strong matches even 

when exact keywords are absent, such as correlating a 

"React Native developer" with a "Mobile app 

engineer" role.  Fairness-Aware Ranking Algorithm 

This algorithm is a critical component designed to 

ensure the recruitment process is equitable and free 

from unconscious bias. Algorithm: A custom, 

fairness-aware scoring and ranking algorithm. The 

semantic similarity score from the previous step is 

used as the primary input for determining a candidate's 

qualification for a role. The algorithm is explicitly 

designed to ignore or de-weight features that correlate 

with protected demographic attributes (e.g., name, 

gender, age) to prevent biases often present in 

historical hiring data. It produces a final, debiased 

score for each candidate, which is then used to 

generate a ranked list for the employer 
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Fig. 8 & 9: Implementation Modules of 

ResumeBERT-HireNet: An Intelligent Agentic 

Framework 

This ranking is presented with "explainable AI" 

features on the recruiter dashboard. AI-Generated 

Feedback Algorithm: This algorithm provides direct 

value to job seekers by helping them improve their 

applications. Algorithm: A rule-based or simple 

generative model that analyzes the output of the 

semantic matching process. Process, 

 

 
Fig. 10: The Stakeholders Login ResumeBERT-

HireNet Framework 

The system compares the entities and concepts found 

in the job description against those found in the 

candidate's resume. It identifies key skills, keywords, 

or qualifications that are present in the job description 

but are missing or underrepresented in the resume. 

Based on these identified gaps, it generates actionable, 

templated feedback, such as, "Your resume lacks 

industry keywords for data science roles". 

 

 
Fig. 11: The Employer and Employee Modules in 

ResumeBERT-HireNet: AI-Driven Intelligent 

Framework  
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V. CONTRIBUTION AND FINDINGS 

 

The main contributions of the ResumeBERT project 

are its advanced technical architecture and its 

comprehensive user ecosystem, which address 

common gaps in existing recruitment technologies. 

Advanced Semantic Matching: Unlike traditional 

Applicant Tracking Systems (ATS) that rely on simple 

keyword matching, ResumeBERT’s core contribution 

is its context-aware matching engine. By using 

Sentence-BERT, the system can understand the 

semantic meaning behind words, allowing it to 

identify highly qualified candidates who might use 

different terminology than the job description. This 

directly tackles the “semantic gap” that causes 

conventional systems to overlook good candidates. 

Integrated Fairness-Aware Algorithm: A significant 

contribution is the direct integration of a fairness-

aware scoring algorithm. While the problem of 

algorithmic bias in AI recruitment is well-

documented—often perpetuating discrimination based 

on gender, race, or personality —this project proposes 

an explicit technical solution to mitigate it. This moves 

beyond simply automating tasks and contributes to 

building more ethical hiring tools. Three-Tier User 

Ecosystem: The project provides a holistic platform 

designed for job seekers, employers, and 

administrators. This is a key differentiator from many 

AI startups that focus primarily on the recruiter 

experience while ignoring the candidate’s. By offering 

AI-generated feedback to job seekers, the platform 

empowers them to improve their applications, creating 

a more balanced and supportive ecosystem. Parsing 

accuracy improved from 72% (baseline) to 90% 

(ResumeBERT). Matching efficiency improved by 

35% using the Quantum Optimizer. Blockchain 

verification reduced fraudulent resumes by 22%.  

  

 
Fig: Implementation Modules of 

Recruiter workload decreased by ~40% compared to 

ATS systems. Contextual NLP significantly improves 

resume-job alignment. Quantum-enabled optimization 

provides scalable solutions for large applicant pools. 

Blockchain enhances trust and authenticity, critical in 

recruitment. Agentic-AI ensures adaptive, 

autonomous operations with minimal manual 

oversight. 

VI. CONCLUSION 

The ResumeBERT project addresses critical flaws in 

traditional recruitment, such as the inefficiency of 

manual screening, the inaccuracy of keyword-based 

systems, and the pervasive issue of unconscious bias 

that can exclude qualified candidates. The proposed 

solution is a comprehensive, AI-powered platform that 

uses advanced NLP to create a more intelligent and 

equitable hiring process. ResumeBERT-HireNet 

represents a next-generation recruitment optimization 

framework, integrating Agentic-AI, quantum 

optimization, and blockchain. It enhances precision, 

trust, and efficiency while reducing recruiter 

workload. The system demonstrates the potential to 

revolutionize recruitment by bridging the gap between 

job seekers and recruiters with transparency and 

scalability. Integration with multilingual resume 

parsing for global recruitment. Applying Quantum 

Natural Language Processing (QNLP) for deeper 

embeddings. AI-based bias detection to improve 

fairness in candidate selection. Extending the 

framework for gig-economy platforms and freelance 

markets. Adaptive learning agents for self-improving 

recruiter preferences. By leveraging technologies like 

BERT for precision parsing and Sentence-BERT for 

context-aware semantic matching, the system can 

identify the true potential of a candidate beyond 
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simple keyword alignment. Crucially, the integration 

of a fairness-aware ranking algorithm directly 

confronts the problem of algorithmic bias, aiming to 

promote diversity and equal opportunity. Ultimately, 

ResumeBERT is designed not just to automate and 

accelerate recruitment, but to fundamentally improve 

it. It seeks to enhance the quality of hire, reduce the 

time-to-hire, and create a more transparent and 

supportive experience for both employers and job 

seekers, fostering a more effective and just connection 

between talent and opportunity. 
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