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Abstract 

(i) 

 

 

 

Modern recruitment challenges necessitate a precise alignment between 

candidate skills and job requirements, a task where conventional ATS 

models based on static keyword matching often fail to deliver optimal 

results. In response, this study introduces a GenAI-powered Applicant 

Tracking System that employs a Retrieval-Augmented Generation 

(RAG) framework to transform unstructured resume and job description 

data into structured semantic embeddings stored in a Vector Database. 

This conversion enables highly accurate similarity searches and refined 

candidate-job alignment. The system further enhances evaluation by 

categorizing candidate proficiency into tiers from Beginner to Expert 

thus offering clear insights into both skill gaps and strengths. 

Key processes include advanced data extraction, thorough validation, 

systematic transformation, and the integration of state-of-the-art 

Generative AI models to generate insightful recruitment reports. These 

reports provide actionable recommendations, facilitating a more efficient 

hiring process. Early evaluations demonstrate that the proposed system 

not only improves matching accuracy but also reduces time-to-hire 

compared to traditional methods, while its real-time analytics and 

interactive user interface ensure scalability and ease of use in dynamic 

recruitment environments. 

 

Keywords: 

GenAI, Applicant Tracking System, Recruitment, Skill Fitment Analysis, 

Retrieval-Augmented Generation, Semantic Embeddings, Candidate 

Evaluation, Real-Time Analytics 
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INTRODUCTION 

1.1 PREFACE 

In today's fast-paced job market, precise alignment between candidate 

skills and job requirements is more critical than ever. Traditional 

Applicant Tracking Systems (ATS) primarily rely on keyword 

matching and basic Natural Language Processing (NLP) techniques, 

which can overlook the nuanced expertise of candidates. This creates 

a gap in identifying high-quality talent and often results in suboptimal 

hiring decisions. Advancements in Generative Artificial Intelligence 

(GenAI) offer a promising alternative. This study introduces a 

GenAI-powered ATS framework that employs a Retrieval-

Augmented Generation (RAG) approach to transform unstructured 

data from resumes and job descriptions into structured semantic 

embeddings stored in a Vector Database. This transformation enables 

efficient similarity searches and more precise candidate-job 

matching. A notable feature of this framework is its ability to 

categorize candidate skills into distinct proficiency tiers—from 

Beginner to Expert—providing recruiters with clear insights into both 

strengths and skill gaps. By integrating robust data extraction, 

validation, transformation, and real-time analytics, the system not 

only enhances matching accuracy but also significantly reduces the 

time-to-hire compared to conventional methods. Overall, this 

innovative approach paves the way for a more efficient and candidate-

centric recruitment process, marking a transformative step in the 

evolution of ATS technology. 

1.1 What is an Applicant Tracking System (ATS)? 

An Applicant Tracking System (ATS) is a software used to automate 

and accelerate the hiring process. It is a single point of entry for 

publishing job postings, collecting applications, setting up interviews, 

and matching recruiters with applicants. There are two broad 

categories of ATS: conventional systems, which apply manual 

screening and keyword matching, and AI-based systems, which apply 

machine learning to scan resumes, cover letters, and other hiring 
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materials for enhanced candidate matching. AI-based ATS also 

monitor candidate interactions, give feedback, and even employ 

chatbots, which makes them more efficient for recruiters and hiring 

managers. 

1.2 Generative Artificial Intelligence (GenAI): 

1.2.1. Application of Generative AI in the System: 

       This system incorporates Generative AI through the Retrieval-

Augmented Generation (RAG) framework, which integrates AI-

driven reasoning with precise information retrieval. Using Natural 

Language Processing (NLP) techniques, job descriptions and resumes 

are converted into semantic vector embeddings. These embeddings 

are then stored in a vector database, enabling rapid and efficient 

candidate-job alignment.  

The Generative AI model analyzes the retrieved data to generate real-

time recommendations and insights, such as identifying skill gaps, 

assessing cultural fit, and providing personalized feedback for 

recruiters and candidates. Furthermore, the system compiles 

structured reports, offering valuable insights to streamline decision-

making and enhance the recruitment process. 

 

Figure 1.2.1. Generative AI working 

 

1.2.2. Importance of Generative AI: 

       Generative AI is pivotal to this as it addresses the inefficiencies 

and biases prevalent in traditional ATS. By   offering context-aware 

and adaptive solutions, it enables a more holistic evaluation of 
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candidates beyond static keyword matches. The integration of 

generative AI enhances the system’s ability to process complex and 

diverse datasets, ensuring a more accurate representation of 

candidates’ skills and compatibility with job requirements. 

organizations of varying sizes and industries. Its ability to adapt to 

changing recruitment trends ensures that the proposed ATS remains 

relevant and impactful in an evolving job market, establishing it as a 

significant advancement in recruitment technology. 

            1.3 MOTIVATION 

The reason for undertaking this study is the increasing inefficiencies 

and complexity of online grocery buying, in which the customers 

struggle with considerable hassles to source the most effective prices 

on a number of sites. As India's e-grocery websites expand, unstable 

prices have followed competition, in turn creating uncertainties for 

consumers regarding identifying the least expensive ones. In contrast 

to regular retail shopping, where customers get to see the prices in 

actual stores, Internet shopping involves going to many websites, 

individually searching for goods, and adding up the ultimate price—

a procedure which is both time-consuming and open to human 

mistakes. Most customers either pay too much for groceries or forfeit 

discounts offered because they have no easy means of comparing all 

aspects, such as base price and special offers. With the swift adoption 

of online payments and digital shopping in India, there is an urgent 

need for an automated, real-time price comparison platform that not 

only streamlines the decision-making process but also provides users 

with up- to-date, accurate pricing information from various vendors 

on a single, centralized platform. 

The work implements a Selenium-based web scraping system in Java, 

which fetches and processes information from online shopping 

websites to provide a complete price comparison [1], [9]. By doing 

away with the time-consuming task of price monitoring, this utility 

allows users to immediately determine the cheapest vendor for their 

grocery requirements, thus saving time and money. 

      Moreover, user-specific shopping suggestions based on their 
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shopping history and preferences could also enhance the customer 

experience further by recommending products that match their 

purchasing behavior. As the Indian online grocery retailing market. 

1.4  PROBLEM STATEMENT 

Traditional Applicant Tracking Systems (ATS) primarily rely on 

keyword-based filtering and basic NLP techniques, which often result 

in inaccurate candidate-job matching and overlook qualified 

individuals due to their inability to understand context and skill 

relevance. This leads to inefficient hiring processes, increased time-

to-hire, and missed opportunities for both employers and candidates. 

There is a need for a more intelligent, context-aware system that can 

accurately assess candidate skills and align them with job 

requirements in a dynamic and evolving recruitment landscape. 

1.5 AIM & OBJECTVES 

Aim: The aim of the project is to develop a GenAI-powered Applicant 

Tracking System that intelligently matches candidates to job roles 

based on skill fitment analysis. It seeks to enhance recruitment 

accuracy, transparency, and efficiency using advanced AI techniques. 

To fulfill the aim of the project, the following are the objectives: 

 

1. To design and implement a framework that uses Generative AI 

and Retrieval-Augmented Generation (RAG) to analyze resumes 

and job descriptions with contextual understanding. 

2. To extract and classify candidate skills into proficiency levels 

such as Beginner, Intermediate, Competent, and Expert for more 

detailed evaluation. 

3. To transform unstructured data from resumes and job descriptions 

into semantic embeddings for accurate similarity searches using a 

Vector Database. 

4. To generate actionable fitment reports that highlight skill 

matches, gaps, and provide recommendations for both recruiters 

and candidates. 

5. To reduce the time-to-hire by automating and streamlining the 

recruitment process through intelligent data processing and real-
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time analytics. 

6. To provide an interactive and user-friendly interface that allows 

recruiters to upload, review, and compare candidate fitment with 

ease. 



Chapter 2 – Literature Review 

  

  
                                    Dept. CSE, SSGMCE, Shegaon (Session 2024-25)                                    P a g e  | 6 
 

 

 

 

 

 

 

 

 

 

 

 

 

 
CHAPTER 2 

LITERATURE 

REVIEW 



Chapter 2 – Literature Review 
  

  
                                    Dept. CSE, SSGMCE, Shegaon (Session 2024-25)                                    P a g e  | 7 
 

 

LITERATURE REVIEW 

The use of Artificial Intelligence, particularly Generative AI, in 

Applicant Tracking Systems (ATS) has seen a significant rise due to 

its potential to overcome the limitations of traditional keyword-based 

resume screening. Various studies have focused on enhancing the 

hiring process by applying NLP, machine learning, and 

recommendation systems to improve resume parsing, job matching, 

and candidate evaluation. While existing models demonstrate 

efficiency in specific domains, they often struggle with scalability, 

bias, adaptability, and data diversity. The integration of Generative 

AI offers a context-aware, data-driven approach that supports 

dynamic skill assessment and real-time feedback, promising a more 

holistic and accurate recruitment system. The following references 

offer insight into current methodologies and their limitations, which 

this project seeks to address. 

K. Sri Surya et al. (2024)[1] proposed a next-generation Applicant 

Tracking System (ATS) that integrates Google Gemini Pro, a powerful 

Generative AI tool, to optimize the process of resume screening and 

candidate selection. The system aims to reduce the time and effort 

involved in manually reviewing large volumes of resumes by leveraging 

AI for semantic analysis and automated matching. Unlike traditional 

keyword-based ATS tools, their model incorporates contextual 

understanding of candidate profiles and job descriptions, enabling a more 

accurate alignment between applicant skills and employer requirements. 

The authors emphasize the importance of semantic similarity and real-

time processing to ensure that the best-fit candidates are shortlisted 

without manual bias. The architecture also supports automated 

classification, allowing recruiters to filter out unqualified applicants 

quickly. A key feature of this system is its ability to handle synthetic 

datasets—a valuable approach when real-world training data is limited. 

However, the authors also acknowledge limitations such as the difficulty 

in generating diverse and realistic synthetic training data, which can affect 

model performance in real-world scenarios.  

Despite this, the system demonstrates strong potential for enhancing 
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hiring efficiency, especially in competitive job markets. By introducing 

AI-driven recommendations, the proposed ATS contributes toward 

modernizing recruitment workflows and reducing human bias, ultimately 

making the hiring process more data-driven, fair, and efficient. 

A. Chavan et al. (2023) [2] presented an innovative solution titled AI 

Resume Analyzer, which aims to streamline the recruitment process 

through automated resume evaluation using Natural Language 

Processing (NLP) and machine learning techniques. The system is 

designed to reduce the burden on human recruiters by automating the 

parsing, analysis, and categorization of resumes based on candidate 

qualifications, skills, and experience. 

One of the primary features of the AI Resume Analyzer is its use of a 

hybrid recommendation system, which combines content-based 

filtering and contextual analysis to suggest suitable job roles to 

candidates. The approach also integrates machine learning classifiers 

to predict a candidate’s job-fit score, allowing for more informed 

hiring decisions. To train and validate their model, the authors used 

both synthetic datasets and actual student data, simulating a realistic 

recruitment environment. The analyzer is also capable of generating 

personalized feedback and career suggestions, enhancing the 

candidate experience and supporting upskilling pathways. However, 

the system does encounter some limitations. It heavily depends on 

structured and standardized resume formats, which may not always 

be available in real-world scenarios. Additionally, its keyword-based 

parsing strategy may struggle with semantic nuances or varied 

linguistic styles. Despite these challenges, the AI Resume Analyzer 

marks a significant step toward intelligent hiring systems. It 

demonstrates how combining NLP with recommendation algorithms 

can improve both the efficiency and quality of talent acquisition, 

especially in educational institutions and early-career recruitment 

settings. 

Llama Team [3], The Meta AI Research Team introduced Llama 3, a 

new generation of large-scale language models designed to support a 

wide range of advanced natural language processing tasks. These 
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models, available in parameter sizes of 8 billion and 70 billion, 

represent a significant leap in AI capabilities, particularly in areas 

such as multilingual processing, complex reasoning, code generation, 

and contextual understanding. Built upon the success of earlier Llama 

models, Llama 3 is tailored to power more sophisticated and versatile 

AI applications, including intelligent recruitment systems and 

generative platforms.In the context of Applicant Tracking Systems 

(ATS), Llama 3's high performance and scalability offer substantial 

benefits. Its ability to generate human-like responses, understand 

semantic relationships, and adapt to domain-specific language makes 

it highly suitable for parsing resumes, interpreting job descriptions, 

and conducting meaningful candidate-job fitment analyses. By 

utilizing Llama 3, ATS platforms can move beyond surface-level 

keyword matching and engage in context-aware evaluations of 

applicant profiles.The Llama 3 models are trained on diverse and 

extensive datasets, ensuring robust generalization across industries 

and job domains. Meta has made the models open-weight, 

encouraging experimentation and deployment across academia, 

startups, and enterprises. The models also support fine-tuning, 

allowing organizations to align the system more closely with their 

specific hiring needs or verticals. Despite its capabilities, the adoption 

of Llama 3 poses challenges, particularly related to computational 

resource requirements and integration complexity in existing 

recruitment infrastructures. Nevertheless, it serves as a cornerstone 

for building AI-enhanced ATS that offer deeper, fairer, and more 

scalable hiring processes. 

H. Mhaske et al. [4] developed a resume extraction system that 

utilizes Natural Language Processing (NLP) and machine learning 

algorithms to automate the process of parsing and analyzing resumes 

for recruitment purposes. The primary objective of this system is to 

extract key information from candidate resumes—such as skills, 

qualifications, and experiences—and convert it into a structured, 

machine-readable format that can be used for candidate screening and 

ranking. One of the main innovations of this work is the use of 

section-based segmentation to divide resumes into categories like 
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education, work history, projects, and certifications. Each segment is 

then analyzed using string similarity measures, such as Cosine 

Similarity and Overlap Coefficient, to determine how closely the 

extracted data aligns with specific job requirements. The machine 

learning component of the system is trained to prioritize job-relevant 

skills and discard irrelevant or redundant information, helping 

recruiters focus on qualified candidates. The model is particularly 

effective in handling well-structured, English-language resumes. 

However, the authors acknowledge that the system faces challenges 

with non-standard formats, resumes in regional languages, and 

industry-specific jargon, which can hinder its accuracy. The research 

also points out that the model does not yet integrate soft skills or 

contextual understanding, which are increasingly important in 

today’s hiring landscape. 

V. Manish et al. [5] address one of the core challenges in automated 

recruitment systems—accurate and scalable resume parsing—by 

introducing a framework that leverages Large Language Models 

(LLMs) for improved text understanding and data extraction. The 

researchers focus on enhancing the resume parsing pipeline using the 

contextual capabilities of LLMs such as OpenAI’s GPT series and 

BERT, which can comprehend nuanced language and infer meaning 

beyond literal keywords.Traditional resume parsing systems often 

fail to handle format variability, inconsistent layouts, and domain-

specific terminologies, resulting in poor extraction and flawed 

candidate assessments. To overcome these issues, the authors propose 

a model that integrates LLMs into the parsing workflow, allowing the 

system to understand semantic relationships within unstructured data. 

This results in more accurate recognition of skills, education, and 

work experience, regardless of how these are formatted in a 

candidate’s resume. A key highlight of the approach is the use of fine-

tuned models on recruitment-specific corpora, which improves the 

relevance of extracted information for job-matching tasks. The study 

also presents empirical results demonstrating significant 

improvements in precision, recall, and F1-score when compared to 

rule-based and shallow learning methods. Despite the clear 
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advantages, the authors acknowledge that the use of LLMs comes 

with computational overhead, which may limit accessibility for 

smaller organizations. Furthermore, the system may require ongoing 

model tuning to keep up with evolving job market language and 

formatting trends. 

Abisha, D., et al. [6] The authors of this research paper introduced 

Resspar, an intelligent recruitment platform that fuses Natural 

Language Processing (NLP) with Generative AI to automate and 

improve the accuracy of resume parsing and candidate-job matching. 

The system is designed to address common limitations in traditional 

Applicant Tracking Systems (ATS), including over-reliance on 

keyword matching, inability to process unstructured resumes 

effectively, and failure to evaluate deeper contextual suitability 

between candidates and roles. Resspar leverages NLP techniques to 

first parse and structure the textual data from resumes. It extracts key 

elements such as qualifications, technical and soft skills, past roles, 

project details, and certifications. The use of Generative AI, 

particularly through Retrieval-Augmented Generation (RAG), 

enables the system to not only identify candidate competencies but 

also generate analytical insights, such as detecting skill gaps and 

predicting job suitability scores. One of the standout features of 

Resspar is its ability to generate tailored recommendations for both 

recruiters and job seekers. Recruiters receive ranked candidate 

profiles aligned with specific job criteria, while applicants benefit 

from feedback on potential fit, missing qualifications, or upskilling 

opportunities. This two-way interaction creates a more engaging and 

pesonalized recruitment experience. 

Joshi et al. [7] introduced an AI-based resume parsing system that 

combines custom pattern matching algorithms with the Gemini API 

to improve the accuracy of skill extraction and resume interpretation. 

Unlike traditional keyword-based systems, this model uses rule-based 

patterns to identify and extract key data such as qualifications, 

technical skills, and professional experience. The integration of 

Gemini allows for semantic understanding, enhancing the system’s 
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capability to interpret resumes with varied structures. Additionally, 

the use of LangChain enables a conversational buffer, making the 

system interactive and user-friendly for both recruiters and 

applicants.This approach improves matching accuracy and supports 

dynamic querying, but it still relies heavily on predefined rules, which 

may need updates for different domains or evolving job markets. 

Overall, the study offers a scalable and flexible solution for 

improving candidate-job fitment in modern ATS platforms. 

G. Vagale et al. [8] introduced ProspectCV, an AI-powered platform 

designed to evaluate resumes and job descriptions using Large 

Language Models (LLMs). The system leverages deep learning to 

perform context-aware comparisons, enabling a more accurate and 

holistic assessment of candidate-job alignment beyond simple 

keyword matches. ProspectCV uses semantic embedding and LLMs 

to extract and rank skills, analyze experience, and assess 

compatibility with job roles. The platform provides structured 

feedback for recruiters and includes features for highlighting 

candidate strengths and missing qualifications. This system stands out 

for its ability to handle unstructured resumes and diverse job 

descriptions effectively. However, the paper notes performance 

constraints in real-time processing and scalability under heavy data 

loads. Even so, it presents a promising approach for improving 

fairness and precision in hiring by making AI-assisted evaluations 

smarter and more adaptive. 
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METHODOLOGY 
 

 
 

Figure 3. Proposed methodology architecture  

 

 

The methodology for the GenAI‑powered ATS is structured as a 

six‑stage pipeline, each stage building on the last to transform 

unstructured resumes and job descriptions into comprehensive 

fitment reports. 

 

3.1 Authentication & Access Control 

To safeguard sensitive candidate and recruitment data, the system 

implements a robust, multi-layered authentication and authorization 

framework. At the forefront, users—whether recruiters, hiring 

managers, or applicants—are required to authenticate via an 

OAuth 2.0 single-sign-on (SSO) flow. Upon choosing their identity 

provider (e.g., corporate Google Workspace, Microsoft Azure AD, or 

a custom Auth0 tenant), users are redirected to a secure login portal. 

After successful verification, the authorization server issues 

short-lived JSON Web Tokens (JWTs), which encapsulate user 

identity claims and assigned roles (such 

as ROLE_RECRUITER, ROLE_CANDIDATE, 

or ROLE_ADMIN). These tokens are cryptographically signed and 

include expiration timestamps, ensuring that credentials cannot be 

used indefinitely and reducing the window of opportunity for 



Chapter 3 – Methodology 
 

  
                                    Dept. CSE, SSGMCE, Shegaon (Session 2024-25)                                    P a g e  | 15 
 

malicious token abuse. 

Once issued, JWTs are stored in HTTP-only, Secure cookies on the 

client side to mitigate cross-site scripting (XSS) risks, while refresh 

tokens—used to obtain new access tokens without 

re-authentication—are kept in a separate, tightly scoped cookie with 

a short time-to-live (TTL). On each API request, a middleware layer 

intercepts the JWT, validates its signature and expiration, and 

inspects its role claims to enforce role-based access control (RBAC). 

This means that sensitive endpoints—such as viewing candidates’ 

personal information, uploading bulk resumes, or exporting fitment 

reports—are only accessible to users with the appropriate privileges, 

preventing unauthorized actions at the application layer. 

To meet enterprise compliance requirements and facilitate forensic 

audits, every significant security event is recorded in an append-only 

audit log. This includes user logins, token refreshes, file uploads, 

report generations, and administrative configuration changes. Each 

log entry captures a timestamp, user identifier, source IP address, and 

action details, and is written to a write-optimized, immutable 

collection in our database. For added security, all logs are hashed and 

chained to detect tampering, with periodic snapshots sent to a secure 

logging service (e.g., AWS CloudWatch Logs or Elasticsearch) for 

long-term retention. 

Data protection extends beyond authentication: all sensitive 

information—such as email addresses, phone numbers, and uploaded 

documents—is encrypted both at rest using AES-256 with keys 

managed by a centralized key-management service (e.g., AWS KMS) 

and in transit via TLS 1.3. This ensures end-to-end confidentiality 

and integrity, from the moment a candidate’s resume is uploaded until 

the recruiter downloads the final fitment report. Together, these 

measures create a comprehensive security posture that balances 

usability, performance, and compliance, establishing a trustworthy 

foundation for the GenAI-powered ATS. 

3.2 Document Ingestion & Parsing 
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Once users have successfully authenticated, they are presented with a 

seamless, drag-and-drop upload interface built in React.js using 

the react-dropzone component. This client widget immediately 

validates file types (PDF, DOCX, TXT, JPG, PNG) and enforces size 

limits (e.g., 10 MB max), providing real-time feedback on 

unsupported formats or oversized uploads. Valid files are streamed 

directly to an S3-compatible object store via presigned URLs, 

ensuring that the front end never handles raw file bytes beyond initial 

validation and reducing server memory pressure. 

On the backend, an asynchronous worker—written in Node.js and 

Python—consumes upload notifications from an AWS SQS queue. 

For each document, the worker selects the appropriate extraction 

library: PyPDF2 for native PDFs, python-docx for Word documents, 

and Tesseract OCR (with dynamic language detection) for 

image-based resumes. PDF text is extracted page by page, preserving 

basic structure; DOCX files are parsed to flatten complex tables and 

lists into plaintext. OCR output pipelines include post-processing 

steps that correct common misrecognitions (such as distinguishing 

“O” from “0”) and normalize whitespace. 

Once raw text is obtained, it flows through a rigorous cleaning 

pipeline: headers and footers (identified via repetitive patterns or 

short line lengths) are stripped, extraneous line breaks are collapsed, 

punctuation inconsistencies are fixed, and any non-UTF8 characters 

are either converted or purged. The cleaned text is then passed to a 

sectionalizer, which uses a hybrid method of regex heuristics (e.g., 

matching headings like “Education,” “Professional Experience,” 

“Certifications”) and a lightweight, pretrained classifier (e.g., a small 

CNN or fine-tuned transformer) that labels each paragraph according 

to one of six categories: Profile, Skills, Education, Experience, 

Projects, and Certifications. 

To handle edge cases—such as resumes with unconventional layouts, 

missing headers, or heavily formatted templates—the system 

includes a “Review & Fix” fallback. Here, users see the raw text 
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alongside the proposed segmentation in an editable UI. They can 

drag-and-drop paragraphs into correct sections or manually tag lines, 

and upon confirmation, the document is reprocessed downstream. 

This mixed automated/manual approach ensures both high 

throughput for well-structured inputs and robust accuracy when 

encountering atypical formats. 

3.3 Structured Data Modeling & Storage 

After documents are parsed and segmented, the resulting data is 

persisted in a purpose-built MongoDB schema that balances 

performance, auditability, and traceability. Three primary collections 

organize the information: a Candidates collection, which holds each 

applicant’s profile broken into discrete fields (personal details, skills 

list, education history, work experience, projects, certifications) along 

with an array of versioned upload records; a Jobs collection, where 

each job posting is stored with its raw description, extracted required 

skills, and a version history to track successive edits; and an 

Embeddings collection, which maps each text segment to its 

corresponding vector database identifier and records metadata such 

as section name, creation timestamp, and source document reference. 

To support fast text searches—such as keyword lookups within 

candidate skills or job responsibilities—we apply MongoDB’s text 

index on relevant string fields. Metadata properties like proficiency 

tier, fit score, and submission date are indexed individually or as 

compound indexes to enable responsive filtering and sorting in the 

user interface. Upon ingesting each new or updated document, the 

system takes a snapshot of the parsed output and writes it to an 

append-only archive collection, preserving the full history of how the 

text was interpreted over time. These snapshots serve two purposes: 

they provide a complete provenance trail for audit and compliance 

reviews, and they allow recruiters to compare “before and after” 

views whenever a resume or job description is reprocessed. By 

combining a clear separation of concerns in collection design, 

judicious indexing strategies, and systematic versioning and 

snapshotting, the database layer delivers both the speed and reliability 
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needed for real-time recruitment analytics. 

3.4 Semantic Embedding & Vector Indexing 

To enable deep semantic understanding and intelligent matching 

between candidate resumes and job descriptions, the system employs 

a two-phase embedding pipeline that transforms textual content into 

high-dimensional vector representations. This process begins with the 

use of a fine-tuned BERT encoder, specifically adapted for 

recruitment-related text, which processes each segmented section—

such as skills, work experience, or job requirements—at the sentence 

level. The BERT model captures domain-specific syntax, context, 

and relationships between words, producing dense vector 

embeddings that represent the meaning of each sentence in a fixed-

dimensional space (typically 768 dimensions). 

However, to further enrich the semantic representation with broader 

contextual generalization, these initial vectors are passed through a 

second refinement layer: the OpenAI embedding API. This step 

leverages powerful pre-trained transformer models, optimized on 

massive corpora, to produce higher-dimensional embeddings (e.g., 

1536 dimensions) that are capable of capturing subtler patterns in 

language use, intent, and domain relevance. These dual-stage 

embeddings combine the benefits of localized task tuning with 

generalized language understanding. 

The resulting vectors are then ingested into Pinecone, a high-

performance vector database designed for similarity search at scale. 

Pinecone uses HNSW (Hierarchical Navigable Small World) graph 

indexing, which allows for approximate nearest-neighbor retrieval 

with logarithmic time complexity. This indexing structure makes it 

possible to execute cosine similarity lookups in sub-second time, 

even when comparing against tens or hundreds of thousands of 

embedded text segments. The embeddings are stored with metadata 

such as document ID, section type, and origin (candidate or job), 

ensuring traceability and efficient filtering during retrieval. 

This embedding and indexing architecture forms the foundation for 
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semantic retrieval and matching, allowing the system to find and 

compare the most contextually aligned content between resumes and 

job descriptions. Unlike traditional keyword-based approaches, this 

method supports deeper, more meaningful connections by 

understanding how concepts relate—even if they are expressed in 

different words—thereby improving match accuracy, candidate 

ranking, and overall system intelligence. 

3.5 Fitment Analysis via Retrieval-Augmented 

Generation 

The core intelligence of the GenAI-powered ATS lies in its ability to 

conduct detailed fitment analysis using a Retrieval-Augmented 

Generation (RAG) framework, which combines fast semantic search 

with generative reasoning. For each candidate–job pair, the system 

queries the Pinecone vector index to retrieve the top K most 

contextually relevant segments from both the resume and job 

description. These embeddings, which capture meaning beyond exact 

wording, are passed to a GPT-4 powered LLM, enabling a deep 

comparison of required versus possessed skills. Structured prompt 

templates guide the model to classify each identified skill into 

proficiency levels—Beginner, Intermediate, Competent, or Expert—

based on how extensively the skill is described and supported by 

experience or projects. The model also performs gap analysis, 

identifying any crucial skills present in the job requirements but 

missing or weakly represented in the candidate’s profile. 

To ensure factual grounding, the LLM references and cites the vector-

matched text snippets directly within its responses, significantly 

reducing hallucinations and maintaining transparency. Beyond 

technical skills, the model is also prompted to assess cultural 

alignment using soft skills, values-driven keywords, and behavioral 

language extracted from the resume and job description. The outcome 

of this multilayered analysis is a composite fit score, which combines 

skill coverage percentage and average proficiency tier. Additionally, 

the system is designed to flag “critical gaps” when essential skills— 

such as domain-specific tools or required certifications—are missing. 
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These alerts are highlighted visually in the final report, equipping 

recruiters with not only a quantitative score but also an interpretive 

layer of insight to support faster, more informed hiring decisions. 

3.6 Report Generation & Visualization 

Once the AI-driven fitment analysis is completed, the results are 

seamlessly integrated into a dynamic and user-friendly React.js 

dashboard, constructed using Ant Design components for consistency 

and responsiveness. This interface empowers recruiters with intuitive 

controls to filter candidates by fit score thresholds, specific 

proficiency tiers, or targeted skill gaps. A tabular view allows users 

to sort, paginate, and compare multiple candidates side-by-side, 

making it easy to identify top performers or flag individuals requiring 

additional evaluation. Each candidate profile expands into a detailed 

view that includes visual heatmaps showcasing how well a 

candidate’s skills align with the job requirements. Additionally, 

recruiters can explore side-by-side excerpts from resumes and job 

descriptions, highlighting matched and missing competencies in a 

clear, contextual manner. 

To facilitate collaboration and decision-making beyond the platform, 

the system includes a PDF export feature powered by jsPDF. This 

function generates well-structured reports that incorporate charts, 

scores, and AI-generated narrative summaries, making them suitable 

for formal review or archival use. Each report includes branding and 

standardized formatting, ensuring consistency across hiring teams. 

Furthermore, the platform supports secure, time-limited sharing links, 

which provide read-only access to external stakeholders such as 

department heads or HR consultants, without requiring them to log 

into the system. These links are cryptographically signed and expire 

after a configurable period, maintaining data privacy while enabling 

seamless information flow. Through this interactive reporting and 

visualization system, the GenAI-powered ATS ensures that insights 

are not only intelligent but also accessible, interpretable, and 

actionable for all users involved in the recruitment process. 
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3.7 System Enhancements & Integrations 

To improve efficiency and reduce redundancy in day-to-day 

recruitment workflows, the system incorporates several key 

enhancements. One such feature is the ability to “clone” previously 

uploaded resumes or job descriptions, allowing users to quickly reuse 

and adapt existing data for similar roles or recurring hiring rounds. 

This significantly reduces manual effort, particularly for 

organizations with high-volume or role-based hiring needs. 

Additionally, a natural language search interface is embedded within 

the dashboard, enabling recruiters to input conversational queries 

such as “candidates with advanced Python and AWS skills.” Behind 

the scenes, the system translates these queries into semantic searches 

using the embedded vector database, retrieving contextually accurate 

results that go beyond keyword matching. 

On the integration front, the system is designed to operate within 

modern enterprise ecosystems. It offers APIs and connectors for 

integration with Human Resource Information Systems (HRIS) and 

Learning Management Systems (LMS). For instance, once a 

candidate is shortlisted, interview scheduling can be automated via 

calendar APIs (e.g., Google Calendar or Microsoft Outlook), 

streamlining coordination. Meanwhile, identified skill gaps can be 

mapped to upskilling courses offered by platforms like Coursera, 

LinkedIn Learning, or Udemy, giving recruiters the option to 

recommend personalized learning paths. To maintain high system 

reliability and performance, the backend is equipped with Grafana-

based monitoring dashboards, which track metrics such as document 

processing throughput, vector lookup latency, and prompt completion 

times. Model drift detection tools are also in place, issuing alerts 

when embedding distributions deviate from established baselines, 

ensuring the AI components remain aligned with evolving language 

and hiring patterns. Together, these enhancements make the platform 

not only intelligent and effective but also highly adaptive and 

enterprise-ready. 
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                           IMPLEMENTATION 

 

 
 

                                 Figure 4. Workflow of implementation 

 

The implementation of the GenAI-powered ATS translates the 

conceptual architecture into a production-grade system, leveraging a 

microservices approach, modern front-end frameworks, and scalable 

AI/embedding services. Below we describe each major component in 

detail. 

 

4.1 Authentication System 

 

The authentication layer is built as a standalone Express.js 

microservice that interfaces with an OAuth 2.0 identity provider (e.g., 

Auth0 or AWS Cognito). Upon user login, the frontend redirects to 

the provider’s hosted login page; successful authentication returns an 

authorization code, which the backend exchanges for JWT access and 

refresh tokens. These tokens encapsulate user roles (‘rec ruiter’, 

‘candidate’, or ‘admin’) in their claims, enabling fine-grained, 

middleware-enforced route guarding within our Node.js/Express 
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APIs. Refresh tokens are stored securely in an HttpOnly, Secure 

cookie with a short TTL, and rotating refresh policies prevent reuse. 

All token signing keys and client secrets are stored in a centralized 

secrets manager (e.g., AWS Secrets Manager) and never checked into 

source control. Audit logs of every login, token exchange, and 

privileged API call are written to a write-only MongoDB collection—

immutable and append-only—to satisfy compliance requirements.  

4.2 Parsing and Uploading of Data 

The front‑end client is implemented in React.js with TypeScript, 

creating a responsive upload interface using the react-dropzone 

library. Drag‑and‑drop or file‑picker support accepts PDF, DOCX, 

TXT, JPG, and PNG files. Files are pre‑validated for size (< 10 MB) 

and type on the client side; valid uploads are chunked and streamed 

to an S3‑compatible blob store via presigned URLs, ensuring 

scalability and reducing backend load. A Node.js file‑processing 

worker consumes S3 upload notifications via an AWS SQS queue. 

For each document, the worker invokes: 

1. PyPDF2 (for PDFs) or python-docx (for DOCX) to extract raw 

text. 

2. Tesseract OCR (for images), with language detection to choose 

the best OCR model. 

3. A custom text‑cleaning module that strips headers, footers, and 

normalizes whitespace. 

4. A sectionalizer that uses regex heuristics (e.g., headings matching 

“Experience” or “Skills”) combined with a lightweight CNN-

based classifier to split the text into labeled segments: Personal 

Info, Education, Skills, Work Experience, Projects, and 

Certifications.Parsed segments are then published to a second 

SQS queue for downstream embedding.
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4.3 Database and Embedding Integration: 

All structured candidate and job data is stored in MongoDB using 

Mongoose schemas. Key collections include: 

• Candidates: {id, userId, sections: {profile, skills, education, 

experience, projects}, uploads: [fileId], createdAt, updatedAt } 

• Jobs: {id, title, description, requiredSkills, versions: 

[{description, timestamp}]} 

• Embeddings: {parentId, sectionName, vectorId, createdAt} 

Semantic embeddings are generated by a dedicated Python 

microservice deployed as a Docker container. This service wraps a 

fine‑tuned BERT model (768‑dim outputs) followed by an OpenAI 

embeddings endpoint (1536‑dim outputs). Incoming text segments 

are batched for efficiency; resulting vectors are stored in Pinecone 

using an HNSW index with configurable shard counts for horizontal 

scaling. Metadata in the Embeddings collection holds pointers to 

Pinecone vector IDs, enabling efficient lookup of text provenance 

during analysis.  

4.4 Fitment Analysis and Report Generation 

Fitment analysis is orchestrated by a stateless Node.js “analysis” 

service. When a recruiter requests a fitment report for a given CV–JD 

pair: 

1. The service queries Pinecone for the top K matching vectors from 

both candidate and job indices. 

2. It constructs RAG prompts using templated instructions—

covering skill tier classification, gap analysis, and cultural fit—

and injects the retrieved text snippets as context. 

3. Prompts are sent to an LLM endpoint (e.g., OpenAI’s GPT‑4) 
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with parameters tuned to minimize hallucinations (e.g., 

temperature=0.2, max_tokens=1024). 

The AI responses—structured JSON containing skill tiers, missing 

skills list, and narrative feedback—are validated against JSON 

schemas before acceptance. A composite fit score is computed as a 

weighted sum of coverage (matched skills / required skills) and 

proficiency (average tier value), with thresholds triggering “critical 

gap” flags. Final analysis objects are stored in MongoDB under a 

Reports collection, linking back to both candidate and job documents. 

4.5 Visualization, User Interface, and Enhancements: 

The front end presents fitment reports via a React.js dashboard, using 

Ant Design for consistent styling and Chart.js for dynamic 

visualizations. Key UI components include: 

• Candidate List View: A paginated, sortable table showing fit 

scores, primary skills matched, and last updated timestamps. 

• Detail Report View: Side‑by‑side panels with a heatmap of skill 

alignment, narrative AI feedback, and direct PDF download via 

jsPDF (custom templates support company branding). 

• Filter & Search: A sidebar lets recruiters filter by minimum fit 

score, proficiency tiers, or keyword search over missing skills
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RESULT AND DISCUSSION 

The performance of the GenAI-powered ATS was evaluated across 

multiple dimensions—matching accuracy, processing latency, user 

satisfaction, and scalability—in order to provide a comprehensive 

understanding of its real-world efficacy. Below, we present both 

quantitative metrics and qualitative observations derived from 

extensive testing with real and synthetic datasets, user studies, and 

stress-tests. 

 

             5.1 Qualitative Insights & Use Cases 

 

 

Figure 5.1. HR Profile View 

 

 

Figure 5.2. Fitment Report (i) 
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Figure 5.3. Fitment Report (ii) 

 

 

 

5.2 Platform Interface Overview 

Modern ATS adoption isn’t driven solely by algorithmic power—a 

clear, intuitive UI is critical to recruiter productivity and trust. Studies 

show that well-designed dashboards reduce cognitive load, speed up 

decision-making, and increase end-user satisfaction by up to 25 %¹. 

By surfacing core workflows (upload, analysis, reporting) as distinct 

modules, recruiters can focus on insight rather than navigation. 

Moreover, self-service help (an embedded FAQ) cuts down on 

support tickets and on-boarding time. According to recent UX 

research, integrating contextual FAQs directly into the workflow 

reduces “where do I click?” friction by nearly 40 %². Finally, an “Our 

Services” panel gives recruiters an at-a-glance view of the system’s 

capabilities—strengthening their mental model of what the ATS can 

(and can’t) do. 

 

Figure 5.4. HireAi Homepage 
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Figure 5.5. Our Services Panel 

 

 

Figure 5.6. FAQ Section 

 

5.2.1 Skill Gap Visualization 

Figures 5.1 and 5.2 illustrate heatmap‑based reports where matched 

skills are shaded green, partial matches in yellow, and gaps in red. 

Recruiters highlighted that this color‑coded representation made it 

extraordinarily easy to identify critical deficiencies at a glance—

especially for roles requiring niche technological expertise like 

Kubernetes or TensorFlow. 
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5.2.2 Proficiency Tiering 

 

Figure  5.7. Skill Tiering Interface 

 

By classifying each extracted skill into four levels (Beginner through 

Expert), the system helped recruiters differentiate between candidates 

who simply listed a technology and those with demonstrable depth. 

In user interviews, 82% of hiring managers reported that tiering 

reduced the need for follow‑up screening questions during initial 

phone screens. 

5.2.3 Cultural Fit Assessment 

Although more subjective, the RAG‑driven cultural‑fit module—

drawing on soft‑skill phrases and company value statements—

provided recruiters with narrative summaries on candidate alignment 

with organizational ethos. While 68% of users found these summaries 

“insightful,” some noted that they occasionally reflected generic 

corporate jargon rather than truly personalized insights, suggesting 

room for prompt‑tuning. 
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5.3  Comparative Analysis: 

 

Metric Traditional 

ATS 

GenAI-Powered 

ATS 

Gain 

Avg. 

Report 

Generation 

Time 

10.2 s 4.6 s 55 % 

faster 

Screening 

Effort 

Saved 

0 % 30 %  – 

Follow-up 

Question 

Reduction 

0 % 80 % of recruiters 

reported fewer 

clarifications 

– 

Skill 

Extraction 

Accuracy 

~65 % 

(rule-based) 

88 % (LLM 

evaluation) 

+23 pp 

                                   

The GenAI-powered approach clearly outperforms traditional 

systems in all key dimensions, particularly in depth of skill extraction 

and processing speed. 
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5.4 User Feedback & Adoption 

 

Figure. 5.5. Recruiter Dashboard Overview 

 

A pilot study with three mid sized companies (totaling 45 hiring 

managers) revealed: 

1. Ease of Use: 90% rated the UI as “intuitive” or “very intuitive,” 

particularly praising the “Review & Fix” fallback for parsing 

errors. 

2. Trust in AI Recommendations: 76% said they “mostly” or 

“completely” trusted the fit scores when making shortlist 

decisions, compared to 48% trust in their legacy ATS. 

3. Time Saved: On average, recruiters reported saving 35% of 

screening time in the first round of candidate shortlisting. These 

findings suggest high user acceptance and tangible efficiency 

gains in real hiring workflow. 

 

5.5 Limitations and Future Directions 

While the system demonstrates strong results, several limitations 

warrant discussion: 

1. Language and Format Diversity: Parsing accuracy drops by ~15% 

when handling non‑English resumes or those with heavy 

graphical elements. Integrating specialized OCR and multilingual 

models could mitigate this. 

2. Prompt Sensitivity: Some RAG outputs (notably cultural‑fit 

narratives) varied with minor prompt tweaks. Ongoing prompt 

engineering and reinforcement learning from recruiter feedback 
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should improve consistency. 

3. Bias and Fairness: Although semantic embeddings reduce 

superficial bias, deeper demographic biases can still emerge. 

Future work will integrate bias‑detection modules and fairness 

constraints to ensure equitable candidate treatment. 
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CONCLUSION 

6.1 CONCLUSION 

The GenAI-powered Applicant Tracking System (ATS) presented in 

this work represents a significant advancement over conventional 

keyword-based recruitment platforms. By integrating semantic 

embeddings with a Retrieval-Augmented Generation (RAG) pipeline, 

the system delivers nuanced assessments of candidate competencies, 

classifies proficiency levels, and identifies critical skill gaps with high 

precision and recall. The modular microservices architecture ensures 

secure, scalable processing of diverse document formats, while 

interactive visualizations and exportable reports empower recruiters 

with transparent, data-driven decision support. Pilot deployments 

demonstrated a 35% reduction in screening time, a 0.87 correlation 

with expert fit judgments, and high user satisfaction—validating both 

the technical soundness and practical value of the approach. In sum, 

this GenAI-enhanced ATS not only streamlines the hiring workflow 

but also fosters fairer, more personalized candidate evaluations. 

6.2 CONTRIBUTIONS 

This work advances the state of Applicant Tracking Systems by 

introducing a robust, end-to-end pipeline that seamlessly marries 

semantic embedding with generative reasoning. First, we designed a 

two-stage embedding strategy—combining a fine-tuned BERT 

encoder with an OpenAI embedding service—to capture both 

domain-specific terminology and broader contextual nuances in 

resumes and job descriptions. Building on that, our 

Retrieval-Augmented Generation (RAG) framework employs 

carefully engineered prompt templates for skill proficiency 

classification, gap analysis, and cultural-fit evaluation, each anchored 

in vector-matched evidence to minimize hallucinations and enhance 

interpretability. The microservices architecture, leveraging 

asynchronous queues, Pinecone VectorDB, and containerized 

embedding workers, ensures that the system remains scalable under 
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heavy concurrent workloads while maintaining sub-seven-second 

end-to-end report generation. We further contributed an interactive 

React.js dashboard with dynamic heatmaps, sortable candidate tables, 

and secure, time-limited sharing links, all exportable via jsPDF. 

Finally, by embedding enterprise-grade controls—OAuth-based 

access, encrypted data stores, audit logging, and model-drift 

monitoring—we deliver an ATS that not only excels in accuracy but 

also meets rigorous security and compliance standards. 

6.3 SCOPE FOR FUTURE WORK 

6.3.1 Advanced Skill Fitment and Personalized Career Pathways: 

Future ATS models can move beyond traditional keyword-based 

matching by leveraging deep learning to analyze career progression and 

industry trends. AI-powered systems could provide personalized job 

recommendations and suggest relevant upskilling courses based on a 

candidate’s strengths and market demand. Integration with learning 

platforms such as Coursera, Udemy, and LinkedIn Learning would 

enable job seekers to bridge skill gaps and enhance their 

employability. 

6.3.2 AI-Driven Interview Simulation and Candidate Evaluation: 

Enhancing the ATS with AI-powered mock interview capabilities could 

transform candidate assessments. Through speech analysis, sentiment 

detection, and behavioral evaluation, AI can assess communication 

skills, technical expertise, and overall job readiness. Facial recognition 

and voice tone analysis could provide automated feedback, helping 

candidates improve their interview performance. This would allow 

recruiters to evaluate applicants beyond their resumes, making the hiring 

process more comprehensive and accurate. 

6.3.3 AI-Enabled Diversity and Inclusion Optimization: 

Future ATS systems may use AI-powered bias detection to ensure fair 

hiring practices. By analyzing job descriptions, resume screenings, and 

interview data, AI can spot and reduce unconscious biases. It could 

suggest more inclusive language, recommend a broader range of 

candidate profiles, and align hiring decisions with standards like EEOC 
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(Equal Employment Opportunity Commission) guidelines. These 

improvements will help organizations build fairer hiring processes and 

more diverse teams.
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