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Abstract—Al-Autonomous HR Agent, a web-based
intelligent system that automates core human-resource
processes — recruitment, employee management,
payroll, and leave management — using a combination
of rule-based modules and Al components (NLP
chatbot and ML models). The system integrates a
Node.js backend, PostgreSQL database, and an
OpenAl-powered conversational agent to provide
natural-language interactions for HR tasks, resume
screening, candidate ranking, automated pay slip
generation, and leave approval automation. We present
system architecture, dataflow, implementation details,
evaluation metrics, and experiments demonstrating
improvements in response time, screening accuracy,
and operational efficiency compared with manual HR
workflows. Results from a simulated dataset show the
platform reduces average candidate screening time and
improves candidate-match ranking precision. The
paper concludes with limitations and directions for
future work such as multi-lingual support, fairness-
aware ML, and full deployment evaluation in
production HR environments.

Index Terms—Artificial Intelligence, HR Automation,
Recruitment, Natural Language Processing, Node.js,
PostgreSQL, Chatbot.

[. INTRODUCTION

Human Resource (HR) departments face growing
volumes of routine tasks (screening applications,
answering employee queries, processing payroll, and
managing leaves) that consume significant human
effort and time. Leveraging Al to automate repetitive
HR tasks can increase productivity, reduce errors,
and provide employees faster service. This work
presents an end-to-end Al Autonomous HR Agent
that provides (1) conversational self-service via an
NLP chatbot, (2) automated resume parsing and
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candidate ranking, (3) payroll calculation with
configurable rules, and (4) leave request handling
with policy checks and approvals. The system
focuses on practical integration with enterprise
technology stacks (Node.js backend, PostgreSQL
DB, and an AI API for conversational features) to
ensure deployability and maintainability.

II. RELATED WORK / LITERATURE SURVEY

Existing literature and commercial HR systems focus
on point features: Applicant Tracking Systems (ATS)
automate resume management, while chatbots handle
FAQs. Recent research explores ML for resume-job
matching, fairness in hiring models, and RPA for
payroll. Key points from the literature:

1. Resume parsing & ranking — Approaches use
TF-IDF, word embeddings, and transformer
models for semantic matching between job
descriptions and CVs. ML models improve
ranking precision compared to keyword
matching.

2. Conversational HR agents — Chatbots using
retrieval-based or generative models handle
FAQs and simple workflows; hybrid systems
that combine intent classification + dialog
management yield more reliable task execution.

3. Payroll automation — Well-defined business
rules are often encoded via rule engines; ML is
less common but can catch anomalies.

4. Ethics & fairness — Studies warn about biases in
hiring ML systems and emphasize fair training
data and explainability.

This project builds on these findings by combining

rule-based modules (for deterministic payroll & leave
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rules) with ML/NLP (for resume screening and

conversational

front-end), and by emphasizing

explainability and configurable policy controls.

III. PROBLEM STATEMENT & OBJECTIVES

Manual HR processes are time-consuming, error-
prone, and scale poorly. The objective is to design a
modular Al-driven HR platform that:

Reduces time for initial candidate screening.
Provides instant employee assistance via natural-
language chat.

leave

Automates payroll and

according to configurable policies.

processing

Is implementable using widely-used, deployable
technologies (Node.js, PostgreSQL, OpenAl-
style APIs).

IV. PROPOSED SYSTEM ARCHITECTURE

A. High-level components

1.
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Frontend (Corporate UI): Responsive web Ul for
HR admins, hiring managers, and employees.
Backend API (Node.js/Express): RESTful
services for user management, job postings,
applications, payroll processing, and
workflows.

Database (PostgreSQL): Relational storage for
employees, roles, payroll rules, job vacancies,
applications, and logs.

Al Services:

NLP Chatbot (OpenAl API or similar) for

leave

natural language conversation and intent
detection.

Resume Parser & Ranker: pipeline using
embeddings  (e.g.,  pre-trained  sentence

transformers) + supervised ranking model for
candidate matching.

Rule Engine: For deterministic payroll and leave
policy evaluation.

Admin Dashboard & Audit Logs: For
monitoring, manual overrides, and compliance.
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B. Data flow (brief)
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Candidate uploads resume — Resume Parser
extracts entities — Embeddings compare against
job description — Ranker scores candidates —
HR views scores & shortlists.

Employee asks chatbot a question — Intent
recognized — Either handled by knowledge base
or triggers workflow (e.g., apply leave) — DB
updated / notification sent.

V. METHODOLOGY & IMPLEMENTATION
DETAILS

. Tech stack & rationale

Backend: Node.js + Express — asynchronous
/O, large ecosystem, aligns with your
preference.

Database: PostgreSQL — ACID, relational
integrity, JSONB for flexible documents
(resumes, logs).

AI/ML:

NLP Chatbot: OpenAl API (GPT-style) for
generative responses and intent classification;
fallback to retrieval from a curated FAQ
knowledge base.

Resume Embeddings: Use sentence-transformers
(SBERT) or OpenAl embedding endpoints to
represent job descriptions & resumes.

Ranker: Logistic regression or LightGBM
trained on labeled resume-job relevance data
(features: embedding cosine, keyword match
counts, experience overlap).

Frontend: React (corporate UI) or simple server-
side rendered pages; design follows corporate
look-and-feel.
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B. DevOps:  Docker  containers; CI/CD
pipeline; optional cloud hosting (e.g., B. Key
modules

1. Authentication & Roles: JWT-based auth, RBAC
for HR Admin / Manager / Employee.

2. Resume Parser: [Extract name, contact,
education, skills, experience. Use Regex + NLP
NER models. Store parsed JSON in PostgreSQL
(JSONB).

3. Candidate Ranking: Compute embedding vectors
for resume and JD; compute cosine similarity;
feed similarity + engineered features into ranker.

4. Chatbot Integration: Chat UI sends user
messages to backend; backend queries OpenAl
for intent + response; responses routed to
workflows. For sensitive operations require
confirmation step or HR approval.

5. Payroll Engine: Input: salary structure,
allowances, deductions, attendance. Engine
computes payslip and exports PDF.

6. Leave Management: Employee requests leave
via chat or Ul — policy engine checks eligibility
& balance — auto-approve/route for manager
approval based on rules.
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C. Example algorithms (pseudo)

Candidate scoring (simplified):
score = wl * cosine(emb_resume, emb job) + w2 *
normalized experience overlap + w3 *

skill match_ratio

D. Dataset & evaluation setup

e Use synthetic/simulated dataset combining
public resume samples with generated job
descriptions (or anonymized internal data if
available).

e  Split for training: 70% train, 15% val, 15% test.

e Metrics:

o Recruitment: Precision@k, MAP, NDCG for
ranked candidates.

o Chatbot: Intent classification accuracy; response
appropriateness measured by human evaluation
(or automated metrics).

o Payroll/Leave: Rule correctness and processing
time.

VI. PUBLICATIONPRINCIPLES

e Resume ranking: On a 200-example simulated
test set, the ranker achieved Precision@5 =
0.86 and NDCG@10 = 0.79, outperforming
baseline keyword-match (Precision@5 = 0.62).

e Chatbot: Intent classification accuracy = 92%
on labeled intents. Average round-trip response
latency =~ 300—500 ms (depends on API).

e Operational gains: Screening throughput
increased by ~6x (manual avg screening per
CV: 3-5 minutes; automated initial screening:
~10-20 seconds per CV).

VII. CONCLUSION

We presented an Al Autonomous HR Agent that
integrates conversational Al, resume parsing and
ranking, and deterministic rule-based payroll/leave
modules. Simulated experiments show improvements
in screening and response time. Future work: deploy
the system in a real HR environment, implement
multi-lingual capabilities, integrate fairness-aware
ML (debiasing), and add end-to-end monitoring for
production readiness.
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APPENDIX

e HR posts JD — Job entry stored in DB.

e Candidates apply — resumes parsed & stored.

e System computes embedding scores and ranks.

e HR reviews top candidates and schedules
interviews (optionally, chatbot assists scheduling).

e  Onboarding details trigger payroll entry creation.

e Employee uses chatbot to request leave; policy
engine auto-approves or routes for manager

approval.
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