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bstract: Integration of Generative Al in mock interview platforms has revolutionized interview preparation by
making it scalable, personalized and a time efficient way to practice such scenarios in real life. The idea here that
applies AI’s natural language processing (NLP) to create an automated interview cloud consisting of multiple
‘interview environments’ which adapt based on the industry, role or skill level. Automatic Mock Interview
Conductor is an amazing tool that uses state of the art algorithms to generate unique questions, give instant
feedback and assess soft and technical skills. This solution provides the flexibility of an on demand solution where
candidates can revise their answers, receive constructive critic and track progress over time.

ILINTRODUCTION

In this modern competitive market, having only very technical knowledge will not get you through an interview; it requires
strong communication skills, quick thinking, and the ability to present ideas effectively. While traditional mock interviews
are extremely beneficial for developing these skills, they are often completed with small windows for scheduling, trained
interviewers, and can be difficult to come by. Generate Al comes to the rescue here, changing interview preparation by
creating situational interview experiences through automated systems.

An Automatic Mock Interview Conductor, using Generative Al, is an automated interview simulation engine that
combines artificial intelligence and natural language processing (NLP) to enable an interactive, adaptable, and
personalized interview experience. With the help of Al to generate industry specific questions, respond contextually, and
immediately giving feedback to the candidate, this system acts as a faster and attainable method for the candidate to
practice and to improve his or her interview performance.

With this Al driven tool, candidates can simulate a wide absolute of interview scenarios; technological, behavioural, and
situational using which they can become confident and perfect their answers. The Automatic Mock Interview Conductor
assesses candidate responses in real time and gives targeted suggestions, increasing the preparedness of the candidate
while democratizing access to high quality interview prep made available on demand to individuals of varying skills and
industries.

ILLITERATURE SURVEY
Il.LITERATURE SURVEY

The review of the literature is necessary since it studies different analyses and studies conducted in it area of interest.
Rather it explores the released results and how they vary according to various.

The project scope and project characteristics. One major goal of a literature review is to thoroughly review the project’s
history in detail, providing criticisms on the current setup and bringing up work that hasn’t been done yet. Not only would
the subjects discussed about the history of the project but would also address the problems and shortcomings.

These motivated the conception of the project and its remedy proposals.

[1] Al in Recruitment and Interviewing: Chamorro-Premuzic et al. (2019) studies highlight the uses in recruitment where
Al can be used, such as their findings of Al driven tools being scalable and objective compared to the human eyes. Al

JETIR2411522 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | f200


http://www.jetir.org/

© 2024 JETIR November 2024, Volume 11, Issue 11 www.jetir.org (ISSN-2349-5162)

based interview platforms can evaluate verbal and non verbal cues of candidates like in actual interview situation while
minimizing the human bias. Typically, these platforms contain machine learning algorithms to find where the candidate
responses match pre-defined job competencies.

[2] Natural Language Processing for Question Generation: Question generation and response evaluation in automated
mock interview systems are central to NLP. Banchs and Li (2012) introduced methods for conversational question
answering which form the building blocks for Al based dialogue systems. NLP capabilities were greatly improved in more
recent developments like the Transformer based language models (Vaswani et al., 2017) that make Al systems produce
contextually relevant and varied questions during mock interviews. Now these advancements can enhance mock interview
platforms’ interactivity by allowing them to simulate simulation of real interview dynamics

[3] Behavioral Analysis in Al: Determining whether automated hiring is possible has proven to be arduous for behavioral
interviews which test soft skills and personality. Ma and Luo (2020) conducted research that showed that by analysing
language patterns and sentiment in responses, Al models are able to evaluate behavioral attributes. This is because this
capability is necessary for mock interview platforms since the Al is able to learn to adjust it’s feedback according to how
the candidate presented to the Al (i.e. demonstrated communication style, emotional tone, and confidence) to better
provide a more holistic evaluation.

[4] Feedback Mechanisms and Adaptive Learning: Mock interviews are necessary feedback and adaptability are critical.
Xu et al. (2021) researched adaptive learning systems wherein feedback adapts according to the user’s performance;
personalized feedback increases the learning outcomes. Generative Al in the context of mock interviews can reactively.
teaching how to give such constructive feedback for each response, and how to gradually improve candidate skills if they
don't perform well.

[5] Generative Models for Mock Interviewing: With the advent of Generative Al models such as GPT (Brown et al., 2020)
has come a new set of options for automated systems in interview simulation. Combining these models with context
provides them the ability to generate coherent, context aware conversations that simulate a human interviewer’s follow
up questions and prompts. Generative models such as those in the literature allow Al systems to engage in dynamic,
realistic dialogue necessary for back and forth with real interviews.

[6] Ethics and Bias in Al-Driven Interviews: The work of Raghavan et al. (2020) on ethical concerns on bias from Al in
the context of hirings and assessment tools. This is especially true for mock interview systems, where fairness and reducing
bias in Al generated feedback is important. They found that diversified training datasets and algorithm for bias detection
may solve these worrys, improving the equity and reliability of automated interview platforms.

111.OBJECTIVES

With the goal in mind to provide an accessible and efficient and (near) real job interview simulation platform for the sake
of candidates' preparation for different job roles, the core of this work is to build an Automatic Mock Interview Conductor
using Generative Al. Specifically, the objectives of this Al-driven system are:

1. Simulate Realistic Interview Scenarios: Generate role specific, employer based questions for each industry and
role that mirror what a candidate can expect to encounter in a real interview;including questions in the technical,
behavioral and situational categories for each topic area.

2. Provide Personalized and Adaptive Feedback: Give immediate, personalised and constructive feedback hooked
to the answers that the candidate provides. Focus on what that person must improve regarding their answer, and how to
polish it to sound good.

3. Enhance Skill Development: Generate diverse follow up questions which support the development of
communication, critical thinking and problem solving skills; Promote effective response strategies.
4, Increase Accessibility of Interview Preparation: Allow anyone to get high quality mock interview experiences

at their fingertips on an on-demand Al powered infrastructure that needs little humans resources and open access to
candidates of varying skills, regions, and backgrounds.

5. Support Continuous Improvement through Data-Driven Insights: Use the power of machine learning to track
progress of the candidate and give it to the candidate, in time span, so that it’s personalized and the candidate can prepare
for real world interviews.

6. Ensure Fairness and Mitigate Bias in Al-Generated Feedback: Build mechanisms for reducing also Al bias,
and making sure the processes in automated interview preparation are fair and objective, while inclusifying the
environment for automated interview preparation.

7. Boost Candidate Confidence and Readiness: Repeated, realistic practice on real interviews improves
candidates’ confidence and will have them enter real interviews with a higher level of comfort, clarity, and preparation.
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The overarching goal is to enable candidates to realize their maximum potential in job interviews with a sophisticated and
user friendly tool that will provide candidates with a tailored, engaging and effective preparation experience delivered via
Generative Al.

IV.PROPOSED SYSTEM

Towards simulating real world interview environments, the proposed system, Automatic Mock Interview Conductor
Using Generative Al provides an intelligent and interactive platform. This Al driven system uses natural language
processing(NLP) and machine learning(ML) to create its virtual interviewer with the ability to generate tailored questions,
analyze responses, constructive feedback and to make the interview preparation experience better. We conceived the
system as a web based or mobile application allowing users to have access to the system on demand in a user friendly,
seamless and scalable application.

Components of the Proposed System
1. User Profile and Preferences Module

This module provides users a facility to create profile providing information like job role, industry, required skill level,
and lack of area of improvement. By enhancing the Al interviewer with the profile data, it’s able to tailor the questions
and especially the feedback to the candidate’s individual goals and needs.

2. Question Generation Engine are used to generate contextually relevant and varied questions based on user’s
fitted profile, chosen job role along with the interview type (technical, behavioural or situation). Real time question engine
adapts based on the candidate's response and mimics the flow of real interview. It can ask follow up questions, probe more
into specific answers and new topic can come in dynamically like a human interviewer.

3. Response Analysis Module NLP, Sentiment Analysis and Response Analysis Module Use of NLP and sentiment
analysis to evaluate candidate’s response for factors including content quality, confidence, tone, clarity and relevance. It
analyzes strengths and deficiencies; positive and negative aspects of responses—technical and behavioral in nature.

4, Feedback and Suggestions Module Based on analysis of each response, the system provides immediate,
constructive feedback in the Feedback and Suggestions Module. It covers suggestions for answer structure and delivery
as well as content. The feedback personalizes towards improving the candidate’s performance through iteration. The
module also provides tips or ways to improve soft skills like communication, adaptability and problem solving.

5. Progress Tracking and Analytics Module This module sorts through data from each of the mock interview
sessions to provide candidates a chance to track progress over time. It measures how candidates are improving in specific
areas (confidence, technical accuracy), so to determine and focus on improvements. Furthermore, the system might give
a build about this progress though charts or scorecards that delivers the essence of growth.

6. Adaptive Learning Mechanism Using reinforcement learning techniques, the Al interviewer adapts to the
answers and feedback of the candidate through previous interactions in order to always refine its asking and feedback
ways. It works at your pace—offering increasingly complex questions and scenarios as you gain proficiency, and helping
to ensure the interview preparation process is fun!

7. Bias Mitigation and Fairness Check Fairness Check and Bias Mitigation This part contains algorithms for
identifying and eliminating bias in question generation and feedback to provide accurate and fair assignment of candidates.
This module also guarantees that the feedback is constructive, respectful, and comes with a cultural sensitivity.

V.PROPOSED METHODOLOGY

1. User Registration and Profile Setup There, users start out by crafting a profile of their career interests, skills,
experience level and interview goals.

2. Mock Interview Session Initialization: The system initiates a mock interview session based on the preference
for the interviewed type and generates a starting set of questions.

3. Dynamic Questioning and Response Analysis: The Al interviewer asks the user questions, analyzes the
response in real time to determine how good the answer is, and creates follow up questions based off the quality of the
answer.

4, Real-Time Feedback Delivery: Upon finishing each question or section, the system offers on the spot feedback,
demonstrating what it liked about a candidate's response as well as how to improve on future responses.
5. Progress Reporting and Adaptive Learning The system delivers a performance report and a updated user

profile with new insights as well as practice area recommendations after the session is complete. The system adapts its
approach over time according to the user’s progress.

6. Continuous Learning and Improvement: The more candidates use the system, the more the system learns (via
continuous machine learning) about the algorithms and quality of feedback and becomes better at simulating the interview.
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VII. CONCLUSION

Automatic Mock Interview Conductor using Generative Al marks a landmark achievement in interview preparation —
intelligent, accessible and highly robust platform that enables candidates to practice and hone their craft. To overcome the
drawbacks of traditional interview preparation methods, this Al driven system simulates real world interview dynamics,
give personalized feedback, and adapts to user progress. But using advanced NLP and machine learning algorithms, the
system can take users down the path to continuous improvement, and provide them with contextually relevant questions
and evalutation of responses, to yield a greater number of high quality mock interviews than ever before.

Furthermore, by integrating adaptive learning alongside bias mitigation mechanisms, we assure that candidates do not just
receive a tailored, but also a fair and inclusive experience irrespective of the industry or a candidate’s skill set. It promises
an evolving interview simulation, always changing and adapting to the ever changing demands of the job market as it
learns and evolves from user interactions.

Essentially, this is the first iteration that we can imagine of how Generative Al, through a mock interview, is going to
revolutionize how candidates prepare for interviews and usher in a new future of confident, well prepared job seekers
ready to do great things in their career. Not only does this solution elevate candidates technical and soft skills but it also
democratizes access to quality interview preparation to form a more equitable job market.
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