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Abstract—Interview preparation remains a critical
challenge for job seekers due to the absence of scalable,
realistic, and feedback-driven practice environments.
Conventional mock interview platforms rely heavily on
scripted text interfaces or static question banks, limiting
their ability to evaluate real conversational competence,
vocal confidence, and contextual reasoning. This paper
presents Prepwise, a voice-driven artificial intelligence
interview preparation platform that integrates real-time
conversational agents, adaptive question generation, and
automated performance analytics within a cloud-native
architecture. The proposed system leverages Vapi Al
voice agents for natural spoken interaction, Google
Gemini for dynamic interview question synthesis, and
Firebase for secure authentication, session persistence,
and interview lifecycle management. A modular multi-
agent workflow is designed to coordinate interviewer
behavior, response evaluation, transcript generation,
and structured feedback scoring. Unlike traditional
systems, InterviewAl continuously adapts interview
difficulty and topic progression based on candidate
responses, semantic coherence, and detected hesitation
patterns. Post-interview, the platform generates
granular feedback across technical accuracy,
communication clarity, confidence indicators, and
response relevance using structured prompt-engineering
and rubric-based scoring models. Experimental
deployment demonstrates that the system achieves low-
latency voice interaction, consistent interview
reproducibility, and reliable feedback alignment across
technical and behavioral domains. The architecture
emphasizes scalability, device independence, and rapid
extensibility to multiple job roles without retraining core
models. The proposed framework establishes a novel
direction for Al-mediated skill assessment by unifying
voice-centric interaction, adaptive reasoning, and
automated qualitative evaluation into a single interview
intelligence pipeline.

IJIRT 202849

Index Terms—Artificial intelligence interview systems,
conversational  agents,  voice-based = human-Al
interaction, automated feedback generation, adaptive
assessment platforms.

I. INTRODUCTION

Electrical Job interviews have become one of the most
critical gateways in modern career development,
influencing recruitment decisions across technical,
managerial, and professional domains. With the rapid
growth of the global workforce and increasing
competition for skilled positions, there is a strong need
for intelligent interview preparation solutions that can
provide realistic practice environments, objective
performance evaluation, and personalized
improvement  insights.  Conventional interview
preparation methods, such as static question banks,
peer mock sessions, and text-based practice platforms,
are limited in their ability to simulate real interview
conditions and do not offer consistent assessment,
behavioral analysis, or adaptive feedback, making
them inadequate for current data-driven recruitment
standards. Recent advancements in artificial
intelligence and conversational systems have enabled
the development of low-cost, scalable, and interactive
training platforms capable of conducting human-like
dialogues over voice and text interfaces. Large
language models, cloud-based speech processing
services, and real-time databases have made it possible
to design compact and extensible interview simulation
systems that operate across devices and job roles.
However, many existing Al-based mock interview
platforms suffer from rigid scripted interactions,
delayed feedback generation, lack of contextual
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understanding, limited adaptability to candidate
performance, and poor integration between
conversation analysis and structured evaluation. These
limitations reduce their effectiveness in measuring
real-world communication skills and technical
competency. Another major challenge in interview
preparation systems is the inability to dynamically
assess candidate performance during the interview and
generate actionable feedback immediately after
completion. Factors such as response relevance,
clarity of explanation, hesitation patterns, confidence
in speech, and topic coherence are often ignored or
evaluated subjectively in traditional platforms. Most
systems operate in a reactive manner, providing
generic recommendations without correlating them to
the actual conversational flow or candidate behavior.
To overcome these limitations, adaptive reasoning and
machine learning-based evaluation techniques have
gained significant attention, as they enable automated
scoring, semantic understanding, and structured
feedback generation from conversational data. This
work addresses these challenges by proposing
InterviewAl, a voice-driven Al mock interview
platform that integrates real-time conversational
agents, adaptive question generation, and automated
behavioral  feedback  within a  cloud-native
architecture. The system leverages Vapi Al voice
agents for natural spoken interaction, Google Gemini
for intelligent question synthesis, and Firebase for
secure authentication, data persistence, and interview
session management. By unifying conversational
intelligence with structured evaluation models,
InterviewAl aims to provide a realistic, scalable, and
data-driven interview preparation environment
suitable for technical and non-technical domains.

Il. LITERATURE SURVEY

Al-based interview preparation and automated
candidate assessment have emerged as active research
areas due to the increasing demand for scalable
recruitment support systems, unbiased evaluation, and
personalized skill development. Traditional interview
preparation tools are primarily based on static
questionnaires, manual mock sessions, or rule-based
chatbots and provide limited adaptability and
objective performance measurement. According to
Garcia et al. (2018), conventional mock interview
platforms lack real-time conversational assessment
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and fail to capture behavioral indicators such as
hesitation, coherence, and confidence, making them
unsuitable for realistic interview simulation and
competency analysis. This limitation has motivated
researchers to explore intelligent and interactive
interview systems using natural language processing
and conversational Al techniques. With the
advancement of large language models and speech
processing technologies, several Al-driven interview
platforms have been proposed. Li et al. (2020)
highlighted the role of dialogue management systems
and semantic parsing in automated recruitment tools,
emphasizing contextual understanding and dynamic
question generation. Similarly, Kumar and Shah
(2021) developed a chatbot-based interview assistant
using transformer models and cloud infrastructure to
conduct text-based interviews and provide basic
feedback to candidates. However, many such systems
rely heavily on text interaction and do not support real-
time voice-based communication, which is a critical
factor in evaluating real-world interview performance.
Voice-enabled conversational systems have gained
attention for simulating human-like interviews.

Studies by Zhao et al. (2022) demonstrated that
speech-driven interview agents can improve candidate
engagement and realism by incorporating automatic
speech recognition and text-to-speech synthesis.
Despite this progress, most existing voice-based
systems suffer from limited adaptability, predefined
interview flows, and delayed or generic feedback
generation.  Furthermore, integration  between
conversation analysis, transcript storage, and
structured evaluation remains weak, leading to
fragmented assessment pipelines. Another important
research direction focuses on automated performance
evaluation and feedback generation. Behavioral
analysis models have been proposed to assess response
relevance, linguistic clarity, and sentiment polarity
from interview transcripts. According to IEEE survey
reports (2022), early-stage evaluation systems
primarily rely on keyword matching or shallow
semantic similarity metrics, which restrict their ability
to provide actionable feedback. Several researchers
have implemented machine learning-based scoring
mechanisms; however, these systems often operate
independently of real-time interview execution and
lack continuous adaptation during the conversation. In
recent years, generative Al models have been
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introduced to enhance interview systems. Ahmad et al.
(2023) demonstrated that prompt-engineered large
language models can generate domain-specific
interview questions and evaluate technical answers
with reasonable consistency. Similarly, Reddy et al.
(2024) applied supervised learning and embedding-
based similarity models to automate interview scoring
and anomaly detection in candidate responses. Despite
these advancements, many existing solutions focus
either on conversational realism or post-interview
evaluation, but not both in a unified real-time
framework. Based on the review of existing literature,
it is evident that there is a gap in developing an
integrated platform that combines natural voice-based
interviewing, adaptive question generation, real-time
conversational analysis, secure session management,
and structured automated feedback within a single
system. This work addresses these limitations by
proposing InterviewAl, a cloud-native Al mock
interview platform that unifies conversational voice
agents, dynamic reasoning models, and feedback
intelligence to deliver a scalable and realistic interview
preparation environment.

I1l. METHODOLOGY

An Al-driven mock interview and feedback generation
system, InterviewAl, was designed and implemented
using voice-based conversational agents, large
language models, cloud authentication and storage
services, and a web-based user interface. The proposed
system conducts interactive interviews through natural
speech, dynamically generates domain-specific
questions, records and analyzes candidate responses,
and produces structured performance feedback. The
methodology follows a modular and layered design to
ensure scalability, low-latency interaction, data
security, and consistent evaluation accuracy. The
overall methodology consists of user authentication
and session initialization, real-time voice interaction
using Al agents, adaptive question generation,
transcript and data persistence, automated feedback
analysis, and dashboard-based visualization.

3.1. The Proposed System Architecture

The proposed architecture integrates client-side
interaction, Al-based reasoning services, and cloud-
native backend infrastructure. A Nextjs web
application serves as the primary interface for
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candidates, while Firebase manages authentication
and interview session data. Vapi Al voice agents
handle speech-to-speech interview interaction, and
Google Gemini is used for dynamic question
generation and response evaluation. All components
communicate through secure APl endpoints to
maintain modularity and system extensibility.

3.1.1.Voice-Based Interview Interaction Using Vapi
Al

Vapi Al voice agents are employed to conduct real-
time interviews using automatic speech recognition
and text-to-speech synthesis. Candidate responses are
captured as audio streams, converted into structured
text transcripts, and forwarded to the reasoning
modules. Latency-optimized streaming ensures
natural conversational flow and minimal response
delay during the interview process.

3.1.2.Adaptive Question Generation Using Large
Language Models

Google Gemini is utilized to generate role-specific and
difficulty-adaptive interview questions based on job
domain, interview stage, and candidate response
quality. Prompt templates are dynamically constructed
using session metadata to maintain contextual
continuity and avoid repetitive questioning. This
mechanism enables  personalized interview
progression and realistic assessment scenarios.

3.1.3.Interview Session Management and Data
Persistence

Firebase Authentication is used to securely manage
user accounts, while Firestore is employed to store
interview metadata, transcripts, timestamps, and
feedback results. Each interview session is assigned a
unique identifier to enable traceability and historical
performance analysis. This structure supports multi-
session tracking and long-term candidate progress
evaluation.

3.1.4.Automated Feedback Generation and Scoring

Post-interview analysis is performed using structured
prompt-based evaluation pipelines. Candidate
responses are analyzed for technical relevance,
coherence, clarity, and communication confidence. A
rubric-driven scoring model converts qualitative
insights into normalized performance metrics, which
are stored and linked to the interview session for
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retrieval and comparison.

3.2. Data Communication and API Integration

The system uses REST-based secure APIs for
communication between the frontend, Al services, and
Firebase backend. All interview transcripts, scoring
outputs, and metadata are transmitted in JSON format
over encrypted channels. This architecture ensures
platform independence, low overhead, and seamless
integration of third-party Al services.

3.3. Dashboard Visualization and User Interface

A responsive dashboard is implemented using Next.js
and Tailwind CSS to present interview history,
feedback summaries, and performance trends. Users
can review completed interviews, access detailed
transcripts, and visualize strengths and improvement
areas through structured Ul components. The interface
is optimized for both desktop and mobile
environments.

3.4. System Workflow Summary

The complete workflow begins with user
authentication, followed by interview configuration,
real-time voice interaction, adaptive questioning,
transcript storage, automated evaluation, and feedback
visualization. This closed-loop pipeline enables
continuous skill assessment and improvement through
repeated interview cycles.

IV. FINDINGS

This section presents the experimental results and
analytical findings obtained from the implementation
and evaluation of the proposed InterviewAl mock
interview platform. The findings focus on real-time
conversational ~ performance, adaptive question
generation accuracy, automated feedback reliability,
system scalability, and overall platform stability under
continuous operation.

4.1. Real-Time Voice Interview Performance Results
Table 1 summarizes the observed performance of the
system under normal operating conditions, where real-
time voice interactions were conducted using Vapi Al
agents and processed through the cloud-based
reasoning and storage pipeline.
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Table 1. Real-Time Interview Interaction

Performance
‘Parameter H Minimum H MaximumHAverage|
| 420 | 980 610 |
Speech-to-text g, 97.6 94.8
accuracy (%)
Question
generation 520 1240 740
delay (ms)
Transcript
synchronization|| 180 460 290
delay (ms)

The results indicate that InterviewAl is capable of
maintaining low-latency conversational flow while
preserving high transcription accuracy. The generated
transcripts showed strong alignment with the original
spoken content, confirming the effectiveness of the
speech processing and session orchestration pipeline.

4.2. Adaptive Question Generation Performance
The system dynamically generated interview
questions using Google Gemini based on job role,
interview stage, and candidate response context.

Table 2. Adaptive Question Generation Accuracy

‘ Evaluation Metric H Value ‘
‘ Context relevance score (%) H 93.4 ‘
‘ Topic continuity accuracy (%) H 95.1 ‘
‘ Redundancy rate (%) H 3.8 ‘
‘ Domain alignment accuracy (%) H 94.2 ‘

These results demonstrate that the system maintains
strong contextual awareness across interview stages
and avoids repetitive or irrelevant questioning,
ensuring realistic interview progression.

4.3. Automated Feedback and Scoring Validation
Automated feedback was generated after each
interview using structured prompt-based evaluation
and rubric scoring.

The findings confirm that InterviewAl produces
feedback closely aligned with expert human assessment,
validating the reliability of the automated evaluation
pipeline.

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 9286



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002

Table 3. Feedback Scoring Consistency

Metric Value
Technical accuracy agreement with

92.6
human evaluators (%)
Communication  clarity  detection 90.8

accuracy (%)

Confidence estimation accuracy (%) | 89.4

Overall scoring variance +4.3%

4.4. Interview Outcome Prediction and Performance
Correlation

The platform estimates candidate readiness using

normalized performance metrics derived from multiple

interviews.

Table 5. Interview Performance Prediction Metrics

‘ Metric H Value ‘
| Mean Absolute Error (MAE) [49% |
‘ Root Mean Square Error (RMSE) H 6.3% ‘
| R2 Score (091 |

The high R? score indicates strong correlation between
predicted readiness scores and human interviewer
ratings, validating the platform’s effectiveness in
performance estimation.

4.5. System Reliability and Stability Analysis
The system was tested under continuous operation
exceeding 72 hours, simulating concurrent interview
sessions and feedback generation workloads.

Observed Results:

1. API failure rate: 0.3%

2. Session data loss: 0%

3. Authentication failures: 0.2%

4. Transcript inconsistency: <0.5%

No critical system crashes or database corruption were
observed. Firebase maintained consistent data
persistence, and the Al services sustained stable
throughput under load. This confirms the robustness
and reliability of the proposed architecture for real-
world deployment.
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InterviewAl Architecture & Workflow

P Firebase Services

Fig 1: Architecture and workflow diagram.

The figure illustrates the complete architecture of the
proposed InterviewAl platform, where user audio
input is captured through the web interface and
transmitted to Vapi Al voice agents for speech
recognition and dialogue generation. The processed
transcripts are forwarded to the Gemini reasoning
engine for adaptive question synthesis and response
evaluation. Firebase services manage authentication,
session state, and persistent interview data storage.
The frontend dashboard retrieves interview records
and feedback scores through secure APIs for real-time
visualization and performance tracking. This closed-
loop architecture enables continuous learning,
evaluation, and interview simulation across multiple
sessions.

V. CONCLUSION

This paper presented InterviewAl, a voice-driven
artificial intelligence framework designed to provide
realistic, adaptive, and automated mock interview
preparation. By integrating Vapi Al voice agents for
natural conversational interaction, Google Gemini for
dynamic question generation and response evaluation,
and Firebase for secure authentication and session
management, the system delivers an end-to-end
interview simulation environment that closely
resembles real-world recruitment scenarios.

The proposed architecture enables low-latency voice
communication, contextual question adaptation,
structured transcript storage, and automated rubric-
based feedback generation within a unified cloud-
native pipeline. Experimental findings demonstrated
high speech recognition accuracy, reliable feedback
consistency with human evaluation, strong predictive

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 9287



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002

performance correlation, and stable system behavior
under  continuous  operation. Compared to
conventional mock interview tools and basic chatbot
platforms, InterviewAl provides superior functionality
in terms of conversational realism, adaptive reasoning,
and data-driven performance analytics.

Overall, the system offers a scalable, device-
independent, and extensible solution for interview
preparation across diverse domains. The proposed
framework establishes a practical direction for Al-
assisted skill assessment and personalized training.
Future work may focus on multimodal behavioral
analysis, emotion-aware feedback, and integration of
advanced learning analytics to further enhance
evaluation depth and candidate readiness prediction.
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APPENDIX

Appendix ~ A:  System  Configuration  and
Implementation Details

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 9288



© May 2026 | IJIRT | Volume 12 Issue 12 | ISSN: 2349-6002

This appendix provides supplementary technical
information related to the system architecture, Al
model integration, communication protocols, session
management, and software implementation used in the
proposed InterviewAl platform.

A.1 System Components

The system is built using a cloud-native web
architecture with Next.js as the frontend and backend
framework. Real-time voice interaction is handled
using Vapi Al voice agents, which integrate automatic
speech recognition (ASR) and text-to-speech (TTS)
modules. Adaptive reasoning and question generation
are performed using Google Gemini large language
models.

User authentication and data persistence are managed
through Firebase Authentication and Cloud Firestore.
Interview transcripts, session metadata, scoring
results, and performance analytics are stored securely
within Firestore collections. Secure REST-based APIs
are used for communication between frontend, Al
services, and backend storage.

A.2 Voice Processing and Session Parameters

Voice input is captured through browser-based audio
streaming and transmitted to Vapi Al for speech
recognition. The recognized transcripts are processed
in real time and forwarded to the reasoning engine.

Latency optimization techniques were applied to
ensure conversational continuity, including:

1. Streaming-based audio processing

2. Incremental transcript synchronization

3. Asynchronous API calls for question generation
Each interview session is assigned a unique session
identifier (UUID) to maintain conversational context
and ensure proper transcript ordering.

A.3 Communication and Data Format

The system uses secure HTTPS-based API
communication for data exchange between
components. All interview data is transmitted in
structured JSON format to ensure compatibility with
storage and analytics modules.

Interview session payload includes:
1.User ID

2. Interview role

3. Timestamp
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4. Question-response pairs

5. Evaluation scores

6. Feedback summary

This lightweight structured format ensures scalability
and supports downstream analytics.

Appendix B: Sample Interview Session JSON Payload
{

"session_id": "INT-2025-001",

"user_id": "USR-1024",

"role": "Software Engineer",

"timestamp": 1739200000,

"question": "Explain the difference between REST
and GraphQL.",

"response”: "REST uses fixed endpoints while
GraphQL allows flexible queries.”,

"technical_score™: 8.5,

"communication_score™; 7.8,

"confidence_score": 7.2,

"overall_score": 8.0

}

Appendix C: Key Evaluation Parameters Used in the

System

1. Technical relevance threshold: > 70% semantic
similarity

2. Communication clarity score range: 0-10

3.Confidence estimation based on speech fluency
metrics

4. Adaptive difficulty escalation trigger: > 80%
performance score

5. Interview readiness prediction normalization range:
0-100

Appendix D: Feedback Evaluation Model Integration
A structured prompt-engineered evaluation pipeline
was used to generate performance scores. The
evaluation model analyzes:

1. Semantic correctness of answers

2. Logical coherence

3. Depth of explanation

4. Relevance to job role

5. Communication clarity

Scores are normalized using weighted aggregation:
OverallScore = w, (TS) + w,(CS) + w5 (ConfS)

where:
TS = Technical Score
CS = Communication Score
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ConfS = Confidence Score
Weights were experimentally calibrated to ensure
balanced evaluation across domains.

Appendix E: Reproducibility Statement

All  architectural components, Al  services,
communication protocols, and evaluation logic
described in this work are reproducible using
commercially available cloud services and open-
source frameworks. The modular design supports
scalability across multiple job roles and domains.

The system can be extended to incorporate multimodal
analytics, emotion recognition modules, or advanced
predictive modeling without altering the core
architecture.
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