International Journal on Advanced Computer Engineering and Communication Technology

—_
Tl
N

Archives available at journals.mriindia.com

International Journal on Advanced Computer Engineering and
Communication Technology

ISSN: 2278-5140
Volume 14 Issue 03s, 2025

InterviewExceler.Al: An AlI-Powered Platform For Mock Interviews, CV
Analysis, and Real Time Behavioural Feedback

1Humesh Deshmukh, 2Srushti Soitkar, 3Pranoti Mane, 4Shrish Deshmukh, >Aisha Agrwal
12345 Department Of Computer Science and Business Systems, St.Vincent Pallotti College Of Engineering and
Technology, Nagpur,India

Email: Thumeshdeshmukh.22 @stvincentngp.edu.in, 2srushtisoitkar.22 @stvincentngp.edu.in,
3pranotimane.22@stvincentngp.edu.in, *shrishdeshmukh.22 @stvincentngp.edu.in,
Saishaagrwal 22 @stvincentngp.edu.in

Peer Review Information Abstract

Preparing for real-world interviews often requires multiple
disconnected tools for practice, CV editing, and performance feedback.
To bridge this gap, we present InterviewExceler.Al, a full-stack
platform that provides an integrated and realistic mock interview
experience. The system employs transformer-based models (BERT,
SBERT) for role-specific question generation and client-side facial
landmark analysis using CNNs with TensorFlow to capture non-verbal
behaviour. These inputs are combined with heuristic scoring and
Gradient Boosted Trees (XGBoost) to generate structured and
Interview  coaching, mock | actionable feedback.

interviews, natural language | The platform integrates an interactive Nextjs frontend, serverless
processing, facial analysis, CV | convex functions, and modular ML pipelines, ensuring scalability and
adaptability across diverse interview formats. Designed with
reproducibility and extensibility in mind, it provides architecture
details, implementation guidelines, evaluation protocols, and open-
source artifacts to enable further research and adoption.

Evaluation highlights effectiveness in three areas: generating relevant
interview questions, analysing multimodal responses, and offering
personalized coaching recommendations that improve with repeated
use. Beyond technical contributions, InterviewExceler.Al seeks to
reduce bias, enhance accessibility to professional interview training,
and lay the foundation for next-generation Al-driven career support
systems.
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Introduction assess both technical competence and

In today’s competitive employment landscape,
interviews have emerged as one of the most
critical stages of the recruitment process. While
academic achievements and technical expertise
remain important, employers now place equal—if
not greater—emphasis on a candidate’s
communication, confidence, problem-solving
ability, and cultural fit within the organization. An
interview is no longer just a question-and-answer
exchange; it is a structured evaluation designed to

© 2025 The Authors. Published by MRI INDIA.

interpersonal effectiveness (Naim et al.,, 2015).

Despite its importance, interview preparation
often remains inconsistent and overly reliant on
traditional methods such as practicing generic
questions, attending workshops, or rehearsing
with peers. These approaches provide only a basic
foundation and fail to address individual
weaknesses. For instance, a candidate might
unintentionally speak too quickly, avoid eye
contact, or deliver incomplete answers—subtle
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yet impactful issues that undermine confidence
and credibility (Agrawal et al., 2020).

Non-verbal communication further amplifies this
challenge. Studies suggest that up to 55% of an
interviewer’s impression is shaped by body
language, gestures, posture, and facial
expressions, compared to only 7% by spoken
words (Lee & Kim, 2022). Unfortunately,
traditional preparation strategies rarely provide
structured feedback on these behavioural aspects,
leaving candidates unaware of their shortcomings
and prone to repeating mistakes in multiple
interviews.

Emerging technologies such as Artificial
Intelligence (AI), Natural Language Processing
(NLP), and Computer Vision (CV) offer a
promising solution to this gap. These technologies
have already demonstrated significant success in
emotion recognition, speech analysis, and human-
computer interaction (Zhang et al, 2021).
Building on these advancements,
InterviewExceler.Al is proposed as a next-
generation platform that automates interview
simulations across text, audio, and video formats.
By analysing both verbal and non-verbal
responses in real time, the platform provides
instant, personalized, and actionable feedback on
technical accuracy, communication clarity, and
behavioural signals (Verma et al,, 2025; Liu & He,
2025).

Unlike conventional tools, InterviewExceler.Al
not only pinpoints areas of improvement—such
as lack of eye contact or unclear articulation—but
also suggests targeted solutions. NLP modules
further enhance preparation by evaluating
grammar, vocabulary, tone, and overall coherence
of responses (Daryanto et al., 2024).

Accessibility is another key strength. While
professional coaching can be expensive and
geographically restricted, InterviewExceler.Al,
being cloud-based, democratizes access to high-
quality interview training worldwide. This
ensures that candidates from diverse
backgrounds, including those in remote or
economically disadvantaged regions, gain equal
opportunities to enhance their employability
(Huang et al., 2022).

The platform’s adaptive learning engine tailors
each session to the individual’s progress, making
practice more effective and personalized.
Integrated dashboards track performance trends
and readiness scores, enabling evidence-based
preparation that not only sharpens skills but also
builds confidence. Moreover, institutions and
organizations can adopt InterviewExceler.Al for
large-scale training, ensuring standardized
preparation while reducing hiring cycles and
improving recruitment efficiency (Verma et al,
2025).
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In conclusion, InterviewExceler.Al represents a
transformative approach to interview
preparation. By integrating Al-driven analysis
with realistic simulations, it bridges the gap
between potential and performance. The platform
empowers candidates to systematically refine
their technical and behavioural skills, reduces
interview-related anxiety, and makes
professional-grade training accessible to all.
Ultimately, it contributes to creating a fairer,
merit-based, and transparent recruitment
ecosystem.

Related Work

Automated scoring and feedback systems have
been widely explored across multiple domains,
including education, recruitment, and
performance evaluation. In the context of
interview preparation, prior research has largely
focused on unimodal methods, such as textual
analysis of candidate responses or audio-based
prosodic analysis that examines pitch, tone, and
fluency [1], [2]. While these approaches provide
valuable insights, they often fail to capture the
holistic nature of human communication, where
meaning is conveyed not only through words but
also through delivery and non-verbal behaviour.
To address this limitation, recent studies have
demonstrated that multimodal approaches,
which integrate verbal and non-verbal signals,
offer significantly stronger correlations with
human judgments. For example, incorporating
body language, facial expressions, and speech
patterns alongside textual content has shown
improved accuracy in detecting candidate affect,
engagement, and overall communication
effectiveness [3]. This alignment with human
evaluators highlights the potential of multimodal
systems to deliver richer and more reliable
feedback compared to unimodal methods.
Moreover, the emergence of advanced
transformer-based models such as BERT and
GPT-like architectures has further revolutionized
automated feedback mechanisms. These models
excel at context-aware analysis, enabling them to
go beyond surface-level keyword matching to
provide nuanced evaluations of open-ended
responses [4]. Such advancements allow systems
to capture subtleties in language use, coherence,
and intent, thereby offering feedback that more
closely mirrors human interpretation.

Building on these foundations, our work
introduces an open, end-to-end interview
preparation  platform that  integrates
multimodal data streams—text, audio, and
video—into a unified scoring and feedback
framework. Unlike prior solutions, the platform
not only leverages cutting-edge Al for nuanced
analysis but also emphasizes reproducibility and
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experimental validation. By providing structured
guidance for researchers and practitioners, it
ensures that evaluations can be consistently
replicated and benchmarked, ultimately
contributing to the development of more
transparent, scalable, and effective automated
interview training systems.

System Architecture

The architecture of InterviewExceler.Al follows a
modular full-stack design that integrates the
client interface, backend logic, and real-time
database. This layered approach ensures
scalability, low latency, and seamless user
interaction across devices. The architecture flow
is illustrated in Fig. X.

1. Client Frontend (Next.js)

The user interacts with the system through a
responsive frontend developed using Next.js. The
frontend handles Ul components, page routing,
and visual styling through Tailwind CSS. It is
responsible for rendering the mock interview
environment, dashboards, and feedback reports.
User requests are converted into API calls thatare
forwarded to the backend.

2. Backend Logic (Convex Functions)
The backend layer consists of Convex serverless
functions that manage application logic. Two
primary operations are performed here:

o Mutations: Handle write operations such
as storing candidate responses, session
details, and activity logs.

o Queries: Process read operations by
fetching interview questions, retrieving
analytics, and delivering feedback reports.

This separation of concerns ensures
efficiency, security, and reliable data
handling,

3. Convex Database
A real-time convex database stores and manages
application data across four main tables:

o Users Table: Stores candidate profiles and
authentication details.

o Sessions Table: Maintains mock interview
session records.

o Activities Table: Logs system usage and
interactions.

o Analytics Table: Contains processed
performance metrics and feedback scores.
Real-time subscriptions allow instant
updates across components, ensuring
smooth synchronization between the
candidate’s actions and the generated
feedback.

4. Configuration and Cross-Cutting Concerns
The system also incorporates essential cross-
cutting functionalities including:

o Configuration management (.env, config
files).
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o Authentication and security validation
with rate-limiting.
o Error handling for descriptive feedback in
case of failures.
o Unit testing
maintainability.
This architecture ensures a tight integration of
frontend interactivity, backend scalability, and
real-time analytics, making InterviewExceler.Al
an extensible and production-ready platform for
automated interview preparation.

for  reliability and

System Architecture Flow: Full-Stack Next.js Application
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Fig 1: System Architecture of InterviewExceler.Al

Algorithms and Pseudocode

This section outlines the algorithms and
corresponding pseudocode used in the
implementation of InterviewExceler.Al. The

system integrates Natural Language Processing
(NLP) and Computer Vision (CV) models to
analyse candidate responses and facial
expressions, producing an overall performance
score with automated feedback.

I.  Algorithm: Multimodal Interview
Scoring System

Objective:

To generate an overall interview performance
score by combining semantic (text-based) and
behavioural (facial expression-based) features
using machine learning models.

Input:

Candidate response text, video frames

Output:

Final score, feedback report

II. Pseudocode
1. response_text_cleaned =
PreprocessText(response_text)

- Convert to lowercase
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- Remove stop words and punctuation

- Perform lemmatization
2. text_embedding =
SBERT(response_text_cleaned)

- Generate contextual text embeddings
3. frames_resized = ResizeFrames(video_frames,
size=(224,224))

- Standardize frame dimensions for CNN input
4, face_features =
CNN_landmark_extractor(frames_resized)

- Extract 68-point facial landmarks

- Derive behavioural metrics (smile
probability, gaze angle, blink duration)
5 semantic_score =

XGBoost.predict(text_embedding)

- Predict semantic performance score
6. behaviour_score =
LogisticRegression.predict(face_features)

- Predict non-verbal behaviour score
7. semantic_score_norm
Normalize(semantic_score)

behaviour_score_norm =

Normalize(behaviour_score)

- Scale both scores for fair fusion
8. final_score =
FusionModel.combine(semantic_score_norm,
behaviour_score_norm, weights=[0.6, 0.4])

- Weighted ensemble model to merge semantic
and behavioural evaluations
9. feedback_report
GenerateFeedback(final_score)

- Map final score to personalized improvement
suggestions
10. Output: final_score, feedback_report

III. Explanation

e Stepl - Text Preprocessing:
Cleans the input response text by removing
unnecessary elements and standardizing words
through lemmatization.

e Step 2 - Semantic Feature Extraction:
Uses the SBERT model to convert text into
numerical vectors that capture the meaning of
candidate responses.

e Step 3 - Facial Feature Extraction:
A CNN-based landmark extractor identifies key
facial points and computes behavioural metrics
such as smile, eye contact, and head movement.

e Step 4 - Scoring:
Two models independently evaluate the
candidate:

o XGBoost — for semantic understanding

o Logistic Regression — for behavioural
interpretation

e Step 5 - Fusion:
A weighted ensemble model combines both
scores (60% semantic + 40% behavioural) to
maintain balanced assessment.
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e Step 6 - Feedback Generation:
The final score is translated into detailed,
personalized textual feedback highlighting

strengths and areas for improvement.

IV. Supporting Algorithms Used

1. LRU (Least Recently Used) Cache
Algorithm
o Ensures efficient data retrieval and
memory optimization.
o Implements 0O(1) get() and put()

operations using a HashMap and Doubly
Linked List.

2. Sorting Algorithms
o Quicksort and Merge Sort are used for
ranking and organizing candidate scores.
o Quicksort provides high performance for
large datasets, while Merge Sort ensures
stability when required.

V. Summary
The algorithm integrates:
e NLP models (SBERT, XGBoost) for
textual comprehension,
e CNN-based feature extractors
behavioural understanding, and
¢ Fusion models for consistent multimodal
scoring.
This combination ensures accurate, human-
comparable evaluation of candidate responses in
real-time.

for

Section Content Purpose
. Concise Presents a clear
Main .
pseudocode | overview of
Methods i : .
. (core scoring | algorithmic
Section .
logic) workflow.
Expanded Prov.ldes
detailed
pseudocode ) .
. technical clarity
Appendix + for
component . )
- implementation
descriptions .
and replication.
Describes
Subsection | LRU & support?ng
. mechanisms for
under Sorting optimization
Algorithms | Algorithms and data
management.
Results
To evaluate the effectiveness of

InterviewExceler.Al, we compared the automated
scoring outcomes with human ratings across
multiple performance dimensions. Table X
presents the correlation coefficients (Pearson r),
significance values (p-value), and mean absolute
error (MAE) for each metric.
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The results indicate strong alignment between
system-generated scores and human judgments.
High Pearson correlations were observed across
all dimensions, ranging from r = 0.79 (Relevance)
tor =0.91 (Clarity), all statistically significant (p <
0.001). The MAE values remained consistently
low, with the smallest error in Clarity (3.1) and
the largest in Relevance (4.8).

Overall performance demonstrated a robust
correlation (r = 0.88, p < 0.001) with an MAE of
3.6, suggesting that the system provides reliable
and human-comparable evaluation across both
technical and behavioural aspects of interview
responses. These findings validate the platform’s
capacity to deliver interpretable, multimodal
feedback with a high degree of accuracy.

Table 2. Correlation Between Automated Scores
and Human Ratings

Metric Pearson | p- MAE
r value
Confidence 0.83 <0.001 | 4.2
Clarity 0.91 <0.001 | 3.1
Technical 0.89 <0.001 | 3.6
Accuracy
::mplete“e 0.84 <0.001 | 4.0
Relevance 0.79 <0.001 | 4.8
Discussion

In this study, we explored the impact of
multimodal fusion on model performance by
integrating semantic similarity and factuality
features. Our ablation study revealed that the
removal of these components led to a decrease in
correlation (rrr) by 0.07, highlighting the crucial
role that multimodal information plays in
improving prediction accuracy. This finding
underscores that the combination of textual and
visual cues contributes meaningfully to the
model’s understanding and output quality, and
that relying on a single modality can significantly
impair performance.

However, our work is not without limitations. A
major constraint is the reliance on synthetic labels
for training and evaluation, which, although
necessary due to the scarcity of fully annotated
datasets, may introduce noise and affect
generalization. Additionally, demographic biases
inherent in the face models used could lead to
unequal performance across different
populations, raising concerns about fairness and
inclusivity. Transformer-based architectures,
while powerful, also present reproducibility
challenges due to their sensitivity to initialization
and hyperparameter choices, which can make
replication of results difficult in some settings.
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Looking ahead, there are several promising
avenues for future work. First, constructing
larger, high-quality annotated datasets would
allow for more robust evaluation and reduce
dependency on synthetic labels. Second,
incorporating fairness-aware calibration
methods could mitigate demographic biases and
enhance model reliability across diverse
populations. Finally, exploring smaller, locally
deployable models could improve reproducibility
and accessibility, enabling wider adoption in
practical scenarios without requiring extensive
computational resources. By addressing these
limitations and extending the model’s capabilities,
future research can further strengthen the
reliability, fairness, and practical utility of
multimodal fusion approaches in real-world
applications.

Conclusion

This work presented a modular interview-
preparation  framework  that integrates
transformer-based language models,
convolutional neural networks (CNNs), and
boosting algorithms to perform multimodal
scoring. By combining textual, visual, and
behavioural cues, the system captures both verbal
and non-verbal aspects of candidate responses,
leading to more accurate and comprehensive
assessments compared to unimodal approaches.
Experimental results highlight the effectiveness of
multimodal fusion, demonstrating its potential to
enhance automated interview evaluation and
provide meaningful insights for candidates.
Overall, the proposed framework establishes a
robust foundation for Al-driven, holistic
interview assessment tools

Future Work

Several directions exist to further enhance the
system. Fine-tuning smaller transformer models
could reduce computational requirements while
maintaining performance, enabling practical
deployment in resource-constrained
environments. Integrating prosodic and acoustic
analysis using tools such as open SMILE would
allow richer evaluation of speech patterns,
intonation, and emotional cues. Privacy-
preserving approaches, including federated
learning, could enable collaborative model
training across organizations while safeguarding
sensitive interview data. Additionally, adaptive
feedback mechanisms and personalized learning
pathways could provide actionable insights for
candidates, improving the overall user
experience. These enhancements aim to make the
system more accurate, inclusive, privacy-
conscious, and practically deployable in real-
world scenarios.
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Appendix
A. Extended Algorithms and Scoring Pseudocode
This section provides detailed pseudocode for the
multimodal scoring algorithms used in the
system. [t includes the step-by-step processes for:
1. Textual scoring using transformer
embeddings.
2. Visual scoring using convolutional neural
networks (CNNs).
3. Multimodal fusion using boosting and
weighted averaging.
The pseudocode illustrates the data flow,
feature extraction, and final score
computation for each candidate response.
B. Sample Ul Wireframes and Screenshots
This section presents sample user interface
designs and screenshots for the interview-
preparation system. The wireframes demonstrate
key screens, including:
e Home and login interface
e Question presentation and answer input

screens

e Real-time feedback and score display

e Historical performance tracking
dashboards

These wireframes provide a visual
understanding of the system workflow and
user interaction.
C. Detailed Description of Simulated Datasets
The datasets used for training and evaluation
include both synthetic and semi-annotated data.
This section details:
e Data sources and generation methodology
e Labelling process and annotation schema
e Distribution of candidate demographics
and response types
e Statistics on dataset size, modalities
included (text, video, audio), and
preprocessing steps
Providing this information ensures
reproducibility and allows future
researchers to benchmark or extend the
system
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