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Abstract

In the era of digital education learners are overwhelmed by rising volumes of video content and lack
time or attention span to view entire material. This work proposes a new Al-powered web application to
enhance video learning by creating automatic summaries and instant quizzes It supports YouTube links
or uploaded videos, transcripts them with Whisper model through a low-latency API of Groq and
condenses the content with a transformer-based LLaMA model. It generates quiz questions on
summarized text to achieve additional retention and stimulation of the interaction. Automation relieves
educators of manual work and at the same time adds to the interactivity and availability of videos since
they are readily accessible. The backend deployment and integration are easy with Flask, and the front-
end interface is responsive, thanks to Bootstrap CSS. It is to support multilingual videos and reliability
in noise-prone acoustics. It holds the prospect of applications on self-paced learning, online courses, and
accessibility solution. The quizzes that are produced are dynamically summarized topic wise to maintain
relevance and comprehensibility.

It enables equitable learning and affordable learning to the differently-abled and low bandwidth areas. It
scales, and there is nothing wrong with it being modular in nature to support additional features, such as
flashcards and mind maps, or other similar features. It shall work towards that gap between passively
watching a video and proactive learning. With such an Al pipeline we will have a more intelligent,
faster, and more inclusive means of learning by video. The study outlines the prospects of LLMs and
LPUs as a changing tool in education. Our method can fill the mediocre gap between passive viewing
and learning. With this Al-based pipeline, we deliver a quicker, cleverer, and more accommodating
method of learning videos. It is a smart pipeline helping to close the passive consumption of videos and
produce the active learning process, so it will be very useful to both students and both teachers and the
video makers. Overall, this research demonstrates how Al and hardware acceleration can collaborate
together to create a smarter, faster, and more inclusive learning environment.

Keywords: Digital education, Video content, Al-powered, Automatic summaries, Transcription,
Whisper model, Groq's low-latency API, LLaMA model,

1. Introduction

One of the most popular forms of education and information sharing nowadays is video-based content.
Long lectures, tutorials, and discussions abound on websites such as YouTube, MOOCs, and e-learning
portals. However, users frequently struggle to effectively extract important information. Conventional
teaching approaches lack interaction and might not be appropriate for all students, particularly in
settings with limited resources or remote locations. To resolve this address, we suggest a web
application inspired by Al that turns video instruction into a customized and interactive experience.

In order to solve this, we suggest a web application driven by Al that turns video instruction into a
personalized and interactive experience. The system operates models like LLaMA for summarization
and Whisper for transcription using groq high-performance API infrastructure. It enables users to
submit a YouTube URL for content processing or upload a video. The video's content is condensed
into easily readable text after transcription sustainable farming solution. The recommendations are
casy to follow and interpret as they are presented in an interactive interface with color-coded crop
zones. The application uses the summary to create quiz questions that reinforce learning. These tests
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aid in the immediate evaluation of the student's comprehension. The application is constructed with
Bootstrap for a streamlined user interface and Flask for backend processing. By providing immediate
feedback, the tool not only saves time but also boosts engagement.

Intelligent summarization and assessment tools are more important than ever due to the rising demand
for microlearning and personalized education. These tasks are a good fit for Al models like Whisper and
LLaMA, that offer good performance even when dealing with noisy or multilingual audio. These big
models can operate at extremely low latency thanks to Groq's LPU (Language Processing Unit), which
produces results almost instantly. The system's adaptability makes it a useful resource for persons who
wish to swiftly turn lecture videos into quizzes and summaries. Additionally, students can go back and
review summaries and quizzes, which encourages long-term memory. From professional training to
school curriculam, the solution can be modified for use in a variety of subjects and levels of education.
It is appropriate for users with hearing impairments due to accessibility features that turn audio to text.

2. Literature Survey

This foundational paper introduced the Transformer architecture, replacing recurrent networks with self-
attention for parallelized sequence processing. It enabled models like Whisper and Llama by solving
long-range dependency issues in sequential data. The multi-head attention mechanism became critical
for tasks like video transcription and summarization. Its encoder-decoder structure inspired modern
LLMs, including those optimized for Groq’s LPUs [1].

Whisper leverages 680K hours of multilingual audio to achieve robust speech-to-text transcription, ideal
for processing educational videos. Its transformer-based architecture generalizes across accents, noise,
and domain-specific jargon. Unlike prior ASR systems, Whisper requires no fine-tuning for zero-shot
tasks. The model’s open-source availability and Groq’s low-latency deployment make it viable for real-
time summarization [2].

In this Paper The model utilizes convolutional feature encoders combined with Transformer networks to
learn contextualized representations. It significantly reduces the need for transcribed speech data,
enabling efficient training on unlabelled audio. In this project, similar architectures like Groq Whisper
leverage such frameworks for video-to-text transcription. Their work supports real-time transcription
capabilities, making it crucial for educational applications requiring accurate speech-to-text conversion.
This approach enhances scalability and multilingual adaptability in speech recognition systems [3].

This paper helped to convolutional neural networks with attention mechanisms to improve video
representation learning. Their framework captures both spatial and temporal video features more
effectively than traditional CNNs. This model is designed to handle different video lengths and difficult
visual patterns. In the context of Al video summarization, such representation learning aids in extracting
relevant content sections for summarization tasks. The combination of convolutional layers and
attention aligns with Transformer-based models, supporting the generation of coherent video summaries

[4].

Nguyen et al. looked at the expanding role of Al in improving educational procedures in this paper, with
an emphasis on promoting student-teacher collaboration. Their research focused on the use of Al tools
to create interactive learning environments as well as for the delivery of content. Applications of Al that
support personalized education, such as content recommendations and automated assessments, were
emphasized as advantageous. This is compatible with the ongoing project, in which Al-generated tests
promote student engagement and introspection. Their work underlines the importance of designing Al
systems that complement human teaching, enhancing rather than replacing traditional pedagogical
approaches [5].
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This paper helped to study how Al can improve online learning in real time.where Roschelle examined
how Al technologies can deliver adaptive and real-time interventions in online learning environments.
The study highlights systems that analyze learner behaviors and provide instant feedback, thereby
improving learning outcomes. They suggested including analytics powered by Al to track student
development and dynamically tailor content delivery. Real-time quiz creation and feedback are
immediate implications of this research in your project. According to their findings, educational
platforms should incorporate real-time intelligence to improve engagement and enable prompt
responses to student needs [6].

3. Proposed methodology

The suggested system automatically creates brief overviews and interactive tests using a variety of Al
techniques to make learning from video content easier. A user-friendly Flask-built web interface lets
users to upload or enter video links. After a video is uploaded, the audio is converted to text using the
Groq Whisper API, which guarantees high-accuracy speech-to-text conversion even when inputs are
noisy or multilingual.

Following transcription, the text is run through a pipeline for summarization that is driven by the Groq
LLaMA model. This model distills the essential ideas and reduces the data into concise, readable
summaries. In addition, a quiz generation module enhances interactive learning by using natural
language processing to create pertinent questions based on the condensed content. A summary, a test,
and downloadable materials (text/PDF) are all included in the finished product. Real-time educational
content creation from video sources is made possible by this multi-stage pipeline, which is built for
speed, accuracy, and user adaptability.

3.1 Proposed model diagram

The architecture employs a step-by-step workflow that combines sophisticated speech-to-text transcription
with user video input, then Al-based summarization and quiz creation modules. By automating the
transformation of video content into insightful summaries and interactive quizzes, the architecture of this
Al-Video Summarization and Quiz Generation System essentially aims to streamline the delivery of
educational content.

YouTube Video ’ ‘ Uploaded Video

Y

Video Input

A 4
Transcription
(Groq Whisper)
Al Model
I h 4
‘ Summary I Quiz Generation

Figure 3.1.1 Proposed model diagram
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3.2 Block diagram of ML module

This is where the machine learning module comes in and does the computational logic that converts inputs into
a summaries and quizzes. How the system works can be seen in the following diagram:
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Figure 3.2.1 Block diagram of ML module

To begin with, the system will collect input in the form of a video upload or a YouTube URL from the user.
The video’s audio stream is extracted and passed to the Groq Whisper API, which performs real-time audio
transcription with high accuracy and efficiency. Once the transcription is completed, the raw text undergoes
preprocessing where unnecessary characters, timestamps, and irrelevant noise are cleaned and formatted for
smooth processing. The cleaned text is then forwarded to the LLaMA Summarization Module, where it is
analyzed to generate concise, meaningful summaries that effectively capture the key points of the video
content. Following summarization, the system passes the processed text to an NLP-based Quiz Generator,
which automatically formulates multiple-choice or descriptive questions relevant to the summarized content,
enhancing interactivity and knowledge retention. Finally, in the Output Layer, the user receives the generated
summary and quiz, with options to download the materials in PDF or plain text formats. This systematic
process ensures fast, accurate, and educational content generation, while also providing a scalable solution
for personalized learning experiences.

4. Mathematical Formulas

The suggested model uses some mathematical formula with self attention mechanism. The system is
based on the formulas below:

1. Self attention mechanism formulae used in both whisper and llama.
This formula is the foundation of the Transformer model used in Whisper and LLaMA.

It calculates how much focus (attention) each word should give to every other word in the input
sequence.

Attention(Q.K,V)=softmax(QK"/Vdk)V
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Where:
¢ Q=Query
e K=Key
e V=Value

e dk =dimension of key vectors

e The SoftMax ensures the scores are normalized to form attention weights used for combining
the values.

2. Cross entropy Loss function

To maximize productivity and profitability while minimizing resource usage, we use a multi-objective
optimization formulation:

L=—i}yilog(y")

Cross-entropy measures how different the predicted output is from the actual (true) output.
It is commonly used in classification tasks to train models like Whisper and LLaMA.

3. Transformer Layer Output

Output=Layer Norm(Feedforward(Self Attention(X)))

This represents the output of one layer in a Transformer block.It combines self-attention with a feed-
forward network, followed by residual connections and normalization. This structure helps the model
learn complex patterns in text and audio effectively.
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5. Graphs

5.1. Model Accuracy Comparison:
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Figure 5.1.1 Bar chart showing Model accuracy comparison

In evaluating the performance of various Al-powered speech recognition models for transcription
accuracy, four prominent APIs were compared Groq Whisper, Google Speech, Azure Speech, and
IBM Watson. The Groq Whisper API emerged as the most accurate, achieving an impressive 92.3%
accuracy, owing to its transformer-based architecture that excels at processing diverse and noisy audio
inputs. Azure Speech API followed closely with an accuracy of 89.1%,The Google Speech API, a
widely-used service, registered a slightly lower accuracy of 87.5%, indicating stable but less advanced
performance in handling difficult acoustic scenarios. Lastly, the IBM Watson API reported an
accuracy of 85.7%, reflecting relatively moderate transcription performance.

5.2. Predicted Output Distribution:

PDF/Text Downloads

25.0%

30.0% Quizzes

45.0%

Summaries

Figure 5.2.1 Pie Chart Showing Output Distribution

The pie chart illustrates the distribution of outputs generated by the system. From the total generated
content Summaries account for 45%, Quizzes contribute to 30%, PDF/Text Downloads represent
25%. These proportions reflect the typical user interactions within the system, where concise
summaries are in higher demand, followed by interactive quizzes for educational purposes, and
document downloads for offline study. This helps administrators understand feature usage and aids in
optimizing content delivery strategies to improve user engagement.
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The performance of various machine learning models and Al-driven systems in showing summaries
and quizzes as output as discussed in the literature, demonstrates the potential effectiveness of the
Smart Crop Grid Planner. The following table summarizes key experimental results:

Key Performance Best o
System/Module Task Algorithms/Models Metric Value Citation
Audio Speech-to- Whisper API, Word Error Rate 5.20% 2], [3],
Transcription Text wav2vec 2.0 (WER) e [9]
LLaMA,
Summarization | Video/Text Transformers, 0 [1], [4],
Module Summarization Convolutional ROUGE-1 Score 37:30% [11], 8]
Attention Networks
Quiz . GPT-based NLP,
Generation G%EZi:t(i)gn Template-based BLEU Score 443 [553]]’ [[71]6]
Module Models ’
Classification Output Rule-Based Filters 0 [6],[17],
Layer Routing + NLP Classifiers Accuracy 91.40% [18]
Output PDF/Text Python File . < 1.8
Processing Export Handling Libraries Response Time seconds 6], [18]
User Personalized
Interaction Content Web-Based UVUX, |, 1 0ad Time 1.3 [17], [18]
. JavaScript seconds
Module Delivery
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7. Conclusion

This research project successfully demonstrates how artificial intelligence can transform traditional
video learning into an interactive, efficient, and accessible experience. By incorporation, high speed
Whisper model by groq to perform transcription and transformer based Llama model to perform
summarization, the system is capable of processing video educational materials in real-time with a high
sense of accuracy. A user can either upload a video file or a YouTube link into the application and
through the application; it will automatically transcribe, summarize and quiz him or her on what has
been viewed by means of quizzes that it will generate automatically. The ability of the platform to
summarise difficult contents into easy-to-grasp messages facilitates greater understanding and reduces
mental load, especially among the busy students. Its quiz generation module will make self-evaluation
immediate and will promote active learning. The tool has a user-friendly interface due to its ease of
navigation and interaction, which was designed using Flask and styled using Bootstrap to allow users of
all levels to use and manipulate the tool without any difficulties.

Nevertheless, despite a few limitations, like transcription error in the very noisy inputs, the test results
confirm the effectiveness of integrating low-latency API of Groq with modern transformer models. In
conclusion, this inteliigence solution marks a important step toward smarter digital education by
enhancing comprehension, engagement, and accessibility. It sets the foundation for future expansions
like flashcards, personalized quizzes, and integration into larger e-learning ecosystems.

8. Future enhancement

Future improvement of this project can be achieved with multilingual transcription and summarization
unit. This enables the user with a wide range of linguistic background to be able to access content
without difficulty. More efficient transformer models such as GPT-5 or Mixtral can be used to improve
the summarization module with a more context-aware summarization in a human-like manner. In order
to generate more interest in quizzes, some level of personalization of the questions through using their
history of learning can be used. It has been possible to consider models of real-time adaptation of
speech-to-text to better support noisy conditions and be accurate in transcriptions. It would be more
convenient and user-friendly to implement the system as a mobile app. Analytics dashboards with
learning progress and quiz performance could be also incorporated in future releases to improve on a
continuous basis.

The system also has the capability to be expanded to multi-modal input processing and both video and
document based content can be available to produce a summary and quiz. It is possible to introduce
edge Al models, which can allow offline processing, and minimize the reliance on the cloud services.
Other features that may appear in the future are adaptive levels of summarization so that the user may
want to have a short summary or a medium or detailed one. The quiz generator would be improved by
the possibility to create interactive quizzes giving a chance to use hints and explanations leading to
deeper knowledge. Popular Learning Management System (LMS) such as Moodle or Canvas may
integrate with it, which would allow educators to incorporate the tool into their teaching routine. Auto-
translations of both summaries and quizzes would be beneficial since they can give the platform access
to international learners.
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