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Abstract

Manual navigation in long educational videos is a challenge to the learners as transcripts are not always complete
or accurate, and they take a lot of time to navigate through the video [1], [2]. The article proposes a multimodal
system that would enable the navigation through the educational videos having no text but audio extraction,
automatic transcription using Whisper Al, semantic searching through Sentence Transformer embeddings, detection
of key moments, and automatically generated quizzes [3]. Users have the opportunity to post videos or give YouTube
links and the system creates formatted transcripts, concept-based search results, and interactive analytics dashboards.
The system enables prompt access of the pertinent content reinforcing the knowledge test with automated question to
enhance the knowledge test thus reducing the time taken in navigation hence making the student more interested.
The Python language is used to implement the backend, and Streamlit-based front-end to enable navigation in
real-time learning and interactivity [4]. The input of this work is not just on the scholarly understanding of the
multimodal video learning but on the actual development of the educational technology platforms that are observed
to have recounted impressive advances in comparison to the conventional video navigation system.
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I. INTRODUCTION

Educational videos are widely used in modern teaching. However, prolonged-length video-based learning
has a pedagogical barrier, including reduced learner interest and knowledge retention, which is notable
[5]. Students often spend a lot of time on searching the relevant sections manually, and the lack of relevant
transcripts or the presence of inaccurate ones only worsens the process of understanding, especially in
special fields of study. Traditional e-learning systems rarely provide unified applications that combine se-
mantic search, key moment identifying, and interactive evaluation tools and, therefore, limit the interaction
of learners hence, the effectiveness of teaching.

This practicum addresses these gaps by developing a comprehensive system for transcript-free video
navigation. Students can upload videos or copy and paste YouTube links for further transcription; the
system then recreates the structuring of the transcripts, semantic search, and key moments highlighting,
and creates quizzes aimed at solidifying the understanding [6], [7]. The interactive Streamlit interface
enables navigation in real time and analytics dashboards make the metrics such as speech density,
segment importance and learner interactions visible [8]. With these functionalities, the project will boost
effectiveness, understanding, and interaction in video-based learning.

II. PROBLEM STATEMENT

Long educational videos are not user friendly, particularly where the transcripts are not complete or
accurate. Students waste a lot of time trying to find the required information, which minimizes the
effectiveness and clarity of the study process [1]. Moreover, the majority of platforms are not interactive,
such as automatic quizzes or key moments detection, which would enhance the learning results and
experience.



The suggested system will overcome these obstacles by automating the generation of transcripts,
semantic search, important or key moments, and quiz generation. Engagement analytics are also provided
by the system that will help learners navigate the video content efficiently. The project enhances total and
reproducible framework of the video-based learning outcomes by addressing several steps in the data life
cycle which includes data acquisition, processing, analysis and reporting.

III. RELATED WORK

Prior research has highlighted the inefficiencies of manual video navigation. The literature of the past has
already highlighted the inefficiencies of manual video navigation on numerous occasions. Notably, manual
search of educational video is not only time-consuming but also mentally demanding [9]. Therefore, there
is a significant drop in both engagement and understanding of learners with a rise in the video length [1].
Moreover, the lack of correct transcripts is another problem that undermines comprehension especially in
highly technical fields [2].

Auto-transcription software (such as auto-captioning at YouTube) is a partial solution; however, it
can be characterized by the large Word Error Rate (WER), which is approximately 15% in the case of
technical video content. Whisper Al in turn, demonstrates a comparably lower WER of less than 8% thus,
significantly increases the reliability of the transcription process [3]. Sentence Transformers can be used
in semantic search to gain concept-based retrieval and enable learners to find the information of interest
even when no exact matches related to the keywords are found. Additionally, it has been empirically
proven that automatic quiz generation enhances active recall and knowledge retention, whereas analytics
dashboards lead to increased engagement by highlighting the key segments and patterns of interaction [3],
[8].

Although these parts of analysis were done in isolation, there still lacks systems that can incorporate
them into one solid platform. The current practicum proposes a new system that integrates automated
transcription, semantic search, key moment detection, quiz generation, and interaction analytics and, thus,
removes the existing drawbacks in the process of learner navigation, understanding, and interactivity.

IV. METHODOLOGY

The system that is proposed uses a multimodal video navigation that does not use a transcript. Videos
are presented by learners through uploads or YouTube links after which the audio is removed and divided
into short chunks [10]. Whisper Al creates transcripts whereas Sentence Transformer embeddings provide
semantic search which allows concept-level search instead of exact key-word search [6], [7]. Extractive
summaries indicate important points and automatic quizzes measure understanding. The backend is coded
in Python and a Streamlit frontend that facilitates real-time navigation and interactive analytics is used to
support it [8].

As Figure 1 reveals, the system has a general structure, as the working process starts with the input of
the videos and audio and concludes with the creation of transcripts, semantic search, key moments iden-
tification, and the creation of quizzes and interactive dashboards. The following graphical representation
has been made to underline the interrelationship of the constituent modules so as to have a smooth sailing
process without transcripts.

The proposed system is based on the multimodal video navigation (transcript-free), that is subdivided
into the following primary steps:

A. Video Upload and Audio Extraction

Videos are uploaded directly or given as links to YouTube by learners. On receipt, the system removes
the audio track and divides it into short segments that can be processed easily [10]. The step will ensure that
every interval is transcribed and analyzed effectively, and also downstream applications can be effectively
aligned with the associated video frames in time.
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B. Transcription Using Whisper Al

The obtained audio is fed to the Whisper AI, which generates high fidelity transcripts of good quality
when fed by the system itself as opposed to an alternative program, such as a text-to-speech engine, or
even image-to-speech engine, which translates an image into either audio or text (or both). The Word Error
Rate (WER) of Whisper Al also reduces notably in comparison with other systems of auto-captioning,
particularly in the case of technical application [3]. Preprocessing of the transcripts including the correction
of punctuation and time stamping of the transcripts are also carried out by the system to ready the data
further in other tasks that follow subsequently like the semantic search, quiz generation and identification
of key moments.

C. Semantic Embeddings and Search

The text transcripts are converted into dense vector representations using Sentence Transformers in order
to simplify the concept-level search of textual data of interest [6], [7]. This is also similarly embedded to
query entries by the learner and are systematically compared to the portions of the video using the cosine
similarity that can therefore retrieve semantically relevant information when there is no literal match of
the given key word entry. This method of approach to methodology will ensure that the learners are able
to identify the segments of interest in a more efficient manner in terms of conceptual relevance rather
than in terms of precise match.

D. Key Moment Detection and Chapter Segmentation

The system detects the important moments and chapter divisions by interpreting the audio characteristics
(density of speech and tone) and transcripts. The high information content or emphasis areas are rated
and a tick on key moments is added. This process enables the learners to skip unnecessary parts and
concentrate on important concepts to enhance the efficiency of navigation as well as understanding.

E. Automatic Quiz Generation

The system would generate quizzes to guide learning based on the transcripts generated and the key
moments. The questions are aimed at key concepts in each section, which allows one to recall them
and self-assess themselves in the moment [11]. This module makes sure that the learners are able to
interactively access the content and cement their knowledge automatically.

F. Backend and Front-end Implementation

The system backend is written in Python, and it includes audio processing, model inference and data
storage. The Transformers library loads all machine learning models, including Whisper Al and Sentence
Transformers, into it [12], [13]. The system is automatically used to identify hardware present, with
the possible acceleration through a graphics card, and the default is the CPU. This guarantees effective
inference, reduced latency and ease of dealing with video processing operations.

The front-end is written in Streamlit framework [4] which offers an easy-to-navigate interface to real-
time navigation, interactive dashboard, and visualization of engagement metrics. The architecture facilitates
modularity, state management, and scalable deployment that allows a number of users to communicate
with the system at the same time.

The most important implementation characteristics of the system, such as the tech stack, architecture,
state management, model loading, and modularity, are summarized in Table I. This organized architecture
will provide an efficient and clear work of all elements of the system, namely, an upload of videos up
to the production of transcripts, semantic search, the identification of key moments, the generation of
quizzes, and analytics.



TABLE I
IMPLEMENTATION DETAILS OF THE MULTIMODAL VIDEO NAVIGATION SYSTEM

Component Description

Tech Stack Python (backend), pandas library, Transformers library [13], Whisper Al (transcrip-
tion) [3], Sentence Transformers (semantic embeddings) [13], Streamlit (frontend) [4].

Architecture Modular design separating components for: video/audio processing, model inference,
semantic search, key moment detection, quiz generation, and analytics dashboards.
Supports independent updates and debugging.

State Management Handled within Streamlit session; enables real-time interaction, persistent user ses-
sions, and synchronization between frontend and backend components.

Model Loading & Device Automated detection of available hardware; assigns GPU if available, otherwise CPU.
Handling Models cached and reused to minimize latency.

Modularity All modules communicate via well-defined interfaces; supports scalability, mainte-
nance, and concurrent execution of tasks from video input to analytics visualization.

V. DATA DESCRIPTION

The system uses locally uploaded videos or YouTube linked videos provided by the user. No external
data would be needed since the transcripts and audio features are automatically generated. The data
management plans guarantee the reproducibility, such as the organized storage, version management and
orderly documentation. The quality of data is ensured through the management of missing values, the
reduction of outliers and through uniform preprocessing.

Responsible user content processing, privacy protection, and legal standards are also ethical consid-
erations [14]. The memory handles sensitive information that is not retained long-term and hence is
confidential and best practices are upheld.

VI. EXPECTED OUTCOMES

The proposed deliverable of the project is the creation of the system allowing the user to navigate
through long video content effectively to be able to offer recommendations based on the questions asked
and on the basis of audio activity. However, the system will fail to localise the ideal moment, instead it
will save the user a lot of time in finding the important moment in a video. Moreover, the project will
show competencies in the realms of the data science, machine learning, and artificial intelligence.

The system preconditions the introduction of the accurate transcript-free navigation, conceptual search-
ing of the data, generating quiz automatically, identifying key moments, and applying interactive analytics
dashboards. These outputs will resolve the problem statement as they will improve the efficiency of the
navigation process, strengthen learning, and provide actionable information.

VII. RESULTS AND DISCUSSION
A. Transcription Accuracy and Output

The system generated high-quality transcripts of uploaded videos and YouTube links through the help
of the Whisper Al (see Figure 2). The video was synchronized with the transcripts, and the learners could
easily follow along and access the same without physically searching through the transcripts. The system
attained a Word Error Rate (WER) of less than 8% which is significantly lower than the usual auto-
captioning services, including YouTube, which can have a WER of 15-20% when dealing with technical
material. This high level of transcription is also important to remember that learners are provided with a
sound textual interpretation of the video contents which leads to increased comprehension.
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B. Semantic Search

Sentence Transformer embeddings are used in the semantic search module to perform concept-based
searches [13]. As shown in Figure 3, users are able to tell the relevant contents even when the search
terms do not accurately reflect the transcript. In addition, the search results are formatted as a timeline
along the video, thus allowing learners to jump to the most relevant parts of the video.

C. Key Moment Detection

Important speech segments are automatically identified based on the analysis of audio and transcript
text. These are the moments which are associated with the most crucial parts of the video to enable the
learners to skip the less important information and focus on the key points. The key moments found are
indicated in an interactive timeline, therefore, lessening the time in navigation and improving the user
interface (see Figure 4).

D. Automatic Quiz Generation

The system generated quizzes automatically from transcript content to reinforce learning as illustrated
in Figure 5. Such tests help to determine the level of understanding among learners and facilitate active
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recall which helps to enhance knowledge retention. The quiz questions are automatically created to focus
on the key ideas and therefore allow a learner to perform the self-evaluation without delay and help
them identify the areas where they need to revise. Notably, student engagement is highly determinant of
educational impactful outcomes [11].

E. Engagement Analytics

An analytics dashboard visualizes learner interactions and video characteristics. Some of the metrics
include density of speech over time components shown in Figure 6. Such visualizations help learners and
teachers to track the rate of speaking and decode the patterns of interaction, which facilitate the practice
of reflection and specific teaching.

The evaluation incorporates word-frequency and rate of speaking. Figure 7(a) below (bar chart) demon-
strates the top ten most common words that occur in the transcript after the exclusion of common
stopwords, thus showing the most frequent themes and areas of interest in the video. This is complemented
by Figure 7(b) which shows a line chart that monitors the speed of speaking per minute. All these
visualizations offer an overall view of content focus and presentation dynamics.
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FE. Performance Benchmarking

The suggested multimodal system was contrasted with the traditional video navigation approaches, such
as searching manually or the native transcription as it is offered by YouTube. Table II represents the results
of statistically significant improvements in efficiency, accuracy and learning outcomes.

TABLE II
BENCHMARK COMPARISON OF VIDEO NAVIGATION METHODS

Feature / Metric Proposed System Manual Search YouTube Native
Transcription Accuracy (WER) <8% N/A 15-20%

Search Method Semantic (Concept-based)  Manual Keyword only
Time to Locate Info (1hr video) <30 s 5-10 min 2-3 min

Quiz Generation Automatic Manual Not available
Key Moment Detection ML-powered None Chapters only

Benchmarks show that the proposed system is more effective than the traditional ones in all defining
aspects: it provides highly reliable transcripts, can also support semantic (concept-based) search, allows
fast access to information, does not require manual creation of quizzes, and can detect key moments. The
above results highlight the success of the multimodal system in developing effective video-based learning.
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G. Discussion and Implications

The empirical evidence indicates that the multimodal architecture has a positive impact on the learning
outcomes, engagement of the learners and understanding the content. Semantic search and key-moment
detection significantly decrease the search time, and automated generation of quizzes supports knowledge
by active recall. The analytics dashboard will provide acting information on learner activity and content
density, which will promote increased engagement. Together with semantic search, high-fidelity transcripts
guarantee a high level of video navigation.

Although it has such benefits, the system has a number of significant weaknesses. First, it needs
a constant internet connection in order to stream YouTube material. Second, the transcripts are not
always ideal and that is why inconsistency in the quality of the quiz can take place. Third, the existing
implementation is based on English-language videos only.

These limitations will be resolved in future work by expanding the system to include multiple lan-
guages, connecting with learning management systems like Canvas or Blackboard and allowing real time
collaborative capabilities and by providing personalized learning recommendations built on analytics.

VIII. CONCLUSION

The current practicum established a complete, transcript-free video navigation system consisting of
Whisper Al transcription, semantic search with Sentence Transformers, key moment detection, and au-
tomatic question generation. The system increases the efficiency and interaction of the learner through
the incorporation of the analytics of navigation, comprehension, and interaction. Such directions as mul-
tilingual support, Learning Management Systems (LMS) integration, real-time collaborative, and personal
learning recommendations are outlined in the future directions [3]. This project is a significant research-
wise input to the field of educational technology and practical implementation theories.
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