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Issues in Learning Contents for Self-study

Various tools are available,
but skillful media creation is needed to create an attractive content for
learning!!

Many learning contents are resulting in

* Excessive length * Concentration
Effecting in

* Monotonous Learning process * Interest

* Redundant — * Engagement

* Messy * Understanding

* Language * Mother tongue
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Classroom Lecture Recording

* Redundancy

* Word corrections

e Hesitation and stuttering
* Error-prone

* Interruptions



Learning Memory

Components in Human Memory in Learning
Mayer (2003), and Mayer and Moreno (2007)
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Mayer, R. (2003). The Promising of Multimedia Learning: Using the Same Instructional Design Method across Different Media, Learning and Instruction, 12, 125-141
Moreno, R., and Mayer, R. (2007). Interactive Multimodal Learning Environments. Educational Psychology Review, 19, 309-326.
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Cognitive Load Theory

* Intrinsic Cognitive Load (Essential knowledge)

* This is the load imposed by the task itself. This is effectively fixed, but we should try and
reduce it by ‘chunking’ breaking the task down into smaller parts.

e Extraneous Cognitive Load (Peripheral information)

* This is the environment and the way we present the information. We should try and minimize
this.

 Germane Cognitive Load (Relevant to background knowledge)

* This is the processing that takes place comparing the new information to what we already
know and encoding new learning to the long-term memory as schema. The more we know
about something the lower the Germane Cognitive Load will be as thoughts and processes
are automated.




Working Memory in Learning Process
Sweller (2010)
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Sweller, J. (2010). Element interactivity and intrinsic, extraneous, and germane cognitive load. Educational Psychology Review, 22, 123- 138.
Sweller, J., Ayres, P. and Kalyuga, S. (2011). Cognitive load theory. Springer. New York.
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Suitable Learning VDO Property

Efficient Learning

based on Cognitive Load Theory
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time for videos less than 6 minutes long is close to 100%.
Providing video synopsis for better structure.
Summarizing the content for quick view of the contents.

Shortening the video length not to exceed 6 minutes based on
the Guo et al. (2014) survey that student median engagement

Manage intrinsic

S

Indexing the content for keyword search and scene search.

Linking from one video to other related videos for total
understanding.

Reduce extraneous

on

Categorizing the videos for better accessibility.

Extracting keywords for better representation of the content.

Increase germane




NLP Technigues

* Video Speech Refinement: Smoothen recorded speech in videos, eliminating
common issues such as pauses, repetitions, and stuttering, to result in polished
and professional-quality content.

* Multilingual Subtitle Support: Convert source videos into multilingual
transcriptions and adding subtitles to ensure learners, to access and understand
the material better.

e Content Summarization: Generate concise summaries of videos, enabling
learners to review key points before delving into the full content, to reduce
cognitive load by providing a clear overview of the material.

» Keyword Extraction for Word Cloud Indexing: Extract key terms and phrases
from video transcriptions to generate visually appealing word clouds, to provide
learners with a quick visual summary of the content, highlighting the most
important themes and concepts.

* Extraneous Knowledge Link: Integrate relevant external knowledge to
supEIement the learning content, to provide learners with additional context and
background information.

* Quiz Generation: Generate quizzes based on the video content, to reinforce
learning and assess comprehension.



Connective Learning Scheme
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Convolutional Neural Networks (CNNs) are a class of deep neural networks primarily used for image recognition and pattern detection.
Inspired by the human visual system, CNNs are widely used in computer vision tasks, such as image classification, object detection, and L
medical imaging. /- %
RRAT—
Basic Architecture of CNNs: CNNs consist of several key layers: the convolutional layer, pooling (subsampling) layer, and fully connected layer. [gah, @ EROBEENSFITE.
The convolutional layer extracts features from input images using filters (kernels) that detect edges, textures, and other visual patterns. The mm—
pooling layer reduces the dimensions of ps, decreasing load while retainii tial informati l
using max pooling. The fully connected layer combines all extracted features and assigns probabilities to classifications. These layers are BgRs Co-Learnlng
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connected to form a hierarchical structure that captures both low- and high-level features of images. usashin Datvarsity CCONNECTIVE LEARNING
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Activation Functi d Dat: Activation functions like ReLU (Rectified Linear Unit) and Softmax introduce non-linearity to the

network, enabling CNNS to capture complex relationships within the data and improve ion accuracy. Data th




Conclusion

* Model architecture: we propose the architecture of Multi-lingual
CoRe-Learning model that bridges the gap between the challenges
faced by learners and lecturers in the current digital learning
landscape.

* Learning content refinement: we connect the SOTA NLP techniques
to refine and generate the content that leverage the learning
efficiency according to the Cognitive Load Theory and human learning
process.



Your Contribution

* Sharing your open teaching VDO contents
* Collaborative editing open teaching contents
 Sustaining open CoRe-Learning platform



