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1 Introduction 

In recent years, academic lecturing has shifted its medium from centralized and traditional 

classroom seminars and lectures to pre-recorded and globally available education materials. This 

shift has had a profound impact on increasing the amount of data that students can access after an 

introduction by their lecturer. (Rogers, 2000, pp. 21, 23) Students are usually allowed to take 

personal notes during lectures to help them make sense of the information they gather. After class, 

they may further examine and expand their understanding using additional resources like 

prescribed books or other materials related to the subject matter. The multimedia archives of 

academic lectures are determined by the institution, however, students can take notes on 

everything their lecturers say during class and record it in their notebooks or laptops. Furthermore, 

advancements in voice recording and other assistive digital technologies have provided significant 

benefits for students with learning disabilities, enhancing their ability to access and engage with 

course material. (Forgrave, 2002, pp. 122-126). 

This thesis outlines the gathered background information and the methods for taking notes during 

academic lectures. This psychological analysis served as a foundation for the variable, personal, 

user experience and functionality of the final product. This thesis includes development of a 

software prototype. The prototype’s components and core functions are established based on a 

prior analysis of the students’ needs and their common practices. 

The prototype utilizes a modern implementation of voice synthesis neural networks for full 

transcription of audio inputs, along with the deterministic algorithm TF-IDF for feature extraction. 

The extracted topics are broadcast into a natural language processing model, which was tasked 

with generating informative texts using the latest natural language generation methods. The 

system subjected the background knowledge gathered in the research of the processes and 

answer the following research questions:  

• Can speech synthesis system combined with advanced text generation and fact checking 

be used to enhance student engagement during lectures, and if so, how does this impact 

their overall academic performance? 

• How do combined modern technologies affect the learning experience for students, and 

what adaptations could be made to improve accessibility and usability?  
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2 Note-taking & fundamental concepts of education and learning 

This chapter explores the relevant, fundamental concepts of academic education and pedagogy. 

This literature overview takes focus on the significance of note-taking through-out the more recent 

history of academic education. The second and the third part of the theoretical framework for this 

thesis, encapsulates the most up to date information accumulation and transformation 

technologies. Covered technologies combined with the education principles discovered by the 

analysis will serve as a guide for the selection of the final product’s components and its 

implementation. 

2.1 Lecture note-taking 

Note-taking in higher education is the practice of recording and organizing clearly expressed 

information into a suitable medium (Friedman, 2014, p. 5). Educational psychologists also 

experiment and approve the idea that writing notes supports the engagement of the the student in 

the general topic they listen to (Bohay et al., 2011, p. 70). The following paragraphs reviewed the 

critical literature of this practice in the scope of instructional, live or pre-recorded lecture 

circumstances. 

According to the results of a questionnaire, answered by the total of 123 American and British 

students, 92% of these students considered note-taking an important activity. To that account, only 

25% of the questioned British students were ever encouraged or instructed to take notes by their 

mentors or peers. American students reported a greater inclination towards taking notes while 

studying, with 56% responding affirmatively when asked if they were encouraged or instructed to 

do so. (Hartley & Davies, 1978, p. 208) This suggests that even if note-taking is not taught it 

appears to be a natural function for many students. Although according to Marin and Sturm (2021, 

pp. 1, 7), other experts consider this function impersonal or a formal, collective gesture. The same 

questionnaire, done by Hartley and Davies (1978, p. 208) suggests to support this claim, with more 

than 50% of all the students filling out this questionnaire, answered “yes” when asked if their note-

taking ever gets in the way of their direct comprehension of what their lecturers are saying. The 

support mentioned pertained to the sense of uncertainty that more than half of the questioned 

students had when they were attending a lecture on a personally difficult subject. Students may 

struggle with complex topics and choose to focus on actively listening rather than taking extensive 

notes. Alternatively, they might prioritize note-taking in order to review the material more 

thoroughly at a later time. Ultimately, it is up to each individual student to determine what works 

best for them when balancing their need for comprehension with their desire to retain information. 

(Kiewra 1989, pp. 151, 152) 
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According to Hartley and Davies (1978, pp. 209, 210), instances where students demonstrate 

enhanced comprehension of a subject without the aid of written verbalization of the lecture are 

uncommon. The researchers examined a total of 35 separate studies to determine whether note-

taking enhances students’ immediate comprehension of a subject and their subsequent recall of 

that material, both with and without revisiting the topic at later times. They found only two studies 

that provided positive feedback from the absence of taking notes. Among their reviewed literature, 

seventeen studies supported Hartley’s and Davies’s hypothesis, while sixteen reviewed papers did 

not provide conclusive evidence to substantiate it. (Hartley & Davies,1978, pp. 209, 210) 

This collected literature review provides robust support for the widely-held notion that students are 

more likely to remember an item on a test if it is written in their notes, regardless of whether they 

review or elaborate upon them after the lecture. The validity of this phenomenon has been 

extensively documented by researchers such as Paul Weener (1974, p. 51) and Kenneth Kiewra 

(1989, pp. 149, 150), who have consistently found that students are more likely to remember the 

information when it is recorded in written form during a lecture, rather than simply relying on 

auditory or visual cues alone. Furthermore, Kiewra’s (1989, p. 147) investigation into the "encoding 

function" of note-taking revealed that this process effectively assisted in learning about the subject 

matter by strengthening the cognitive connection of presented material. Moreover, his paper 

described the benefits of the generally agreed-upon "storage function", where he explained that 

reviewing one’s notes could help solidify understanding of a subject and recover lost or 

undocumented details, thereby enhancing overall comprehension and retention of the information. 

(Kiewra, 1989, p. 147)  

Mueller and Oppenheimer’s (2014, pp. 1166) investigated the effects of taking notes on learning 

outcomes by conducting a series of comprehensive experiments that included the use of modern 

digital devices. The researchers’ experiments approved that taking notes on paper can enhance 

factual content retention, even when there is no delay between the lecture and the assessment, as 

stated by other researchers before. However, upon comparing the outcomes of the study involving 

digital note-takers to those of traditional longhand note-takers, it became evident that using digital 

devices had a negative impact on student performance in academic evaluations. Digital note-

takers were found to be more accurate in transcribing lectures but tended not to process and 

formulate the information into their own words as efficiently. Verbatim transcription of the lecture for 

note-taking purposes indicated lower performance levels. (Mueller & Oppenheimer, 2014, p. 1160) 

They also noted that advising students not to transcribe the lecturer onto their digital devices was, 

in some instances, futile as the students often disregarded this oral guidance resulting in the 

detrimental effect (Mueller & Oppenheimer, 2014, pp. 1159, 1166). The use of digital devices can 

also lead to distractions for students, making it difficult for them to focus and understand lecture 
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materials. Students who are either struggling or uninterested in a lecture might be more inclined to 

bring their digital devices just to to pass the time. This was considered as epicentre for collateral 

distraction through loud messages and phone calls, or by playing network computer games with 

other classmates as pointed out by questioned students. (Goundar, 2014, pp. 212, 226) Goundar’s 

study also described their experiment with a group of students that were allowed to use the world 

wide web during a lecture. The researchers analysed the internet traffic and found that many of 

these students were distracted by other unrelated internet activities such as online shopping or 

watching videos. (Goundar, 2014, p. 216)  

Hartley and Davies (1978, p. 207), describe their findings on the different notation styles they have 

classified during their experiments. The first type are the students, who try to transcribe everything, 

or use abbreviations for words their lecturer says. Second type are the students who select the 

most important points out of the lecture. The last observed type of note-takers in this research 

were the students who condoned any reviewable note generation, but instead, these students 

chose to doodle and concentrate on listening to their lector. This suggests that students have 

different skills and practices for their note-taking depending on individual learning preferences and 

goals. While transcribing the lecturer’s words verbatim may retain the most information, students 

who engage in this activity often focus more on precisely capturing every detail rather than truly 

comprehending the topic at hand. This can lead to a disconnect between what is being learned and 

its practical application. The second approach appears to be the most suitable in a world, where a 

wealth of information is readily accessible for students to review and update their notes 

accordingly. In this case, students mark down the highlights and hierarchy of the lecture, on which 

they are able to elaborate with the aid of valid resources during the revision of their notes. (Hartley 

& Davies 1978, p. 207; Mueller & Oppenheimer, 2014, p. 1160) The Lecture summarizer tool is 

targeted towards the third group mentioned in the research done by Hartley and Davies (1978, p. 

207). 

Peters (1972, pp. 278, 279) refers to this group as the “low-efficiency listeners”. He classified this 

group in his study, by conducting criterion tests on one’s individual, inherent ability to learn, to 

determine the differences in learning, instead of prior knowledge. According to Peters, the low-

efficiency listeners have accomplished higher scores when they were not committed to note-taking, 

during the listening of tape recorded lecture (Peters 1972, pp. 278, 279).  

Supportive findings by Kiewra (1989, pp. 150, 153) showed that some students who did not take 

notes or attend lectures, but borrowed and reviewed them from classmates before testing, 

performed similarly to, and occasionally even outperformed, the present students who took notes 

but did not review them. The lecture material necessary for establishing these findings demanded 

that students create connections between different concepts. Kiewra (1989, p. 153) suggests that 
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the act of reviewing notes allows for the formation of deeper internal connections then noting 

during lecture, potentially because note-takers were too focused on capturing information during 

the lecture to make these connections at the time. Backed up by Mueller & Oppenheimer (2014, p. 

1166), these findings underscored the constraints of note-taking in fostering a deep 

comprehension as opposed to, for example, an independent review of the material. (Mueller & 

Oppenheimer, 2014, p. 1166) 

2.2 Artificial intelligence 

The "intelligence" part of the term was extensively studied in the past. Notably, revised Aristotle’s 

(1986, pp. 39–44) studies of the soul. He defined knowing as an “art to its material," suggesting 

that comprehension is directed towards the object of thought when one possesses knowledge. 

Aristotle described this state as actual knowledge. Prior to acquiring actual knowledge, his logic 

suggested that an individual must possess potential knowledge, described as underlying 

knowledge of universally everything, which requires a cause to ascend. For instance, when 

someone wishes to learn a topic, their causes would be the topic material, reading skills, driving 

forces such as teachers or mentors, and the purpose behind their goal. These causes convert 

potential knowledge into actual knowledge. In nature, both potential and actual knowledge exist 

simultaneously, with one preceding the other, however, when considering the totality of knowledge 

as our universe, potential knowledge does not precede actual knowledge in our temporal 

understanding. Aristotle described the object of thought as an equal part of a "class of things." The 

class of things consists of causes or factors that bring potentials into actuality and matter - the 

potential to ascend to actuality. In the topic learning example mentioned earlier, the matter is the 

understanding of the topic itself. He concluded that intelligence is the empowerment of one’s 

potential understanding and thought with a cause to abstract and conceptualize that 

understanding. (Aristotle, 1986, pp. 39–44) 

In the “artificial” sense, researchers were making efforts to simulate and observe the patterns of 

the previously described, human intelligence. In his 1947 lecture, Alan Turing laid the foundational 

ideas for the notion that computational, programmable machines would be more beneficial to 

further research on intelligence, rather than biological entities. Mathematicians and AI researchers 

had considered philosophical definitions of intelligence and applied them in a simulated 

environment, composed by certain constraints sometimes designed to mimic real-world conditions, 

yet freed from the limitations imposed by our biological nature. (McCarthy, 2007, pp. 2–4)  

Prior to the development of Turing’s programmable machines, researchers explored and 

experimented with philosophical concepts related to intelligence through artificial implantation of 

knowledge and assessment of outcomes. For example, one of the considered principles of 
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intelligence was behaviourism. Thorndike (1898, p. 818) conducted experiments to answer the 

question of how a new skill is formed and learned. The experiment consisted of artificially 

constructed physical enclosures, with mechanical buttons and latches outside of the subject’s 

comprehension, as the means of escape. The testing subjects were animals such as cats and 

dogs. The hungry subjects were placed into the enclosure and the food was placed outside of the 

enclosure. Thorndike learned that at first, these subjects shown no insight in understanding of the 

problem, meaning the mechanism to open the path to their food, but by the means of trial and 

error, they sometimes managed to open the door. After succeeding for the the first time, the 

subject’s positive experience strengthened the following experiment trials in which, according to his 

research, the animals performed considerably faster. (Thorndike, 1898, p. 818) 

Thorndike conducted a follow-up study to his initial investigation into animal intelligence, 

demonstrating that the "law of effect" also applied to humans. According to this principle, the 

actions and behaviours of living entities can be shaped by external stimuli, allowing for intelligence 

to develop and progress over time. In his study, Thorndike exposed human subjects to a set of 

words read aloud by an experimenter. The subjects were directed to respond to each said word 

with a number from 1 to 10. Each of the spoken words has a designated number on the same 

scale. If the subject manages to select the correct number for its corresponding word, they would 

be rewarded. If the subject fails to select the correct number, they would be punished. The series 

of these words with their corresponding correct numbers, was repeated multiple times although the 

paper refers to the results of only the initial, four trials. What the results clearly expressed, was that 

the action of the subject can be strengthened through positive reinforcement of the correct 

response, thus if the subject selected correct number for a word in a first trial, they would be 

influenced by the reward to do so again the next trial. (Thorndike, 1933, pp. 173, 174) 

In addition to the same conclusion as the previous experiment on animals, the punished 

responses, did not all behave the same according to his measures. The influence of the rewarded 

answers also seemed to spread to other, near answers. He calculated the strengthening of this 

phenomena by measuring the percentages of answer repetitions in the following test trial. The 

measures indicated a regression of repetitions from the first trial with 26.4% repetitions, to 20.8% 

repetitions in the fourth trial. Comparing this data with the measures of the proximity of the 

rewarded answers, in terms of time and the number of all the combined answers, showed a slight 

tendency to be strengthened more than the responses further away from correct numbers. This 

indicated that the effects of rewarding mechanism, extend beyond the immediate action to 

influence other, near actions. (Thorndike, 1933, pp. 173, 174) These ideas, later served as the 

fundamental concepts for the “operand conditioning”, and later “reinforcement learning” machine 

learning process, with wide applications in the gaming field but it was even used to establish a set 
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of conditions for riding a bicycle using mathematical principles. (Agostinelli et al., 2018 pp. 299, 

300) 

2.3 Machine learning 

Machine learning is a branch of computer science, that investigates mechanically simulated 

learning and thought processes of living entities. Simulating the psychological behaviour of living 

beings in abstract environments allows researchers to develop more efficient systems for 

accomplishing predetermined tasks and potentially discover new theoretical possibilities.  

Researchers gain deeper understanding of human cognitive process, which may lead to the 

development of new approaches to solve complex problems or addressing various challenges by 

testing the consistency of collected knowledge. In the field of machine learning, this is achieved by 

apprehending the fundamental process specifics, also called sets, which rules out the historical 

impossibility of testing some theories. (Carbonell et al., 1983, pp. 3, 4) 

To put things in perspective, number of tasks that are routinely performed by biological intelligence, 

such as driving a vehicle or recognizing imagery and sounds, cannot be strictly determined with 

clear mathematical specifications. However, by providing these algorithmic techniques with a 

memory to learn from their previous approaches or the ability to observe and imitate the actions of 

others, it is possible to make sufficient predictions of the defined end conditions. The second range 

of objectives where machine learning excels is in tasks that exceed human cognitive abilities, such 

as analysing large amounts of astronomical or weather data. By processing vast quantities of 

information and identifying patterns, machine learning algorithms can make predictions and 

recommendations that would be difficult for humans to replicate manually. (Shalev-Shwartz & Ben-

David, 2014, p. 3)  

At its core, the foundation for enabling machines to imitate biological cognition lies in a simplified 

mathematical model that describes an interconnected network of threshold switches functioning as 

neurons. This concept was first introduced by Warren McCulloch and Walter Pitts in their 1943 

paper. The model serves as a basis for modern neural networks, which have since been widely 

adopted for various applications ranging from pattern recognition to natural language processing. 

The neural network is constructed by simulating the actions of a biological neurons (Figure 1). In a 

neural network, each artificial neuron mimics the function of a biological dendrite by collecting 

input weight streams from other neurons. These collected signals are summed in an artificial axon, 

which then determines if its predefined threshold has been crossed. If so, it sends out a 

corresponding positive signal, emulating the role of a biological synapse. This process enables 

efficient information transfer and decision making within the network, however, it does not 

inherently support concurrent learning. (Bishop, 1993, pp. 1804, 1805; Krogh, 2008, p. 195)  
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Figure 1 A model of artificial neuron 

 

The concept of an artificial neuron within an interconnected network was further developed by F. 

Rosenblatt and subsequently expanded upon by Minsky and Papert (2017, p. Foreword 15). They 

described neural network as the “simplest type of learning machine”. According to Minsky and 

Papert (2017, p. Foreword 17, 18) the first prototype of neural network with a reinforcement 

learning strategy was constructed by Minsky in 1951. The initial model composed of forty artificial 

neurons, arranged as a single layer of axons, interconnected through a network of unidirectional 

links. When the device made a decision, neurons transmitted signals to each other, the human 

administrator judged the decision and translated it to weight differential. The network reinforced 

connections between units that were simultaneously active and made a favourable choice, thus 

improving its performance in following trials. (Minsky & Papert, 2017, p. Foreword 17, 18) 

Strengthening connections between neurons that are active at the same time was referred to as 

the Hebbian learning principle (Minsky & Papert, 2017, p. Foreword 17).   

The name "Perceptron" was chosen by researchers to honour Rosenblatt’s groundbreaking 

research in this area (Minsky and Papert 2017, p. 4). Additional experiments in the book suggested 

that the functioning of the human brain is derived from various types of interacting mechanisms. As 

such, it is not possible to accurately simulate these functions using just one method of learning. In 

some scenarios, it is advantageous to gradually build up experience. In other scenarios, when time 

is a constraint, it becomes essential to draw rapid conclusions and act on them. (Minsky and 

Papert 2017, p. 269) The traditional method for tackling an issue is to devise a specific 

mathematical procedure to understand it. Computers are proficient at performing most fundamental 

tasks that require a well-defined set of instructions. These instructions must be very precisely 

encoded by typically large teams of programmers. Since the machine lacks a mathematical 

procedure to achieve undetermined actions, the Perceptron employs a speculative formulation of 
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the deterministic function. This allows it to create a mathematical procedure that can, for instance, 

determine whether an event matches a specific pattern. (Minsky and Papert 2017, p. 4) 

Since their inception in 1943, neural network methods have been adapted and advanced by 

numerous researchers. Vaswani et al. (2017, p. 1) proposed a paper in which they described the 

revolutionary transformer architecture. They were investigating the encoding of input into an 

intermediate representation and the subsequent decoding of this representation into an output, 

examining various established machine learning models, including the recurrent neural network, 

which unlike the Perceptron, includes more layers and is able to communicate in loops between 

the neurons. The research also covered the encoding-decoding architecture of the long short term 

memory model developed by Sepp Hochreiter and Jürgen Schmidhuber, and according to Vaswani 

et al. (2017, p. 1), specifically Gated Recurrent Neural Networks architecture. They modified the 

recurrent neural network’s additional layers with multi-headed self-attention layer, which allows the 

model to focus on different parts of the input sequence, such as syntax and semantic meaning 

simultaneously (Vaswani et al., 2017, pp. 3, 7).  

In a dataset, the available values and their corresponding keys are represented as weights. When 

a query is subjected, it is translated into a corresponding weight vector and mapped across 

correlating key-value pairs. The output is determined by the degree of correlation between the 

query and each key. Keys that have a high correlation with the query receive more attention, 

meaning their corresponding values are given higher weights. The weighted values are then added 

together to generate the output. This led the researchers to develop the Transformer architecture, 

now one of the most popular models for natural language processing tasks. (Vaswani et al., 2017, 

pp. 3, 1) 

2.3.1 Natural language generation 

According to Touvron et al. (2023, p. 3) large language models are sophisticated artificial 

intelligence assistants, capable of reasoning with trained professional knowledge and able to 

generate creative text. The gradual development of individual machine learning techniques 

achieved by other researchers, has allowed the definition of a simple method for training and fine-

tuning of large language models. The previously mentioned transformers were pre-trained on an 

extensive volume of human-generated textual data, without any human supervision during the 

initial weight assignment process. After the initial weight assignments, the model’s weights were 

adjusted to align with specific, desired human needs through methods such as the before 

mentioned "reinforcement learning". (Touvron et al., 2023, p. 3) By employing this method, 

Touvron et al. (2023, pp. 3, 18) developed a series of large language models called Llama 2, which 

were able to outperform most other open source language models available at the time. This was 
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tested by the considered “gold standard” human evaluation tests, where humans judged the 

helpfulness of received responses (Touvron et al., 2023, p. 18). Touvron et al. (2023, p. 4) and 

Meta (n.d.) indicated that they developed and openly released this family of Llama 2 models with 

the goal of empowering individuals and thus provide a benefit to the society. 

The initial unsupervised pre-training process was also referred to as the training of a foundation 

model. Foundation models were defined as large, flexible, reusable, transformer models that can 

be applied to serve many different purposes. These models consist of a large number of pre-

labelled tokens that can then be directed towards accomplishing the desired behaviour through 

supervised learning techniques, like those used in the previously mentioned Llama 2 natural 

language processing for dialogue purposes. (IBM Research, n.d.) 

A study conducted by Petroni et al. (2019, p. 1) demonstrated that the foundation of certain large 

language models can accurately recall correct factual information without requiring any additional 

fine-tuning or explicitly instructed behaviour. These pre-trained models do not inherently offer 

dialogue or other conditioned capabilities, therefore, Petroni et al. (2019, p. 4) developed an 

assessment probe to compare set of supervised facts to the factual base knowledge of the model 

using the masking method. The masking technique involves posing a statement that requires filling 

in a missing piece of information, and the foundation model supplies the required detail. (Petroni et 

al., 2019, pp. 1, 4) They concluded that large language models that would be continuously trained 

with new textual data, might become an alternative to knowledge bases as they are known to users 

today. (Petroni et al., 2019, p. 9) 

2.3.2 Large text summarization 

Summarization is a natural language processing task that involves compressing extensive source 

material into concise statements mentioning the main points (Pu et al., 2023, p. 1). Pu et al (2023, 

p. 4) explored the various fine-tuned models, specifically designed for the task of summarization of 

textual data. They discovered that most of these models had been fine-tuned and validated using 

relatively short texts, which limited their effectiveness due to the constraints imposed on their 

generated outputs. These fine-tuned summarization models struggled to catch multiple important 

topics across the longer source texts that these scientists used as subjects. As a result, these 

models performed very poorly when compared to other summarization methods. (Pu et al., 2023, 

pp. 1–4) Additionally, they evaluated the summarization capabilities of raw large language models 

such as GPT-3 and others, which surprisingly outperformed even human generated summaries in 

terms of factual knowledge. (Pu et al., 2023, pp. 1, 4)  
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2.3.3 Speech recognition 

Research conducted by Forgrave (2002, pp. 124, 125) described the assistive technologies in 

education for students with learning disabilities, specifically the advantages of voice recognition 

software, also known as “speech-to-text” technology. The research states that such software 

enables its users to dictate their thoughts without having to physically write them down, making it 

an attractive for students who struggle with handwriting or require extra time to complete 

assignments. (Forgrave, 2002, p. 124) Her research into assistive technologies shown that using 

voice recognition software can have a positive impact on student motivation, as the ease of use 

and speed of production can increase enthusiasm for writing. Additionally, her research described 

improvements in reading comprehension, spelling, and word recognition scores among students 

who utilized this technology. The article states that continuous speech recognition software that 

allowed their users to speak at a regular, conversational rate without pausing between words have 

been shown to also enhance their working memory. The research concluded what voice 

recognition software has the potential to provide students with an accessible and effective means 

of expressing themselves more clearly through written communication. (Forgrave, 2002, pp. 124, 

125). 

One of the most modern adaptations of speech recognition is OpenAI’s Whisper, an automatic 

speech recognition model trained on a very large and diverse dataset of audio recordings. This 

general-purpose model was designed to perform multiple tasks at once, including multilingual 

automatic speech recognition, speech translation, language identification, and voice activity 

detection. According to the readme file, its core is composed of the previously described 

Transformer architecture which handles multiple speech processing tasks in a single machine 

learning model, replacing the pipeline stages with a unified approach. Whisper uses special sets of 

tokens that help it understand what task it needs to do for each section of provided audio 

recording. These tokens serve as signals to the model, indicating which specific task it should 

prioritize, such as transcribing spoken language or detecting distinct sounds like a cough. (OpenAI, 

2023) 

2.3.4 Retrieval-augmented generation 

A study written by Lewis et al. (2020 p. 1) explored various methods and proposed a new concept, 

Retrieval-Augmented Generation models, which employ an approach that integrates the strengths 

of context-retrieval techniques and natural language generation methodologies. RAG combines 

contextual information retrieved from a vector database with the creative capabilities of generative 

models to generate text that is both informative and coherent. According to Lewis et al. (2020 p. 1), 

this approach has been shown to be effective in natural language processing tasks requiring 
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access to factual information, outperforming state-of-the-art pre-trained models in terms of 

effectivity measures. (Lewis et al., 2020 p. 1) 

The ability of RAG to combine the advantages of retrieval and generation enables it to overcome 

some limitations of traditional generative models. Specifically, RAG can expand its memory and 

improve coherence or relevance issues when generating text, thereby addressing challenges that 

are being inherited in variations of such models. (Lewis et al., 2020 p. 1) 
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3 Methods 

This chapter describes the methods taken to accomplish the construction of the theoretical 

foundation and the software prototype in order to investigate whether this supplementary tool, 

based on traditional longhand note-taking practices among students, could positively impact their 

learning outcomes. The investigation into artificial intelligence and machine learning was 

conducted with a goal of establishing an informational foundation for developing innovative 

software application capable of knowledge-based tasking scenarios. 

3.1 Research methodology 

This thesis was attempting to establish a critical theoretical foundation of academical note-taking 

and develop an advanced suitable solution, for any negative effects this practice might establish. 

The theoretical framework of the education field was constructed by qualitative case study 

methodology to gain deep insights and a comprehensive understanding of the note-taking 

phenomena. The qualitative case study involved diligent inspection of multiple publications and 

some of their corresponding references, which have been referenced frequently by other 

researchers in their own publications. These citation statistics were compared on the service 

Google Scholar, which serves as a search engine for academic publications. Google Scholar 

served as a primary method of acquiring theoretical background information for this thesis, by 

searching through its databases for mentions of input keywords. The keywords used to find 

publications consisted of the noun of the topics, such as “note-taking”, followed by a verb such as 

“review” or “critique”. If literature found on Google Scholar by a certain combination of keywords 

was insufficiently referenced by other scientific studies, the same keywords were used in Wikipedia 

to access the highly peer-reviewed articles from their reference lists. Scientific articles had the 

highest priority among other formats such as books or websites due to their compression of 

validated information and standard reference format for the ease of fact-checking. Some books 

and their underlying ideas were referenced due to their high importance to their relating fields, 

although only the referred chapters of the these books were exposed to the qualitative method of 

research. The description of utilized software libraries was paraphrased only from their official 

documentation or presentation pages. 

3.2 Product development strategy 

The design and implementation approach employed in the prototyping phase of the product’s 

development process was informed by the principles of the Waterfall methodology. According to 

Royce (2021, p. 328), his publication presents a reflective account of his professional experiences 
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in overseeing software development initiatives for spacecraft missions, with particular emphasis on 

the application and validation of his project management methodology. He began by outlining the 

Waterfall methodology with two crucial stages that were considered essential to the overall 

software development process. The first stage was an analysis phase, where the problem was 

examined and a suitable solution was identified. The second stage involved the actual 

implementation of the solution through coding. He stated this development effort involved creative 

work and added to the value. Most customers were willing to pay for such efforts. (Royce, 2021, p. 

328) But focusing only on only these two steps in development of sophisticated software products 

was according to Royce (2021, p. 328) “doomed to failure”. 

Royce (2021, pp. 328–331) developed a more comprehensive model illustrated in Figure 2 that 

included five additional phases not visible to customers, yet essential for delivering large-scale 

computer software projects. Prior to commencing the analysis phase, he had designated the 

system requirements and software requirements phases as separate entities due to their 

unique objectives and outputs. Moreover, these distinct phases were closely linked to the design 

phase in that they established clear minimum hardware requirements and operational constraints 

imposed on the software design. (Royce, 2021, pp. 328–331) Royce (2021, pp. 328–331) 

considered the documentation of the design process as fundamental, since it functioned as a vital 

communication channel between the analysis phase and the following coding stage. After the 

precise and complete implementation of the documented design, the component was subjected to 

testing for verification of its functionality according to the original design described in 

documentation. If the testing process yielded unfavourable results, it was reasonable to attribute 

the outcome to potential design flaws in the original conceptualization. (Royce, 2021, p. 335)   

Similarly, during the Design Phase, the design team had identified any ambiguities or 

inconsistencies that existed in the originally documented system requirements. (Royce, 2021, p. 

334). 
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Figure 2 Waterfall model according to Royce (2021, p 338) 

 

This thesis’s development project employed the Waterfall model in the manner previously 

described. The Waterfall model was considered suitable for multiple cooperating teams, however, 

the scope of the development project involved only the author of this thesis, who individually 

apprehended the predefined steps in the strategy. Initially, the author of the thesis acted as the 

customer, stating their problem with noting their lectures and composing a simple mock-up 

solution. Qualitative research into note-taking practices informed the definition of the product’s final 

goals, which entailed transcription, emphasis on revision, and summarization tasks. Furthermore, 

the process identified the necessary resources required to execute the project, including the 

decision to deploy the application on hardware rather than cloud infrastructure. Subsequently, an 

examination was conducted to identify software tools that could potentially be applied for the 

required functionality. The analysis of requirements and propositional software was then 

documented and designed in Jupyter Notebook as internal narrative documentation. The 

employment of software within this testing environment allowed effortless backtracking from the 

testing phase to the design phase and to the software requirements phase. This process enabled a 

streamlined conceptualization, design, and implementation of individual components that had 

passed the testing phase and were ready to be implemented in the final development environment. 

The code for implementing this product was uploaded to GitHub without providing a history of 

commits until the minimum viable state of the product had been achieved, due to the large amount 

of testing files and changes made to the product. The subsequent commits after the initial 

repository upload were small enhancements aimed at refining usability. The final development 
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product resided on the following hyperlink, making it available for anyone with access to GitHub, 

with freedom of redistribution and manipulation. https://github.com/JRoshthen1/LectureSummarizer 

3.3 Product license 

The developed product for this thesis was released under the GNU General Public License version 

3. It is a license that requires any copied or adapted works to be licensed under the same open 

terms. Individuals creating software using GNU General Public License version 3 components are 

accountable for maintaining the open source nature of their work, by adhering to the specifications 

set forth in that license. The license includes provisions for inhibition of competitive legal action and 

leverages against extraction of licensing or settlement fees. This license aims to support the cause 

of developing software with the most use to the public, by allowing for redistribution, dissection  

and derivation of the underlying software. (Free Software Foundation, 2007) 
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4 Technologies 

The following chapter describes the technological infrastructure established for the programming 

phase of the product development process. A comprehensive examination of the employed 

software tools, including details on their respective licenses and utilized versions, will be 

presented. 

4.1 Python 

Python is a high-level, modular, interpreted programming language. Python’s open source code is 

written in the C programming language and it is designed to provide a set of accessible data 

structures to handle object oriented programming. Python code is being executed by the Python 

interpreter, which makes the development of applications faster, by cutting the code compilation 

times of C languages. Additionally, these interpreters can function virtually, offering a separate and 

isolated development environment from the system’s existing setup. The Python’s interpreters can 

also be run in terminal, interactively, and execute the written line by line for immediate results. 

Python aims to be easily usable by not only professional software developers, but its descriptive 

and indent oriented syntax allows even computer laymen quickly develop many automation tasks. 

The modularity of Python exponentially broadens the capabilities of this programming language. Its 

official package repository allows the community to contribute with a variety of ideas and 

approaches for further development. (Python Software Foundation, 2023)  

These so-called modules are distributed with the help of package managers, allowing developers 

to substitute parts of their program with pre-built, community-developed components. One example 

is the package manager "Pip". Version 24.0 of Pip was used to collect packages throughout the 

development phase. The prototype for this project, was developed with the use of Python version 

3.10.12. This version comes bundled with multiple standard, commonly used modules. The 

prototype utilizes threading, regular expressions, and the datetime module, all of which are 

standard, first-party modules. The threading module, is a high level programming interface for the 

lower level “_thread” interface, which handles the synchronization of multiple processes on a single 

processing unit. In the prototype, multiple other modules invoke the threading functionality to allow 

their resource heavy computation execute in the background, without blocking the graphical 

interface or other functions. The relative expression module provides accurate pattern matching 

operations on strings of text. This module has the Unicode and the UTF-8 character support 

making it useful for work with variety of natural languages. The datetime module provides 

functions for the extraction of date and time according to the proleptic Gregorian calendar. In the 

prototype, this module was used during the development stage to determine the efficiency of 
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different algorithms and machine learning models. In the production, the datetime module is used 

to compose names for the extracted documents. (Python Software Foundation, 2023) 

The Python Software Foundation has approved and incorporated these modules into their Python 

interpreter and distributes them under its own license called the Python Software Foundation 

License version 2. This license is compliant to the GNU General Public license in most Python 

releases, including Python 3.10, which was utilized during the development process. (Python 

Software Foundation, 2024) In addition to these built in modules, the Lecture summarizer tool 

takes use of the following third party modules, approved by the community.   

The Python-sounddevice module is an MIT-licensed software that offers user-friendly Python 

bindings to the widely used and versatile open-source audio processing library known as 

PortAudio. This higher level abstraction enables developers to effortlessly integrate audio 

capabilities into their Python applications, while still supporting multiple platforms such as 

Windows, Mac, and Unix. The Sounddevice library offers a method to discover input and output 

devices and record or playback audio files using those devices. (Python SoundDevice, 2023) 

Notably, the development process for this thesis relied on version 0.4.6 of the Python-sounddevice 

module, which provided a robust foundation for audio processing and manipulation within the 

context of this research driven development project. 

The Python-soundfile module is an open-source software library that offers cross-platform 

solution for reading and writing various types of sound file formats with straightforward methods. 

This tool provides Python bindings to the lower-level "Libsndfile" C library, which enables 

developers effectively handle common audio file formats such as Waveform audio file and others. 

With access to its features, researchers and developers can seamlessly handle audio files of 

different types, thereby simplifying the audio incorporation process when working with Python. This 

module was licensed under the permissive BSD license, which ensured that users had unrestricted 

access to its source code and were free to redistribute it, as needed for incorporation into a GNU 

project. (SoundFile documentation, 2015) 

The latest version of NumPy 1.26.0, served an important yet limited role in the development of the 

product. NumPy serves as a robust module that enables efficient and versatile numerical 

operations through its core features described as vectorization, indexing, and broadcasting. This 

functionality is possible by NumPy's supply of various mathematical functions, random number 

generators, and linear algebra routines. NumPy is released under their BSD-style license. (NumPy 

Team, 2024) This library constitutes as an indispensable tool for numerical computing in general, 

although this specific project only leveraged this library to concatenate arrays containing audio 

samples obtained from Sounddevice.  
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The Tkinter module served as Python’s programming interface for the widely used "Tk" GUI 

toolkit. Tk was designed to easily create graphical interfaces across common operating systems, 

including Windows, Mac, and Unix. As an open-source project with a BSD-style license, Tk allowed 

many other programming languages to adopt it, aside from its native Tcl programming language. 

The development product was built using Tkinter version 8.6. Tkinter has been declared a standard 

toolkit for developing native desktop applications, ensuring usability across platforms without 

changes in appearance. (Roseman, 2022; Python Software Foundation, 2024) 

Tkinter works on the basis of an event loop, running on a single thread, meaning that the program 

waits until an event is processed before proceeding with of the execution another. Tkinter’s event-

driven model encourages asynchronous programming practices, in this case multiple threads, 

allowing for more responsive GUI interactions. (Roseman, 2022) 

Tkinter’s interface required fewer resources to run compared to a web-based application interface 

and did not require an independent server to operate alongside the client. While Tkinter lacks 

some basic functionalities that come pre-built with web browsers, such as text-field pattern 

matching, it has been well-suited for the product’s requirements due to its ease of use and 

flexibility. 

Jupyter Notebook is a tool for interactive data analysis and scientific computing. The web-based 

notebook development environment was designed to create documents that contain lines of code, 

mathematical equations, graphical visualizations, and descriptive text.  (Jupyter Notebook 

Documentation, n.d.) The most considered benefit of Jupyter Notebook in the development phase 

of this thesis, was its ease of use for testing the application components sequentially. By writing a 

series of cells containing varying Python code, the author of this thesis was able to execute each 

cell independently for iterative inspection and followed by potential debugging. This approach 

allowed for the implementation of the defined project management method, by fully embodying the 

the steps required for development of individual components before integrating them into their final 

environment. The extended version of Jupyter Notebook, which was released on Microsoft’s 

development environment extension marketplace, was utilized to implement the aforementioned 

functionality. 

4.2 Term frequency - inverse document frequency algorithm 

TF-IDF algorithm was described by Ramos (2003, pp. 1, 2) as a statistical weighing method, 

however, its direct outcomes were characterized as naturally deterministic. According to Ramos, 

(2003, pp. 2, 4) TF-IDF is a well-established and effective weighting scheme, ideal for further 

incorporation into more complex implementations such as database search systems. The “TF” part 
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of the algorithm was designed to calculate the frequency of each term within a document, based 

on the length of that document. The latter IDF part stands for inverse document frequency, 

which was designed to calculate the logarithm of the proportion of documents containing a specific 

term, within the entire collection of documents. The multiplied product of TF and IDF computes the 

importance score of a measured term in relation to the entire collection of documents. The TF-IDF 

algorithm produced higher scores for words that occurred frequently within a small number of 

documents, or in just one document. This algorithm does not consider any lexical variations of the 

given tokens, such as inflections or derivations. (Ramos, 2003, p. 2) 

The author of this thesis utilized the Scikit-learn 1.4.2 library, which is licensed under the BSD 

License and employed the "TfidfVectorizer" method class for its development. This class contains 

methods for straightforward application of the TF-IDF classification technique on all tokens found in 

documents from a given collection. Tokens with the highest scores were converted into "feature 

names" and returned as strings in a multi-dimensional array. TfidfVectorizer was designed to 

intake multiple parameters during initialization, the prototype utilized the English stop-words 

parameter for removal of uninformative words from the documents. Additionally, the “max_df” and 

“min_df” parameters, which determined the maximum and minimum document frequency 

thresholds for terms to be included in the training vocabulary for classification. The “max_features” 

parameter specified the maximum number of terms that can be included in the generated TF-IDF 

matrix. The “fit_transform” function in this class was designed for transforming the words of 

provided iterable list of sentences into TF-IDF weight matrix. Followed by the 

“get_feature_names_out” method, applied on the generated weight matrix to extract the specified 

number of top rankings in their verbal state. Scikit-learn is a Python library for machine learning 

and is licensed under the 3-Clause BSD license. (Scikit-learn. n.d.) 

4.3 Whisper speech recognition 

According to Whisper’s Github documentation (OpenAI, 2023), this project was introduced as a 

series of general-purpose, multitasking speech synthesis models, trained on variety of languages 

and accents. The Whisper model family employed the encoder-decoder transformer architecture, 

allowing users to load various model sizes on their hardware devices. These models required 

allocation memory ranging from approximately 1 gigabyte to 10 gigabytes, providing flexibility for 

deployment across different projects. Whisper was designed to be compatible with both regular 

computer processing units and graphical processing units (GPUs) leveraging CUDA technology. 

(OpenAI, 2023) 

The development project utilized the Whisper Python module version 20231117, which directed the 

loading a pre-trained model using the “whisper.load_model” function. Subsequently, it employed a 
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“transcribe” method on the provided audio file. The “transcribe” method was designed by OpenAI 

to internally process the entire audio file by dividing it into 30-second sections and performing 

autoregressive sequence-to-sequence predictions on each section, resulting in a returned string of 

text generated from the audio file. (OpenAI, 2023) 

4.4 PyTorch 

PyTorch module was described as a usability first, high-performance framework that leverages 

both GPU and CPU processing to accelerate the development and execution of machine learning 

models through its efficient handling of tensors (PyTorch Contributors, 2023). According to 

PyTorch Contributors (2023), their software aimed to create an accessible ecosystem by avoiding 

strict upfront limitations. This allowed for a consistent and seamless user experience across 

various hardware and software environments, enabling effortless integration with other libraries 

while maintaining its position as a numerator software. (PyTorch Contributors, 2023) 

On their official website, PyTorch Contributors (2023) stated that their second design philosophy 

principles were inherited from Python’s design Zen. They illustrated this by citing two principles: 

"Explicit is better than implicit" and "Simple is better than complex." This meant that when 

designing the building blocks of PyTorch, simplicity and explicitness were prioritized over ease-of-

use. (PyTorch Contributors, 2023) 

PyTorch Contributors (2023) explained that rather than offering high-level APIs that could 

necessitate examining numerous subprocesses during troubleshooting or prove too intricate to 

comprehend, they created explicit operators. While these operators were designed to be more 

challenging to set up in a development environment, they could easily be built into maintainable 

API’s. They referenced two highly influential works on their website, detailing the issues with 

incorporating excessive functionality into lower levels of the application stack, and cautioning 

against oversimplifying system design by ignoring the distinctions between the provided resources 

and their impact on performance. (PyTorch Contributors, 2023) 

4.5 Llama.cpp 

“Llama.cpp” is an open source language learning model interface, developed in the C class of 

programming languages, to deliver the highest efficiency, without any additional dependencies. 

The goal of the development of this module, is to provide the open language models such as 

LLaMA, Mistral 7b or Falcon, with stable, cross-platform environment. “Llama.cpp” works with a 

variety of hardware and can even combine processing units with a hybrid hardware interface, 

directed towards the large models that can’t fully fit on a consumer graphics card. (Gerganov, 
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2024) The development utilised the “Llama.cpp” Python binding module called “llama_cpp_python” 

Version 0.2.64. Both of these libraries are licensed under the same MIT license. 

The “Llama.cpp” project provided a development foundation for the "ggml" tensor, which aims to 

offer efficient multidimensional array handling, and quantization or approximate weight scaling 

capabilities across different manufacturers’ processing units. Without depending on third-party 

dependencies, the goal of ggml library is to minimize runtime memory allocations. (Gerganov, 

2024)  

In an effort to reduce the processing power needed to run complex machine learning models on 

consumer hardware, Georgi Gerganov later developed the GGUF binary file format, which is 

optimized for fast loading and saving of models in a clear and unambiguous manner. With its ease 

of use, a single trained machine learning model file enables simple sharing and streamlined 

applications. GGUF not only encodes before mentioned tensors, but also includes various sets of 

standardized metadata key value pairs to enhance the quantization function. (Gerganov, 2024) 
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5 Design and implementation of the product 

The lecture summarizer tool has been developed to tackle uncertainties that occur when students 

are unsure if they should take notes or concentrate on the lecture, particularly for individuals with 

learning difficulties. Drawing from extensive research that highlighted various cognitive benefits of 

longhand note-taking beyond mere information retention, the design of this software focused on 

facilitating detailed information retention, identifying important terms, and revising given 

information, as suggested by both note-taking research and artificial intelligence research. It 

achieves this by providing users with a selection of extracted documents from the lecture in 

different situations. This can help ensure that all students have access to the information they need 

in order to succeed. In other words, this software aims to complement, not replace, traditional note-

taking by offering an interactively generated summary of the lecture’s content after the student’s 

attendance. The tool’s design was informed by theoretical findings from educational and 

pedagogical research on the note-taking. The primary objective of this tool was to accurately 

convert spoken language into written text and summarize the transcription into informative notes. 

This chapter provides a description of the development environment, as well as a comprehensive 

explanation of the program's various components and how they were integrated together. It also 

described the testing environment and conditions of the prototype, stating what was sought during 

the evaluation. 

5.1 Development and production environment 

The prototype was developed with the Python programming language using virtual python 

interpreter. The program structure is utilising object-oriented functionality for various graphical 

components and their corresponding styles. Python was chosen for the simplistic syntax and high 

community support in modules. The prototype’s fundamental design can be translated into multiple 

programming languages, which may result in enhanced performance if developed using a lower-

level language such as C. This would enable to discard multiple binding libraries and further 

enhance performance. Dependencies and testing packages were downloaded using the pip 

package manager.  

The development environment consisted of virtual Python environment generated by the Pipenv 

library. The interpreter was executed via a desktop environment of GNU/Linux and a GPU-

powered terminal running on version 6.8.0 of the generic Linux kernel. The GPU drivers used for 

this task were proprietary Nvidia version 550.67 and CUDA version 12.4. The choice of machine 

learning models was based on their performance results, which were evaluated by comparing their 

loading times, total memory allocations, and overall task-specific handling efficiencies. The 
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artificially generated results were evaluated by the human author of this thesis and were compared 

to the original source medium for factuality of information. With the help of official Python and 

Jupyter plugins, the initial testing of the components and models took place in Jupyter Notebooks. 

Jupyter Notebooks facilitated the sequential execution of numerous functions with varying 

parameters, making it convenient for testing different machine learning model sizes and adjusted 

versions. Variations of development environments were documented in the tool’s source code, 

allowing for installation, inspection and potential contributions from others. 

5.2 Software architecture 

The user interface was built using Tkinter, which was chosen for its clean and minimalistic 

graphical design, simple implementation without requiring a server-client based programming 

interface, accessibility across multiple platforms while avoiding the distractions associated with 

web browsers. The following paragraphs provide comprehensive details on how the prototype 

functions behind the user interface, following the path of the user’s interactions throughout their 

journey. 

The application user journey commenced by launching the “main.py” file, which initialized the 

Tkinter window framework and set the appropriate title bar for each supported platform. The 

window was designed to operate within a Tkinter event loop on the main thread, ensuring it always 

remained responsive and ready for user input. Furthermore, the “main.py” file defined the styles 

and other global variables used consistently across the remainder of the interface frames. The final 

step of the initialization function in the main file involved displaying the starting page frame. The 

source code was organized into several files, each dedicated to a specific interface component of 

the application. During the initialization of the main Tkinter event loop, these files were mapped 

accordingly. 

The initial screen of the prototype was designed to present users with a choice of an audio 

transcription device, sourced from the Sounddevice “query_devices” function. This enabled 

retrieval of all physical and virtual audio devices present on the user’s system at the time of loading 

the initial frame. The “combobox” Tkinter widget was implemented to serve the user with a filtered 

set of input devices based on the positive count of their input channels. To capture output audio, 

such as speech from an online or pre-recorded lecture, users could create a loopback device using 

their audio driver interface, which redirected the output stream back into the input. Once the input 

device for transcription was chosen, the audio recording commenced following the pressing of the 

"Start Recording" button. This event initiated an isolated thread that began the Sounddevice audio 

recording method while updating status indication variables and awaiting further user input to 

terminate the recording process on the main Tkinter thread. The isolated thread’s loop started by 
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continuously recording audio into arrays of samples using the input stream method, recorded at a 

16 kHz frequency, until it was signalled to stop through a termination condition for the while loop. 

The rest of the function joined all the recorded arrays into a single Numpy array and saved the 

recorded audio in a specified format using the Soundfile’s write method. Following the successful 

saving of the audio file on the device, a function executed that set a global variable containing the 

generated audio file’s name and forwarded the user to the next application component." 

The transcription page was created to choose the most recently generated audio file, load the 

small Whisper model, transcribe the audio file into text, and display the text in a modifiable text 

area for revision. This was achieved by retrieving the created audio file name from the global 

variable and executing the Whisper Python binding to transcribe given audio file. The transcription 

function operates on a separate, isolated thread, much like the audio recording process. This 

enabled for continuous updates of the text area with transcribed text and served to notify the user 

that their transcription is currently being produced. 

After the transcription generation process had been completed, the resulting text is inserted into 

the text area for users to revise, edit, and, if necessary, highlight important sections of the lecture 

to cite in the final generated notes. Tkinter’s text area widget was altered to incorporate a pattern-

matching feature, allowing users to locate specific keywords or segments within their transcribed 

lectures. This function was designed to wait for the user to press the key combination "Ctrl+F" to 

reveal an input field at the bottom of the window. After the user entered their text into the field and 

pressed the Enter key, the subsequent match from the cursor’s position of the character sequence 

was selected by the cursor. This was accomplished by utilizing the Tkinter search method within 

the text area field, eliminating the existing character tag, and marking the discovered sequence of 

characters with a new tag while simultaneously scrolling to that specific location. The purpose of 

this approach was to allow users to swiftly locate and revise keywords or phrases they recalled 

from a that lecture. As an illustration, if during a lecture the professor mentioned specific deadlines 

or crucial facts that students failed to mark down in their notebooks, then revisiting and searching 

through the transcribed text on this application frame fulfils this precise function. Additionally, a 

subsequent method was developed which enabled users to emphasize specific words or sections 

within a pair of asterisks. If the user had marked certain areas in their transcript, these highlighted 

parts were extracted with the aid of the "findall" function from the regular expression library and 

added to the top of the extracted transcription document for improved convenience. This function 

triggers upon pressing the “extract keywords” button which also leads the user to a new application 

page. 

The keywords page was designed to automatically extract the keywords from the provided 

transcription on load. The extraction process began by saving the modified and sorted transcription 
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from the previous frame onto the computer’s storage, which was then passed into the 

"extract_topics" function. The "extract_topics" function was created with the purpose of 

preprocessing the transcription and extracting the keywords. The function splits the transcription 

into a list of sentences, converts all words to lowercase, and groups together the inflected forms of 

words to improve the accuracy of the TF-IDF measures. Keywords were extracted based on a 

minimum document frequency requirement of at least two documents containing the given 

keyword, and a maximum term frequency threshold of 30% of all documents in the collection that 

contain the given keyword. By default, 20 keywords were selected for extraction based on the 

specified criteria. After the extraction, the keywords were automatically inserted into the text area, 

allowing users to review and modify them as needed. Once users have completed revisions on the 

extracted keywords, they can simply click a button to advance to the final step of the process. 

The final frame was added to enable users to make any last revisions on their generated notes by 

utilizing the same text area widget found throughout the rest of the application. Before this, users 

were prompted to select their desired GGUF language learning model, which then automatically 

generated their final text based on that choice. The generated text was inserted into the text area 

for additional modification, expansion, and most importantly, final revision, before saving the file 

with the same name prefix as all previously generated files for the recording and the transcription. 

Retrieval-augmented generation was intended to be integrated alongside language generation 

capabilities. This feature aimed to enable students to select books used during lecture and enable 

the LLM to access fragmented transcription for more accurate generation. However, due to 

limitations in author’s expertise, the implementation of vector databases with document 

fragmentation features, required for successful RAG implementation was beyond author’s current 

capabilities. 

To develop the process for selecting the LLM, Tkinter’s file dialog module was utilized, which was 

initiated when configuring the parameters for the chosen LLM. The "llama_cpp" Python binding 

provided a function that executed the chosen LLM using a context prompt. This prompt 

incorporated the extracted TF-IDF keywords and a directive for generating notes based on the 

supplied contextual data. 

In summary, Figure 3 was created to clearly depict the structure of the software prototype. The 

initial audio recording interface was created utilizing the Sounddevice module, allowing users to 

easily capture audio on various operating systems. The resulting audio file was stored in a 

designated directory for future reference once the recording session ended at the user’s command. 

The user was directed to the following application screen, where the Whisper model began 

transcribing the generated audio file in the background, keeping the user informed about the 

progress. Once the transcription process had concluded, the complete text was inserted into an 
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editing interface. The editing interface allowed users to revise the generated text and selectively 

emphasize specific passages. Following any necessary revisions or additions to the transcribed 

text, the user was able to proceed by clicking on a button that took them to the next application 

screen. The revised transcription was saved in the designated directory with the highlighted 

sections copied to the top of that document. As illustrated in Figure 3, the modified transcription 

output was passed into the TF-IDF topic extraction method, prior to being subjected to word 

lemmatization and document partitioning. The final component of this application was designed to 

incorporate the extracted keywords as contextual information in the note generation process. This 

feature enabled users to select their preferred GGUF language learning model, thereby allowing 

them to tailor the output to their individual needs and preferences. Additionally, the generated 

notes can be edited by the user, providing an opportunity for final revision of the material and 

refinement of the notes before saving them.  

Figure 3 Software architecture flowchart 

 

5.3 Software testing 

The prototype was consistently tested during the development process, utilizing Tkinter’s built-in 

event loop to display the interface within the development environment and enable debugging of 

ran components. This approach allowed for a direct subjecting method of the graphical interface to 

tests, leveraging Tkinter’s built-in functionality to facilitate rapid iteration and refinement. 

In addition to relying on Tkinter’s event loop, sequential execution testing was also conducted as a 

means of verifying the behaviour of varying algorithms. By manually supervising the application’s 

component execution within Jupyter notebooks, it was possible to thoroughly examine each 

component’s performance and identify any issues or areas for improvement. The independent 

internal modules of the application were subjected to data visualisation and testing using Jupyter 

notebooks. This approach enabled to detach specific components and test their functionality in 

isolation, thereby ensuring that individual components functioned correctly before being integrated 

into the larger system. 

The use of Tkinter’s event loop and manual testing allowed for a comprehensive evaluation of the 

graphical interface, enabling the author of this thesis to instantly identify and rectify any issues that 
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may arise during the development process. This approach also facilitated rapid iteration and 

refinement, as changes could be quickly transformed and tested within the Jupyter notebooks 

environment. 

For the purpose of testing the audio recording, transcription and topic extraction functionality, a set 

of 5 publicly available Youtube videos from topics like computer science and natural sciences were 

chosen and evaluated. The selection criteria included video duration of about 1 hour, without 

necessarily native english speakers as well as welcoming some background noise. To prepare the 

data for testing, a virtual audio loop-back device was created on a testing machine and streamed 

the output audio channel back into the input, resulting in successful audio recording.  

The accuracy of transcribed text was verified by reviewing the transcript while simultaneously 

listening to the corresponding recording. This approach enabled to identify any differences or 

errors efficiently, thus streamlining the validation process. The outcome of different model 

variations also informed the decision regarding model size selection for release. 

To assess the performance of TF-IDF, a manual inspection of the text corpus was conducted in 

order to identify key terms that were prominent based on the author’s understanding of the text 

data. This allowed for establishment of baseline data for evaluating the effectiveness of the TF-IDF 

algorithm. The manually identified keywords were compared with those generated by the TF-IDF 

algorithm, providing clear and conclusive results. 

The evaluation of natural language generation was conducted using a pre-trained "gpt4all-falcon-

newbpe-q4_0. gguf" large language model. This assessment did not aim to verify the factual 

accuracy of generated content, as multiple prior studies had evaluated variations of similar models, 

furthermore, the selection of LLM depended on end-user preference, allowing them to choose a 

model with the latest knowledge. The author assessed whether the instructed LLM correctly 

utilized the provided keywords as contextual information, and also examined in how much detail 

the generated text elaborated on each keyword. 
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6 Results 

This chapter presents the results of the investigation into lecture note-taking accompanied by 

evaluation of the product’s capabilities. The following sub-chapter summarizes the key findings 

from the product evaluation, which aimed to assess the capabilities and limitations of artificially 

generated transcription, topic extraction and natural language generation. The analysis provided 

insight into how well the individual components performed their respective tasks. These results 

serve as a foundation for drawing conclusions about the strengths and weaknesses of this 

approach, as well as informing about the tool’s future plans to improve and expand its capabilities. 

6.1 Developed product evaluation 

The analysis of the product’s testing results revealed consistent performance and accuracy 

measures, as defined by predetermined criteria. The exposed media was clearly transcribed with 

minimal errors, despite using the “small” Whisper model size. In retrospect, the processing time of 

the transcription proved highly dependent on the processing power of the end-user’s machine; it 

utilized CUDA processing if available GPU drivers were found on the system, otherwise the model 

loaded to central processing unit.  

Whisper model handled various accents and background noise exceptionally well, resulting in a 

precise transcript for student’s revision. The “small” variation of model struggled with profession-

specific homophones, words that only sounded similar but differed in meaning, one example being 

the "bash" words from Linux shell lectures, which were sometimes transcribed as "dash". The 

emphasis on revision enabled retrospective inspection of the lecture, thereby applying the findings 

reported by many referred researchers from the pedagogy field. This could also be interpreted as 

strengthening of connections described by Thorndike from the psychology field. 

Despite the fact that the aforementioned proprietary summarization-capable large language 

learning models can process thousands of tokens, which would be the considered amount of 

tokens for a regular lecture transcription, these raw models are not applicable on consumer 

hardware. As a result, their potential application did not extend to the scope of this product. Instead 

of summarizing the lectures, the application of TF-IDF algorithm allowed for extraction of a 

specified number of topics. The algorithm was supplied with english stop words and lemmatization 

methods to reduce the amount of tokens for computation and gain better accuracy. The results 

achieved with TF-IDF met expectations, as determined through a human evaluation of specific 

relevance criteria on both the original source material and the generated output. The findings 

revealed that approximately 50% of the keywords matched those selected by human evaluator, 
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which was sufficient to meet the scope requirements for the product since users are able to revise 

and modify these words, facilitating in additional review of the lecture material. 

The note generation assessment demonstrated that fine-tuned language models in consumer-

applicable formats can generate long, detailed, and factual responses for the end-user. This testing 

involved variations of different keywords related to the same topic, as well as highlighted sections 

from transcriptions used for paraphrasing purposes. The presence of these highlights had a 

negative impact on note generation when inserted into prompt with instructions to paraphrase 

them. In some cases, this led the LLM to either generate text that closely followed the highlights or 

exhibit hallucinations due to an excessive context size, as there was no limit imposed on the 

highlighted sections. As a result the highlights were removed from the LLM prompt and appended 

to the top of the modified transcription file for ease of access. Each provided keyword was 

formatted as a heading to a section that described it in detail. Before saving the notes, the students 

should revise the material again and modify it if needed. Each provided keyword was formatted as 

a heading to a section that described it in detail. Before saving the generated notes, the students 

were able to revise the material again and modify the output. 

6.2 Conclusion 

With further development and advancements in local natural language generation machine 

learning models, the Lecture Summarizer tool has the potential to serve as a worthy alternative for 

automating note-taking tasks for students who struggle with simultaneous writing and listening. The 

tool is currently operational, however, it requires supervision of generated outputs from all machine 

learning models and statistical algorithms to ensure accuracy. 

While this may be viewed as a limitation, research findings in the education field suggest that the 

revision of given material is one of the most important actions students can take after attending a 

lecture. Consequently, the lack of efficiency in generative AI technology could be interpreted as 

beneficial for student learning, as it forces them to correct and refine generated information. These 

findings provide strong evidence that answers the first research question: “Can speech synthesis 

systems combined with advanced text generation and fact-checking be used to enhance student 

engagement during lectures, and if so, how does this impact their overall academic performance?” 

The results affirm the product's usefulness in promoting retention and encouraging revision, as 

supported by both background education research as well as Thorndike’s findings. 

The research into assistive modern technology yielded diverse outcomes. While some studies, 

such as those conducted by Forgrave, highlight numerous benefits associated with digital 

technologies, others emphasize the distracting nature of these mediums. To address the second 
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research question: "How do combined modern technologies impact the learning experience for 

students, and what adaptations can be made to enhance accessibility and usability?" The 

effectiveness of modern digital technologies in assisting users depends on their responsible use, 

avoiding the pitfalls of limitless internet access and maintaining focus on the lecture content. 

Designed as an isolated desktop program, this tool minimizes potential distractions. Adaptations 

such as voice commanding and personalization of GUI could provide an inclusive environment for 

various students. 

6.3 Future plans 

The future development of the Lecture Summarizer would most notably involve the application of 

RAG, leveraging pre-trained language models and retrieval techniques to generate notes that are 

accurate and contextually relevant to the student’s lecture. To improve readability and organization 

of generated notes, markdown formatting output would be implemented by fine-tuning a specific 

LLM, allowing users to format their notes using a syntax like the one in Markdown format. To 

appeal to more diverse user’s needs, selection of Whisper transcription model size would be 

implemented, allowing users to choose between smaller models for faster generation or larger 

models for more accurate results. The application currently lacks descriptive error handling 

mechanisms to detect and recover from errors effectively, application of effective error handling 

would supply the users with clear feedback about any issues encountered during the generation 

process might . 

These development ideas were conceptualized during the analysis and development phases with 

the goal to enhance the overall functionality and usability of the automatic note-taking system, 

making it more efficient and effective for users. 
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7 Summary 

The purpose of this thesis was to investigate note-taking practices and their impact on student 

comprehension of material. The thesis also explored the conception of artificial intelligence and 

other new technologies that could enhance the student learning process. The research began by 

qualitatively examining influential studies on the act of note-taking and described the practices for 

generating notes among students, including both traditional handwriting method and digital 

approaches like typing or dictating on laptops. This literature review revealed that effective 

handwritten note-taking is closely tied to improved memory connections and better 

comprehension, making it a crucial aspect of the learning process, therefore diminishing the 

purpose of the development product. Additionally, existing studies on digital technology usage 

within educational settings had revealed both the drawbacks, including distractions associated with 

these devices, as well as the benefits they provide to students who are differently abled, 

experience difficulties concentrating during lectures or write at an inadequate pace for effective 

retention. These concluded findings were employed in the software development strategy to 

conceptualize functionality of the product, providing these students with the best possible user 

experience. 

The development of an AI tool designed to assist students in their note-taking endeavors was 

composed of applying a user-centered design approach, aimed at understanding user’s 

requirements and preferences. The concept was developed according to the findings from prior 

qualitative research analysis of the target group, followed by prototyping and testing of the product. 

This iterative process allowed for the refinement of features such as topic extraction and overall 

quality-of-experience features that could be incorporated into a comprehensive, semi-automatic 

note-taking system. 

The research questions guiding this study were answered early on during the qualitative research 

phase of this thesis. Research studies from the education field revealed that students are prone to 

distractions when using computer software during lectures, but if used correctly, digital devices and 

customized software can significantly enhance student engagement and positively impact their 

performance. In conclusion, this thesis explores variations of note-takers and examining how the 

note-taking practice impacts different students. It also explains how modern AI works and 

demonstrates its potential for integration with other software, highlighting opportunities for 

utilization in educational environments by addressing inadequacies, discovered in the education 

field. 

The author acquired significant new knowledge in psychology, philosophy, and computer science. 

The study of education and note-taking revealed that taking notes by hand, even without intending 
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to retain the paper, can enhance memorization of written material. The research into philosophy 

proved personally valuable and also allowed for understanding of how researchers were able to 

abstract the patterns of intelligence. Moreover, the author gained hands-on experience with various 

machine learning models and technologies for future application or composition of new software. 
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Appendix 1: Material management plan 

The author of this thesis collected research documents in digital form and stored them in the 

“/home/jrosh/Zotero/storage/” directory which was backed up onto a USB drive on weekly basis. 

These materials were analysed and paraphrased sections were highlighted with the help of Zotero 

and it’s document marking functions. No sensitive data was collected during the making of this 

thesis. Narrative text was generated to accompany the development part of the thesis. Jupyter 

Notebook files were used to mark results of the various components of the software product which 

were stored in a local, offline git repository. The thesis document as well as the Jupyter Notebook 

files were backed up on the same USB drive as the research material on the weekly basis. The 

software product, along with its underlying source code, was published on GitHub under a 

redistributable license, accompanied by documentation explaining how to install and use the 

software on the following hyperlink. https://github.com/JRoshthen1/LectureSummarizer 

https://github.com/JRoshthen1/LectureSummarizer

