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ABSTRACT

The advancement of digital technology is driving the diversification of learning me-
dia. With the widespread adoption of the internet and the advancement of streaming
technology, audio and video content have become established as primary learning tools
alongside traditional text-based materials. In particular, the widespread adoption of mo-
bile devices such as smartphones and tablets has enabled learners to access this content
anytime and anywhere, leading to a significant recognition of its educational value. Audio
and video media offer unique advantages that are difficult to achieve through text-based
learning. For example, lecture videos integrate verbal explanations with visual demon-
strations, educational podcasts enable learning while commuting or working, and videos
capturing experts’ performances provide learners with opportunities to observe and em-
ulate advanced skills. In this way, audio and video content alleviate temporal and spatial
constraints on learning, enabling richer and more diverse learning experiences.

However, two fundamental challenges specific to audio-visual learning exist: (1) the
time inefficiency of needing to consume long-form content sequentially from beginning to
end, and (2) the absence of scalable feedback mechanisms for skill acquisition through im-
itation. To improve both time efficiency and learning outcomes in audio-visual learning,
this research proposes an integrated learning support framework that provides necessary
support at each stage as learners progress through three interconnected phases: Consume
(efficient content consumption), Understand (deep content comprehension), and Imitate
(skill acquisition). To realize this framework, we leverage deep learning (AI) technolo-
gies that excel in automatically learning patterns from large-scale data and extracting
high-level features from audio, video, and text data. To address the complete learning
cycle from content consumption to practical skill acquisition, we developed three deep
learning systems: a phoneme-level speed optimization system for audio content, a multi-
modal video summarization system that preserves visual and auditory information, and
an automated feedback system for imitation-based skill learning.

The first study, “AlxSpeed,” addresses the listening inefficiency of long-form audio
content where speech clarity varies significantly across segments. When podcasts and
audiobooks lasting several hours are played at constant speed, time is wasted on easily
comprehensible sections while important content in difficult-to-hear sections is missed
due to the same playback speed. Based on the hypothesis that speech recognition model
confidence correlates with human listening difficulty, we developed a system that dynam-
ically adjusts playback speed at the phoneme level using only acoustic features without
requiring semantic analysis. Technical evaluation produced average playback factors of
1.30x for LibriSpeech and 1.29x for UME-ERJ. In a blind evaluation with 50 participants,
the resulting speech received higher mean opinion scores than constant-speed playback
matched to the same average speeds.

The second study, “FastPerson,” tackles the challenge of efficient learning from lec-
ture videos where critical information is distributed across multiple modalities—spoken
explanations, visual slides, and demonstrations. Existing summarization methods pri-
marily generate text transcripts, losing rich multimodal nature and breaking continuity
with the original content. Our system analyzes both visual and audio streams to gener-
ate condensed videos, using voice cloning technology to maintain the original speaker’s
voice and preserve continuity with the original lecture. Furthermore, to enable efficient
access to necessary information according to one’s comprehension level, we implemented
an interface that allows learners to seamlessly switch between summary and full versions
on a chapter-by-chapter basis. In experiments with 40 participants watching educational
videos, FastPerson achieved an average 53% reduction in viewing time, with no sta-
tistically significant difference in quiz scores compared with normal playback; 78% of
participants rated the switching functionality as useful or very useful.

The third study, “Profy,” develops a feedback system for the problem that learners
cannot objectively evaluate how much their performance deviates from expert models and
where the differences lie in skill acquisition through imitation. Taking second-language
pronunciation as a concrete example with applicability to various skill domains, we con-
structed a deep learning model that directly learns what constitutes good and poor
performance from unannotated audio data. The system highlights waveform regions
emphasized by the classifier and shows model-derived acoustic distances from native-



speaker distributions in latent space. In an experiment with 10 Japanese learners of
English evaluated by five American raters, Profy showed a larger observed improvement
in pronunciation intelligibility than elicited imitation; unlike elicited imitation, its pre-
and post-practice confidence intervals did not overlap.

These three systems demonstrate how Al can support each stage of learning. AlxSpeed
enables efficient information acquisition in the consumption stage by adapting to an ASR-
based estimate of speech-recognition difficulty. FastPerson reduces learning time while
presenting multimodal information, with no statistically significant quiz-score difference
from normal playback. Profy provides model-derived feedback in the imitation stage. To-
gether, these systems support time-efficient consumption, content access, and repeated
skill practice.

In conclusion, this research has established a technical foundation for audio-visual
learning support in the digital education era. Through the development of systems ad-
dressing specific challenges at each stage of the learning cycle—from efficient information
discovery and understanding to practical skill acquisition through imitation—we demon-
strated a 53% reduction in viewing time and observed improvements in pronunciation
intelligibility. These technologies alleviate traditional temporal constraints and compre-
hension difficulties in learning from audio-visual content, enabling more efficient and
effective learning. As a result, audio-visual learning becomes a more practical and at-
tractive option for learners, promoting diversification of learning methods. While current
limitations include the need for long-term effect validation and extension beyond audio-
visual domains, this work demonstrates new application possibilities for Al technologies
in audio-visual learning support.
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Chapter 1

Introduction

“The public is indoctrinated to believe that skills are valuable and
reliable only if they are the result of formal schooling.”

— Ivan 1llich, Deschooling Society, 1971

1.1 Motivation and Historical Context: The Challenge of Effi-
cient Learning from Audio-Visual Media

The proliferation of the internet and digital technologies has fundamentally trans-
formed the educational paradigm. Learning that was once constrained by physical
classrooms and fixed curricula is now possible anytime, anywhere. The emergence
of MOOCs (see Figure 1.1), educational video platforms, podcasts, and audio-
books has democratized access to expertise worldwide [48, 113], enabling learning
that transcends geographical, economic, and temporal constraints.

This transformation deeply resonates with the vision Ivan Illich proposed in
“Deschooling Society” [82]. Illich criticized the monopoly of institutionalized
schooling and advocated for building “learning webs” where individuals could
autonomously learn from diverse resources. Modern online learning environments
are realizing parts of this ideal. Learners can now freely choose expert lectures,
demonstrations, and experiences according to their interests and pace, beyond
the boundaries of formal educational institutions.

The most notable change brought by this democratization of learning is the emer-
gence of audio and video as primary educational media. Unlike traditional text-
based materials, audio-visual content provides rich learning experiences including
actual expert performances, nuanced explanations, and visual demonstrations.
As multimedia learning theory suggests [118, 119], lecture recordings, educa-
tional podcasts, tutorial videos, and audiobooks go beyond mere information
transmission to provide learners with a sense of “being with the expert.”

Audio content in particular has created new learning opportunities through its
portability. Listening to podcasts during commutes, enjoying audiobooks while
exercising, playing lecture recordings while doing housework—these all embody
the “learning anytime, anywhere” world that Illich envisioned. Similarly, video
content enables visual explanations of complex concepts, practical demonstra-
tions, and virtual laboratory experiences from remote locations, aligning with
principles of effective educational videos [28].

However, the existence of these abundant audio-visual resources also creates new
challenges. First, due to the linear and time-bound nature of these media, learners
must consume lengthy content to obtain necessary information. A large-scale
analysis of 6.9 million MOOC video-viewing sessions found that the fraction
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Figure 1.1: An example of a Massive Open Online Course (MOOC) interface,
typically featuring a video lecture, supplementary materials, and interactive ele-
ments. This illustrates the shift towards accessible online learning environments.

viewed decreased as videos became longer and that median engagement was less
than half of the duration for videos longer than nine minutes [66] (see Figure 1.2).
This problem becomes even more pronounced with podcasts and audiobooks.
Second, observational learning—watching and imitating expert performances—
is what audio-visual media excels at, yet it also reveals its greatest limitation.
Learners can repeatedly listen to native speaker pronunciation, observe skilled
musicians’ performances, and study professional athletes’ movements (see Fig-
ure 1.3). For instance, in an online dance class, learners try to mimic the instruc-
tor’s movements. However, objectively evaluating how closely their own attempts
approach the expert model remains extremely difficult. This “lack of feedback”
remains an unresolved challenge in computer-assisted learning systems [128].
This research proposes solutions to these audio-visual media-specific challenges
using deep learning technologies. Our goal is to realize autonomous and effective
learning with modern technology. Specifically, we build an integrated Al-guided
system that can efficiently extract knowledge from lengthy content (Consume
and Understand) and support practice of observed skills through model-derived
feedback (Imitate).

Through this, we aim to maximize the potential of rich educational media like
audio and video while overcoming their inherent constraints, realizing a truly
“effective learning anytime, anywhere” environment. We hope this will contribute
not merely as a technical solution but to building a new educational ecosystem
where learners can proactively design and optimize their own learning.

1.2 The Dual Challenge: Inefficient Content Consumption and
Lack of Objective Feedback

The challenges facing modern learners are not merely about access to informa-
tion, but about how to efficiently process that information and transform it into
practical skills. This research identifies two interrelated challenges in learning
with audio and video content.
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Figure 1.2: Information-density variations inferred from collective click-frequency
traces in an online lecture video (reconstructed from the LectureScape inter-
face [98]).

1.2.1 Challenge 1: Time-Inefficient Consumption of Long-Form Audio-
Visual Content

The first challenge is the time inefficiency in consuming long-form audio-visual
content. A typical university lecture lasts 60-90 minutes, podcast episodes range
from 30-180 minutes, and audiobooks span several hours to tens of hours. How-
ever, as recent learning analytics research reveals [98], the truly valuable infor-
mation for learners often constitutes only a portion of the entire content.

In audio content particularly, information density is not constant. Some seg-
ments, such as introductions, repetitions, filler words, or explanations of familiar
concepts, can be understood at high speed without hindering comprehension.
Conversely, sections with technical terminology, complex concepts, or unclear
speaker pronunciation require listening at standard speed or slower. Current uni-
form playback speed adjustments cannot accommodate this variable information
density, as studies on adaptive playback have shown [138].

Video content presents an even more complex challenge as it requires processing
visual information in addition to audio. According to cognitive load theory [182],
learners must integrate information from multiple modalities—speaker explana-
tions, text and diagrams on slides, demonstrations—while efficiently finding and
understanding necessary information.

1.2.2 Challenge 2: Absence of Scalable, Objective Feedback for Imitation-
Based Learning

The second challenge is the lack of objective, scalable feedback in imitation-based
learning. Many practical skills (language pronunciation, musical instrument per-
formance, sports techniques) are acquired by observing and imitating expert per-
formances. However, it is extremely difficult for learners to objectively evaluate
the differences between their own performance and the expert model.

In traditional face-to-face education, teachers directly observe learner perfor-
mances and provide specific feedback. However, in online learning environments,
providing such personalized feedback at scale is impractical from cost and logis-
tics perspectives [90]. As a result, many learners must rely on self-assessment,
which tends to be subjective and inaccurate.



Figure 1.3: An example of imitation learning in an online dance class. Learners
attempt to replicate the instructor’s postures and movements, often without im-
mediate, granular feedback on their performance, highlighting a key challenge in
online skill acquisition.

Moreover, many existing automated feedback systems are based on predefined
error patterns and cannot adapt to individual learners’ specific difficulties or
progress [200]. These systems typically provide only binary judgments of “cor-
rect” or “incorrect,” lacking detailed information about where and how differences
occur and how to improve.

These two challenges are not independent but closely related in an effective learn-
ing process. Learners must first efficiently consume content to acquire knowledge
(Challenge 1), then require appropriate feedback when transforming that acquired
knowledge into practical skills (Challenge 2). This research aims to solve these
challenges in an integrated manner.

1.3 The Bottleneck of Long-Form Media in Digital Learning

1.3.1 Quantifying the Time Cost of Audio-Visual Learning

Quantitatively examining the time cost of audio-visual learning reveals its inef-
ficiency. For example, a typical university online course includes 2-3 hours of
video lectures per week over 10-15 weeks, totaling 20-45 hours of content. In a
large-scale MOOC log analysis, median engagement time was at most six minutes
regardless of video length, and the fraction viewed decreased for longer videos [66].
In the realm of podcasts and audiobooks, the situation is even more pronounced.
Popular educational podcasts average 60-90 minutes per episode, with many series
containing over 100 episodes. Audiobooks average 8-12 hours for non-fiction
titles, with more comprehensive works exceeding 20 hours. For learners seeking
to leverage these resources for professional development or lifelong learning, the
time investment can become prohibitive.

The linear nature of audio content in particular presents unique challenges. Un-
like text, audio cannot be easily scanned or jumped to relevant sections. Learners
must listen through irrelevant content to reach specific information of interest.
This “forced linear consumption” creates a significant time burden, especially for
learners searching for specific topics or concepts, as noted in studies on video
navigation [98].



1.3.2 The Variable Nature of Content Complexity and Clarity

The complexity and clarity of audio-visual content varies significantly even within
the same content. Acoustic analysis reveals the following variations in educational
audio content: (1) Speech rate variation: ranging from 100 to over 200 words
per minute even for the same speaker (2) Pronunciation clarity: varying due to
technical terms, foreign words, or speaker fatigue (3) Background noise: signal-to-
noise ratio (SNR) changes depending on recording environment (4) Information
density: varies greatly between sections such as concept explanations, examples,
and summaries

Current common approaches of uniform playback speed changes have fundamen-
tal limitations for these variations. Research shows that uniform high-speed play-
back exceeding 1.5x significantly reduces comprehension of complex content and
increases cognitive load [127, 138]. However, a recent meta-analysis shows that,
for clear and simple material, comprehension remains largely intact up to roughly
1.5x speed [185].

1.3.3 Limitations of Current Navigation and Summarization Approaches

Current navigation and summarization approaches for audio-visual content have
several fundamental limitations. While transcription through automatic speech
recognition (ASR) has become widely available, it provides only a partial solution.
First, for audio content (podcasts, audiobooks), transcription loses prosodic fea-
tures of speech (emphasis, emotion, irony, etc.). These features play important
roles in conveying speaker intent and importance, especially in educational con-
tent. Furthermore, transcriptions of long audio become massive texts themselves,
creating new information overload problems.

Second, for video content, many existing summarization technologies rely only
on speech transcripts and do not adequately utilize visual information (slides,
diagrams, demonstrations, body language). Recent work on abstractive video
lecture summarization highlights this limitation [22]. This loses the richness of
video content’s multimodal nature and can generate incomplete or misleading
summaries.

Third, many current summarization systems present summary results as new text,
which breaks continuity with the original content and can reduce learner trust
and engagement. In particular, the original speaker’s voice and speaking style
play important roles in educational content, and preserving these is important
from a learning effectiveness perspective, as research on multimodal feedback
suggests [119].

1.4 The Feedback Deficit in Imitation-Based Skill Acquisition

1.4.1 The Critical Role of Feedback in Skill Learning

In practical skill acquisition, feedback is an essential element. Cognitive science
research shows that skill learning progresses through cycles of observation, prac-
tice, feedback, and correction [16]. However, in online learning environments, the
“feedback” stage of this cycle is notably lacking.

For imitation-based skills (language pronunciation, musical instrument perfor-
mance, physical movements), learners need the following specific information:
(1) Which parts of their performance deviate from the expert model (2) The de-
gree of that deviation (3) Which direction corrections should take In traditional
face-to-face instruction, skilled teachers provide this information immediately, but



achieving this in large-scale online environments has been difficult with current
technology, as motor learning research demonstrates [178].

1.4.2 The Scalability Challenge of Human Feedback

While feedback from human experts is high quality, it faces fundamental scalabil-
ity problems. For example, if 1000 learners each practice pronunciation 5 times
per week, providing 2 minutes of feedback per practice would require approxi-
mately 167 hours of expert time per week. This is equivalent to about 4 full-time
teachers. On large-scale platforms like MOOCs where enrollment can reach tens
of thousands, this problem becomes even more severe [90].

Furthermore, in asynchronous online learning environments, feedback delay is also
an important issue. Learning science research shows that immediate feedback is
more effective for learning than delayed feedback [178]. However, in systems
dependent on human experts, feedback delays are unavoidable.

1.4.3 Limitations of Existing Automated Feedback Systems

Existing automated feedback systems are mainly classified into two approaches:
rule-based systems and supervised learning systems. Both have fundamental lim-
itations in providing the flexible and adaptive feedback needed in online learning
contexts.

Rule-based systems rely on databases containing predefined error patterns and
their correction methods. While these systems function for anticipated errors,
they cannot handle individual learners’ unique error patterns or errors not an-
ticipated during system design. Recent systematic reviews of CAPT systems
confirm these limitations [34]. Additionally, adapting to new languages, dialects,
or skill domains requires complete redesign.

Supervised learning systems require large amounts of labeled data (pairs of correct
and incorrect examples). Collecting and annotating such data is time-consuming
and costly, and particularly impractical when needing to cover diverse error pat-
terns and learner backgrounds. Furthermore, these systems tend to have low
generalization ability for patterns not included in the training data.

Due to these limitations, many current automated feedback systems are limited
to providing binary “correct/incorrect” judgments or limited quantitative scores.
They cannot provide the detailed, actionable feedback that learners truly need
regarding “where,” “how much,” and “how” their performance differs. Recent
advances in ASR-based pronunciation training still struggle with this granular-
ity [129].

1.5 Towards an Integrated Solution: The Consume-Understand-
Imitate Learning Pipeline and AI-Guided Learning

1.5.1 The Natural Flow of Skill-Based Learning

For the purposes of this dissertation, we organize practical skill learning as a
staged process. Informed by multimedia learning research [118], we conceptualize
learning with audio and video as three interrelated stages: Consume, Understand,
and Imitate. This model is an organizing framework proposed in this dissertation
rather than an empirically established sequence. Figure 1.4 visualises the cyclical
relationship of these three stages.

In the Consume stage, learners explore and identify relevant information from
large amounts of available content. The main challenge at this stage is time
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Figure 1.4: The iterative Consume—Understand—Imitate learning loop. Each
stage is later augmented by a dedicated Al subsystem (AIlzSpeed, FastPerson,
and Profy; see §1.5.4).

efficiency. They need to quickly find parts relevant to their learning goals from
lengthy podcasts, lecture recordings, and educational videos.

In the Understand stage, learners deeply process identified information and build
conceptual understanding. The challenge here is to efficiently grasp core con-
cepts while dealing with content complexity and variations in information den-
sity. Speech clarity, speaking rate, and use of technical terms affect the speed
and depth of understanding, as cognitive load theory predicts [182].

In the Imitate stage, learners put observed knowledge and skills into practice.
Most important at this stage is informative feedback on their own performance.
Learners need specific information to recognize differences from expert models
and correct them, aligning with Bandura’s observational learning theory [17].

1.5.2 AI-Guided Learning: A Framework for Integrated Support

This research proposes “Al-Guided Learning” as a new paradigm for compre-
hensively supporting these learning stages. AI-Guided Learning is an integrated
approach that leverages deep learning technologies to provide adaptive support at
each learning stage, enabling learners to efficiently and effectively acquire knowl-
edge and skills from audio-visual content.

The core of AI-Guided Learning is that Al functions as a “guide” for learners.
While traditional Al education systems focused on automating specific tasks, Al-
Guided Learning aims to reduce the cognitive load required at each stage and
maximize learning effectiveness while maintaining learner autonomy. This aligns
with recent perspectives on Al in education that emphasize augmentation rather
than replacement [45].

AI-Guided Learning is based on three principles: (1) Adaptivity: Dynamic ad-
justment according to learners’ individual needs, comprehension speed, and skill

levels (2) Integration: Seamless coordination and mutual support between Consume-

Understand-Imitate stages (3) Transparency: Presentation of Al’s judgments and
recommendations in a form learners can understand

1.5.3 The Need for Integrated Technological Support

The three stages of Consume-Understand-Imitate are not linear but iterative
and cyclical. AI-Guided Learning recognizes and leverages this cyclical nature.
For example, learners who receive feedback in the imitation stage may return
to specific content segments to deepen understanding (revisiting the Understand
stage) or search for new expert examples (revisiting the Consume stage).



Many current educational technologies are “point” solutions focused on one of
these stages. Video summarization tools, playback speed control apps, pronun-
ciation checkers are each useful, but lack an integrated approach supporting the
entire learning process. Al-Guided Learning integrates these individual func-
tions and provides a comprehensive framework that offers appropriate tools and
support according to learners’ situations.

1.5.4 AlI-Driven Subsystems for AI-Guided Learning

To realize Al-Guided Learning, this research develops three Al-driven subsys-
tems. These systems are designed to support specific stages of the Consume-
Understand-Imitate pipeline while providing an integrated AI-Guided Learning
experience as a whole.

AlxSpeed handles the efficiency of Consume-Understand stages in AI-Guided
Learning. Through phoneme-level acoustic feature analysis, it adjusts playback
speed while using speech-recognition performance as a proxy for intelligibility.
FastPerson revolutionizes the Consume-Understand stages for long-form video
content in AI-Guided Learning. By integrating multimodal information and pro-
viding summaries in the original speaker’s voice using recent voice cloning ad-
vances [30], it guides learners to efficiently grasp core content while also providing
options to access details as needed.

Profy guides learners to objectively evaluate and improve their own skills in the
Imitate stage of AI-Guided Learning. By analyzing and visualizing differences
from expert performances in detail using self-supervised learning techniques [96],
it enables precise skill acquisition that was traditionally difficult without human
instructors.

Through integration of these systems, AI-Guided Learning provides learners not
merely a collection of individual tools but a coherent learning experience. Fol-
lowing Al guidance, learners can realize a complete learning cycle: efficiently
finding necessary information from large amounts of content (Consume), deeply
understanding it (Understand), and mastering it as practical skills (Imitate).
Al-Guided Learning aims for essential transformation of learning beyond tech-
nological innovation. It establishes a new learning paradigm where learners can
progress efficiently and effectively toward their goals without getting lost in the
vast sea of digital resources.

1.6 Research Objectives and Questions

1.6.1 Overall Research Objective

The overarching objective of this research is to solve three fundamental challenges
in learning with audio and video under the AI-Guided Learning framework: (1)
Time inefficiency in listening to long-form audio content (2) Difficulty in inte-
grated summarization of visual and audio information in long-form video content
(3) Difficulty in identifying specific locations of errors in imitation learning

To achieve this objective, we set the following central research question:

Central Research Question (CRQ): To what extent can adap-
tive support at each stage of consuming, understanding, and imitat-
ing audio-visual content through deep learning technologies achieve
reductions in learning time and improvements in learning outcomes?



1.6.2 Specific Research Questions

From this central question, we set three specific research questions:

¢ RQ1: Balancing Listening Time Reduction and Comprehension
Maintenance in Audio Content

Underlying Challenge: Long-form audio content such as podcasts, au-
diobooks, and interviews is typically played at constant speed, despite vari-
ations in content importance and speaker clarity across segments. This
results in wasting time on easily understandable parts and missing content
in difficult-to-understand parts.

Research Question: By automatically determining the listening diffi-
culty of each part of audio content and optimizing playback speed for each
segment, to what extent can we reduce listening time while maintaining
comprehension? How much does such variable-speed playback improve lis-
tenability compared to constant high-speed playback?

¢ RQ2: Efficient Summarization Integrating Visual and Audio In-
formation in Lecture Videos

Underlying Challenge: Lecture videos contain multiple information chan-
nels including speaker explanations (audio), slides and board writing (vi-
sual), and gestures, but conventional summarization methods cannot handle
these integratively. Additionally, when summary results are presented only
as text, the original lecture context and speaker characteristics are lost,
disrupting the continuity of the learning experience.

Research Question: By integratively analyzing visual and audio informa-
tion in lecture videos and providing summaries in the original video format,
to what extent can we reduce viewing time? What impact does an interface
allowing switching between summary and original videos have on learner
comprehension?

¢ RQ3: Model-Derived Localization of Performance Differences in
Imitation Learning

Underlying Challenge: In imitation-based skill acquisition such as pro-
nunciation learning, learners cannot objectively understand which parts of
their performance deviate from the target. Conventional systems either
provide overall scores or detect only specific error patterns, and cannot
point out problem areas specific to individual learners in detail.

Research Question: Is it possible to highlight model-derived regions asso-
ciated with performance differences using small amounts of learner data and
large amounts of expert data? What impact does such localized feedback
have on learners’ pronunciation improvement compared with an elicited-
imitation baseline?

For these research questions, we will conduct the following evaluations: For RQ1,
we will measure subjective evaluation of listenability and actual time reduction
rate; For RQ2, we will conduct viewing time reduction rate and comprehension
evaluation through quizzes; For RQ3, we will verify the improvement in pronun-
ciation evaluation by experts.

Through these studies, we evaluate time efficiency, perceived audio quality, quiz-
measured comprehension, and pronunciation intelligibility within the scope of the
three prototypes.



1.7 Significance and Contributions of the Research

1.7.1 Technical Innovations

This research has the following technical novelties in developing audio and video
processing technologies specifically for educational applications:

1. Phoneme-level playback speed optimization using ASR confidence
(AIxSpeed): Unlike conventional uniform speed changes, this method uses
speech recognition model’s recognition probability as a proxy for “listenability”
and dynamically controls playback speed for each phoneme. A key feature is
determining optimal speed for each part based solely on acoustic features with-
out requiring semantic understanding. This technology can be extended to other
audio processing applications such as hearing aids that automatically slow down
difficult-to-hear parts for the hearing impaired.

2. Video-to-video summarization preserving visual and auditory infor-
mation (FastPerson): While most existing video summarization technologies
are limited to audio transcription or text output, this method integratively ana-
lyzes visual information (slides, board writing, gestures) and audio information,
reconstructing summarized content as video with the original speaker’s voice. It
is particularly unique in allowing learners to select viewing granularity according
to their understanding through an interface that switches between summary and
original videos by chapter.

3. Model-derived localization and visualization of pronunciation differ-
ences with small data (Profy): While conventional CAPT systems require de-
tailed annotated data and comparison with specific speakers, this method learns
pronunciation quality in a data-driven manner from small amounts of unanno-
tated learner speech and large amounts of native speech. It is novel in providing
more localized information than an overall score by highlighting waveform regions
emphasized by the classifier and visualizing distances in latent space. This frame-
work, inspired by recent self-supervised learning advances [65], is also expected
to be applicable to imitation learning tasks beyond pronunciation.

1.7.2 Validated Educational Impact

The principal empirical results reported for the three systems are as follows:
Adaptive playback with improved listenability (AIxSpeed): Blind com-
parison experiments confirmed higher mean opinion scores than constant-speed
playback matched to AlxSpeed’s average playback factors (1.30x for LibriSpeech
and 1.29x for UME-ERJ). The UME-ERJ result also suggests that AlxSpeed can
improve the listenability of non-native-speaker utterances for native listeners.
Halving viewing time without a significant quiz-score difference (Fast-
Person): In lecture-video viewing experiments with 40 participants, an average
53% reduction in viewing time was achieved, and quiz-measured comprehension
showed no statistically significant difference from conventional normal playback.
Among the FastPerson users, 78% rated the chapter-switching function as useful
or very useful.

Improved pronunciation clarity and helpful feedback features (Profy):
In experiments with Japanese learners of English, American raters judged post-
practice speech to be more intelligible, and all participants rated the pronunciation-
score display as helpful.
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1.7.3 Contribution to AI-Guided Learning Paradigm

The most important contribution of this research is demonstrating a new learn-
ing support paradigm called Al-Guided Learning, beyond the three individual
technologies. We showed specific ways Al can augment learner capabilities at
each stage of Consume (efficient browsing), Understand (deep comprehension),
and Imitate (skill acquisition).

These technologies, under the common vision of “augmenting human learning
and comprehension abilities with AI,” build a comprehensive support ecosystem
from video viewing to language use by covering different learning phases. In the
future, this framework is expected to be extended to other learning domains and
support for acquiring more advanced cognitive and physical skills, as envisioned
in recent discussions of AI’s future in education [165].

1.8 Dissertation Structure

This dissertation is structured as follows to systematically present the concept,
technical implementation, empirical evaluation, and educational implications of
AI-Guided Learning:

Chapter 2: Related Work comprehensively reviews existing research in three
areas to clarify the academic positioning of this research: (1) adaptive audio/video
playback technologies, (2) educational content summarization technologies, (3)
feedback systems in imitation learning. We clarify the technical limitations of
each area and the novelty of our approach.

Chapter 3: AlxSpeed—Adaptive High-Speed Audio Playback details
the phoneme-level playback speed control system based on ASR confidence. We
present the system architecture, speed optimization algorithm, and results of
evaluation experiments on listenability.

Chapter 4: FastPerson—Multimodal Video Summarization explains the
design and implementation of a video summarization system integrating visual
and audio information. We report on chapter-based summary generation meth-
ods, re-narration through voice synthesis, and evaluation results from viewing
experiments with 40 participants.

Chapter 5: Profy—Automated Feedback for Pronunciation Learning
presents a system that learns a pronunciation-proficiency classifier from small
data and visualizes classifier-emphasized regions and model-derived distances.
We explain the learning method, feedback generation, and evaluation with Japanese
learners of English.

Chapter 6: Integration and Discussion discusses integratively how the three
systems support the Consume-Understand-Imitate learning cycle. We consider
design principles, implementation challenges, and ethical considerations of Al-
Guided Learning.

Chapter 7: Conclusion and Future Directions summarizes the academic
and practical contributions of this research and provides perspectives on future
development possibilities of the AI-Guided Learning paradigm. We discuss chal-
lenges and opportunities for extension to other learning domains, integration
with more advanced Al technologies, and large-scale deployment in educational
settings.
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1.9 Concluding Remarks

The proliferation of online education has dramatically improved access to learning
resources. However, as this research has revealed, the true challenges lie beyond
access. How to efficiently consume long-form audio-visual content, how to effec-
tively understand complex audiovisual information, and how to reliably acquire
observed skills—for these challenges, this research has presented an integrated
solution called AI-Guided Learning.

The three systems—AlIxSpeed, FastPerson, and Profy—each developed as inde-
pendent research results, create greater educational value when integrated. These
are not merely time-saving tools but “learning augmentation technologies” de-
signed to help learners maximize their capabilities.

The vision of AI-Guided Learning presented in this dissertation suggests a new
relationship between technology and education. Al becomes a partner that aug-
ments the capabilities of teachers and learners rather than replacing them, en-
abling more effective learning. We hope this research will be a step toward
realizing a more equitable and efficient learning environment where all learners
can receive high-quality education.

12



Chapter 2

Related Work

2.1 Introduction

The vision of AI-Guided Learning emerges from decades of research in human-
computer interaction, educational technology, and artificial intelligence. This
chapter traces the intellectual lineage of our work, from early pioneers who imag-
ined computers as learning companions to contemporary systems that leverage
deep learning for personalized education. We organize this review around the
three pillars of our Consume-Understand-Imitate framework, examining how each
component has evolved and identifying opportunities for integration.

Our analysis reveals that while significant progress has been made in individual
components—video navigation interfaces, content summarization, and automated
feedback systems—the field lacks a unified approach that seamlessly connects
these elements. This gap motivates our integrated Al-Guided Learning frame-
work, which we position as a natural evolution of interactive learning systems
that respects learner agency while providing intelligent support.

2.2 Foundations of Interactive Learning Systems

2.2.1 Historical Evolution: From PLATO to AI-Guided Learning

The history of computer-assisted learning begins with PLATO (Programmed
Logic for Automatic Teaching Operations), developed at the University of Illi-
nois from 1960 to 2006 [24, 46]. PLATO pioneered numerous innovations that
remain relevant today: the first flat-panel display (1964), touch-sensitive screens,
real-time collaborative editing, and multimedia integration with random-access
audio devices [202]. With over 12,000 hours of courseware spanning subjects
from language learning to flight simulation, PLATO demonstrated the potential
for scalable, interactive education decades before the internet (see Figure 2.1).
PLATO’s influence extends beyond technical innovation. It introduced the con-
cept of learner-paced instruction, where students could progress through material
at their own speed—a principle central to our AIxSpeed system. The platform’s
Notes system, arguably the first online community platform, fostered peer learn-
ing and collaboration, presaging modern MOOCs’ discussion forums. Most re-
markably, PLATO’s foreign language courses incorporated speech synthesis and
primitive speech recognition as early as the 1970s, anticipating our Profy system
by nearly half a century [167].

Concurrent with PLATO’s development, Ivan Sutherland’s Sketchpad (1963) in-
troduced direct manipulation interfaces [179], fundamentally changing how hu-
mans interact with computers. This paradigm, later formalized by Ben Shnei-
derman [168, 169], established principles that remain foundational: continuous
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Figure 2.1: A PLATO terminal in use (c.1972). The networked PLATO system
featured touch-screen plasma displays, real-time online forums, and thousands
of interactive lessons—showcasing large-scale computer-based learning decades
before the internet.

representation of objects, physical actions instead of command syntax, and im-
mediate visible feedback. These principles deeply influence our interface design,
particularly in FastPerson’s timeline manipulation and Profy’s waveform visual-
ization.

The constructionist learning movement, led by Seymour Papert at MIT, brought
a philosophical framework that complements these technical innovations [137].
Papert’s Logo programming language embodied the principle that children learn
best by constructing their own knowledge through creation and experimentation.
This philosophy evolved through Mitchel Resnick’s work on Scratch [157], which
democratized programming for millions of children worldwide. The construction-
ist emphasis on learning through making directly informs our Imitate component,
where learners improve through iterative practice with immediate feedback.
HyperCard (1987-2004) represents another pivotal moment in educational tech-
nology history [62]. By enabling non-programmers to create interactive mul-
timedia applications, HyperCard democratized content creation and inspired a
generation of educational software. Its card-and-stack metaphor influenced the
design of presentation software and web navigation, while its emphasis on user
authorship prefigures contemporary discussions about learner agency in Al sys-
tems.

2.2.2 Theoretical Frameworks for Technology-Enhanced Learning

The theoretical foundations of Al-Guided Learning draw from multiple disci-
plines. Vygotsky’s Zone of Proximal Development (ZPD) provides a framework
for understanding when and how to provide assistance [193]. The ZPD represents
the gap between what learners can accomplish independently and what they can
achieve with guidance. It motivates future learner-adaptive assistance; the cur-
rent AlxSpeed prototype adapts to acoustic properties of the content rather than
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estimating an individual learner’s capability.

Cognitive Load Theory, developed by John Sweller, offers principles for manag-
ing the mental effort required for learning [180, 181]. The theory distinguishes
between intrinsic load (inherent task complexity), extraneous load (poor instruc-
tional design), and germane load (beneficial schema construction). Recent work
extends this framework to Al-assisted learning environments [54], suggesting that
intelligent systems can reduce extraneous load while maintaining appropriate in-
trinsic challenge.

Richard Mayer’s Cognitive Theory of Multimedia Learning provides twelve prin-
ciples for effective educational design [118, 116]. The modality principle (people
learn better from graphics and narration than from graphics and text) directly
influences FastPerson’s design choice to maintain audio narration rather than con-
verting to text. The personalization principle (people learn better from conversa-
tional style) guides our decision to preserve the original speaker’s voice through
synthesis rather than using generic TTS [119].

Scaffolding theory, rooted in Vygotsky’s work and elaborated by Wood, Bruner,
and Ross [201], describes how support should fade as learner competence in-
creases. Recent research on adaptive scaffolding in digital environments demon-
strates that dynamic adjustment based on real-time performance can improve
learning outcomes [12]. This principle suggests a future extension for Profy; the
current prototype presents the same feedback types rather than fading support
as competence increases.

Ericsson’s deliberate practice framework provides essential insights for skill-based
learning systems [52]. Deliberate practice requires four conditions: (1) well-
defined specific goals, (2) focused attention, (3) immediate informative feedback,
and (4) repetition with refinement. Traditional online learning often fails to
provide immediate feedback, the third crucial component. Within the current
systems, AlxSpeed provides automatic acoustic pacing, FastPerson provides di-
rect access to summarized and original segments, and Profy provides immediate
model-derived pronunciation feedback; AlxSpeed does not directly measure or
report learner comprehension.

Bandura’s social cognitive theory, particularly the concept of observational learn-
ing [17], informs our Imitate component. The theory’s four constituent processes
—attention, retention, reproduction, and motivation—offer a lens for interpreting
the systems, but the current prototypes do not directly evaluate all four processes
or implement a shared gamification mechanism.

The expertise reversal effect in skill acquisition suggests that optimal instruction
changes as learners progress [89]. Detailed guidance beneficial for novices can
become redundant or detrimental for advanced learners. This principle motivates
a future adaptive-feedback mechanism; the current Profy prototype does not vary
feedback by proficiency level or transition learners to self-assessment prompts.

2.2.3 The Evolution from Direct Manipulation to Intelligent Inter-
faces

The transition from direct manipulation to intelligent interfaces represents a fun-
damental shift in HCI philosophy. Shneiderman’s original vision emphasized user
control and predictability [169]. However, as Pattie Maes argued in her debate
with Shneiderman [171], certain tasks benefit from intelligent agents that act on
users’ behalf. This tension between direct manipulation and delegation remains
central to Al interface design [170].

15



A

Playback Time

Normal: 1x playback

Fast Forward: 2x playback

Dynamic Timeline
Y Fast Forward:

>>2x playback

4 o
Keyframe Video Time Keyframe

Figure 2.2: The dynamic timeline approach decouples video speed from playback
speed, enabling intelligent content selection at high browsing speeds. At normal
speed (1x), playback time matches video time. At 2x speed, playback time is
halved. Beyond 8x speed, instead of uniform sampling, the system selects key
clips to play at 2x, followed by jumps to maintain desired average speed while
preserving content intelligibility. Adapted from Pongnumkul et al. [145].

Recent work proposes hybrid approaches that preserve user agency while leverag-
ing Al capabilities. Horvitz’s principles of mixed-initiative interaction [79] suggest
that systems should: (1) develop significant value-added automation, (2) consider
uncertainty about user goals, (3) provide mechanisms for efficient agent-user col-
laboration, and (4) minimize the cost of poor guesses. These principles inform
our design decisions throughout the Consume-Understand-Imitate pipeline.

The emergence of “unremarkable AI” represents another important trend. As
Yang et al. observe [207], some successful Al systems fade into the background,
supporting users without demanding attention. This philosophy motivates our
design goal of minimizing disruption while AlxSpeed adjusts speed, FastPerson
presents summaries, and Profy presents practice feedback; the degree of unob-
trusiveness was not directly evaluated.

2.3 The CONSUME Component: Efficient Access to Audio-Visual
Content

2.3.1 Video Navigation and Temporal Media Manipulation

The challenge of navigating long-form video content has inspired numerous HCI
innovations. Pongnumkul et al.’s Content-Aware Dynamic Timeline [145] pio-
neered the decoupling of content structure from temporal representation, allow-
ing users to navigate based on semantic importance rather than chronological
time. This work introduced the concept of “temporal remapping,” where the
timeline dynamically adjusts to show more detail in information-rich segments—
a principle that influences FastPerson’s chapter-based navigation.

The core innovation of this dynamic timeline approach lies in decoupling video
speed from playback speed (see Figure 2.2). Traditional timelines display se-
quences of unrelated frames during high-speed browsing, losing content coherence.
However, the dynamic system selectively displays important segments through
content-awareness, providing intelligible abstraction while maintaining average

16



Level 3 Level 2 Level 1 Level 0
I\ ; | o ) )

| L AT

Content
hierarchy

shots | [ TN T W S W B 0 N W I 0 T W L7 A W 7% A S O W

Raw B A ik
frames

i Video time determined il Keyframes in the oy Selected 7 Selected keyframe to play if only one
by the elastic function hierarchy 2 keyframetoplay - layer of abstraction is available

Figure 2.3: Dynamic skim generation using hierarchical content analysis. The
system builds a hierarchy from raw frames (Level 0) through shots (Level 1) to
higher-level clusters. Based on desired video speed, key-clips are selected from
appropriate hierarchy levels: higher levels for fast browsing (showing only most
important content), lower levels for detailed navigation (showing more compre-
hensive coverage). This approach ensures that different speeds reveal comple-
mentary views of the same content. Adapted from Pongnumkul et al. [145].

playback speed.

The system’s hierarchical content analysis (see Figure 2.3) is particularly inno-
vative. By segmenting raw frames into meaningful units through shot boundary
detection and further clustering based on similarity, multiple levels of abstraction
are constructed. During high-speed browsing, important clips are selected from
higher hierarchy levels, while low-speed navigation provides more detailed content
from lower levels. This adaptive approach ensures that browsing the same con-
tent at different speeds reveals complementary perspectives, directly influencing
FastPerson’s chapter structure-based navigation.

Dragicevic et al.’s work on video Browse by direct manipulation [49] demonstrated
how physical metaphors could make video navigation more intuitive. Their tech-
nique of dragging objects within video frames to navigate temporally inspired
subsequent research on object-based video Browse. The Swift system [115] ad-
dressed latency in online video scrubbing, achieving sub-100ms response times
that maintain the illusion of direct manipulation even over network connections.
Recent advances in reactive video systems represent a paradigm shift. Reactive
Video [41] demonstrates how video playback can adapt in real-time to user be-
havior. Their system synchronizes instructional videos with learner movements,
pausing when users fall behind and accelerating during mastered sections. This
adaptive approach directly inspired our variable-speed playback in AlxSpeed,
though we focus on comprehension rather than physical synchronization.
SmartSkip [50] introduced content-based navigation for consumer video, using
audio-visual analysis to identify segment boundaries. This early work presaged
modern approaches using deep learning for scene segmentation. Recent systems
like SoftVideo [208] leverage collective viewing patterns to identify important seg-
ments in tutorial videos, demonstrating how aggregate user behavior can improve
individual navigation experiences.

The concept of egocentric elastic timelines, introduced by Higuchi et al. [74],
adaptively changes playback speed based on computer-vision-derived egocen-
tric cues. This approach inspired AlxSpeed’s philosophy of maintaining con-
stant information flow rather than constant temporal speed. In their user study,
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EgoScanning reduced total event-finding time from 500.17 seconds to 350.95 sec-
onds (about 30%) relative to the baseline and increased average scanning speed.
These results motivated our more sophisticated ASR-based approach.

2.3.2 Variable-Speed Playback and Cognitive Processing

The relationship between playback speed and comprehension has been studied ex-
tensively. Arons’ SpeechSkimmer [11] pioneered time-compressed audio, demon-
strating that speech remains intelligible at up to 2.5x speed with pitch correction.
However, recent meta-analyses reveal a more nuanced picture [185]: while com-
prehension remains stable up to 1.5x for clear content, it degrades rapidly beyond
this threshold for complex material.

Chen et al.’s study of video playback speed in online lectures [32] found that
learner preferences vary significantly based on prior knowledge, content difficulty,
and individual differences. Their work identified the “comprehension cliff” —
the speed at which understanding suddenly collapses—as highly variable across
individuals and content types. This finding motivates AlxSpeed’s content-aware
approach rather than uniform acceleration.

Research on time-compressed audio in language learning reveals additional com-
plexities. Playback speed and language proficiency both affect listening com-
prehension among multilingual English and EFL learners, and lower-proficiency
learners recall less time-compressed speech [221, 43]. Pastore’s work on cognitive
load in accelerated media [138] demonstrates that time compression increases ex-
traneous cognitive load, suggesting the need for compensatory strategies like our
confidence-based speed modulation.

Psychoacoustic research on time-compressed speech perception reveals nuanced
limits. Gabay et al. [59] demonstrated that gradual difficulty progression en-
hances learning outcomes compared to constant compression levels. Their pro-
tocols show that adaptive training, where compression gradually increases, leads
to better long-term comprehension than immediate exposure to high compres-
sion rates. This finding directly informs AIxSpeed’s gradual speed adjustment
strategy.

The relationship between cognitive load and speech intelligibility involves multi-
ple individual difference factors. Zekveld et al.’s pupillometry studies [212] show
that listening effort systematically increases with degraded speech quality, with
marked individual differences based on age and hearing status. For AI-Guided
Learning systems, this research suggests implementing adaptive algorithms that
monitor cognitive load indicators and adjust speech clarity, presentation speed,
and multimodal redundancy accordingly.

Janse [85] found that naturally produced fast speech was processed more slowly
and was less preferred than linearly time-compressed speech, even when the nat-
urally produced speech was intelligible. This distinction is crucial for AlxSpeed,
which must balance compression efficiency with naturalness to maintain both
comprehension and listening comfort.

Critical Gaps in Current Variable-Speed Systems

Our comprehensive survey of variable-speed playback tools reveals three persis-
tent gaps that hinder both learning efficiency and deployment.

First, most production players lack fine-grained difficulty awareness. Uniform
speed control squanders time on trivial segments and overwhelms listeners on
dense segments.
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Table 2.1: Comparison of variable-speed playback approaches and their limita-

tions (revised)

Approach Speed Control Granularity Processing Key Limitation
Uniform Constant (global Entire audio None Ignores content difficulty
speedup time-scale) / listener variation.
SpeechSkim- Time-compressed Multi-level Real-time No automatic difficulty
mer [11] speech + pause (pause-based awareness; relies on
shortening; segments; acoustic heuristics. [11]
interactive detail post-pause
control chunks;
sentence/topic-
level)
Elastic timeline  Adaptive playback  Frame-segment CV cue Tailored to first-person
(EgoScan- based on (highlighted extraction videos; audio handling
ning) [74] egocentric cues regions slowed; typically not central; preprocessing
(hands/motion/ others precom- cost. [74]
people) fast-forwarded) puted/batch;
not purely
real-time in
practice
Dynamic Content-aware Shot/cluster Offline Video-only; audio track
timeline [145] temporal (not only (hierarchy not processed in the
remapping “scene” ) building) original paper. [145]
(hierarchical
shot/cluster
selection)
AlIxSpeed ASR Subword/ Near ASR confidence is an
(Ours) confidence—driven word/ real-time imperfect proxy;
rate control phoneme (streaming noise/domain shifts;
(depends on ASR fine-grained rate changes
aligner/ASR inference) may affect prosody;
outputs) multilingual performance

depends on ASR.

Second, semantic or vision-heavy processing introduces deployment barriers. Meth-
ods that rely on transcripts, NLP, or GPU-based computer-vision cues incur

preprocessing latency and complicate multilingual real-time use.

Third, coarse granularity yields sub-optimal speed profiles. Utterance- or segment-

level adjustment overlooks difficulty variations within words, despite phonetic

evidence that comprehension load fluctuates at the phoneme level.

AlxSpeed addresses all three gaps by driving phoneme-level speed modulation

solely from ASR confidence scores, requiring no transcripts or offline preprocess-

ing.

2.3.3 Self-Supervised Speech Representation Learning

The emergence of self-supervised learning in speech processing has revolutionized
how we approach audio understanding with limited labeled data. Wav2Vec2 [13]
demonstrates that contrastive learning in latent space can achieve state-of-the-
art results with as little as 10 minutes of labeled data, achieving 4.8/8.2 WER on
LibriSpeech benchmark. This approach is particularly suitable for educational
applications where transcribed speech data is limited, aligning with AI-Guided
Learning principles by reducing data requirements for personalized speech-based
educational tools.

Recent advances in robust multilingual ASR, exemplified by OpenAl’s Whis-
per [147], demonstrate multilingual transcription and translation using large-scale
weak supervision. Such models suggest future multilingual extensions, but the
AlxSpeed and Profy prototypes evaluated in this thesis use English speech and
do not establish performance across diverse languages.
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Forced alignment technologies, particularly Montreal Forced Aligner (MFA) [120],
remain crucial for phoneme-level processing. Recent benchmarking studies [160)]
demonstrate that MFA outperforms modern ASR systems like WhisperX and
MMS in alignment accuracy, validating our choice for phoneme-level speed opti-
mization in AlxSpeed.

2.3.4 Content-Aware Interfaces and Adaptive Systems

Content-aware interfaces adapt their behavior based on the material being pre-
sented. LectureScape [98] uses collective viewing patterns to create visual sum-
maries of lecture videos, revealing “hot spots” where many students re-watch
content. This crowdsourced approach to identifying difficult concepts inspired
FastPerson’s potential for collaborative annotation, though our current imple-
mentation focuses on automatic analysis.

ChronoViz [57] demonstrates how multiple data streams can be synchronized for
analysis, supporting researchers in exploring connections between video, sensor
data, and annotations. While designed for research rather than learning, its prin-
ciples of multimodal synchronization inform our approach to integrating visual
and audio streams in FastPerson.

The Video Digests project [140] automatically creates readable summaries of
instructional videos by combining transcript analysis with visual change detec-
tion. Their finding that users prefer summaries maintaining the original narrative
structure influenced FastPerson’s design decision to preserve chronological flow
while enabling non-linear access.

Recent work on semantic video navigation [105] uses deep learning to enable nat-
ural language queries over video content. Users can search for concepts rather
than keywords, finding relevant segments even when specific terms aren’t men-
tioned. This capability would naturally extend FastPerson, allowing learners to
formulate queries like “the part where she explains why the algorithm fails” rather
than searching for specific words.

2.3.5 Large-Scale MOOC Analytics and Collective Intelligence

Large-scale analysis of MOOC viewing behavior provides unprecedented insights
into learning patterns. Zhou et al. [219] analyzed extensive data from XuetangX
platform, revealing that the relationship between effort and performance differs
from traditional assumptions. Their finding that “certificate buddies” increase
completion rates threefold highlights the importance of social factors in online
learning, informing FastPerson’s potential for collaborative features.

Systematic reviews of video interaction patterns [211] identify pause, play, rewind,
and fast-forward as key behavioral indicators. These interaction patterns serve
as implicit feedback about content difficulty and learner engagement. Zhang et
al.’s collective attention model [215] demonstrates how network analysis through
an ecosystem lens can reveal hidden behavioral patterns, informing our real-time
adaptation strategies in AI-Guided Learning systems.

The concept of using collective viewing patterns for difficulty estimation extends
beyond simple interaction counting. When many learners independently pause or
replay specific segments, aggregated behaviors can provide signals about content
difficulty [98]. Such signals could complement a future version of AlxSpeed; the
current model adjusts speed from acoustic features and does not use collective
viewing data.
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2.4 The UNDERSTAND Component: Supporting Deep Com-
prehension

2.4.1 Multimodal Information Processing and Integration

Understanding complex content requires integrating information across multiple
modalities. Early work by Moreno and Mayer on multimedia learning [125] estab-
lished that combining visual and auditory channels can enhance learning when
designed properly. However, poor integration can cause the “split-attention ef-
fect,” where learners waste cognitive resources switching between sources.
Recent advances in multimodal fusion leverage deep learning to better integrate
diverse information streams. Hori et al.’s attention-based fusion for video descrip-
tion [78] demonstrates how neural networks can learn which modality provides
the most relevant information at each moment. This dynamic weighting inspired
FastPerson’s approach to balancing slide content, speaker video, and audio nar-
ration.

The rise of multimodal large language models (MLLMs) opens new possibilities.
GPT-4V’s ability to understand both images and text enables more sophisticated
content analysis [132]. However, educational applications require special consid-
eration: maintaining pedagogical coherence, preserving instructor intent, and
avoiding oversimplification. Our work demonstrates how these powerful models
can be grounded in educational theory.

Cross-modal learning analytics represent an emerging field. By combining click-
stream data, eye tracking, and physiological sensors, researchers can model stu-
dent attention and engagement more accurately [126]. While our current systems
don’t incorporate such sensors, the framework could naturally extend to include
these richer data sources for more adaptive support.

2.4.2 Summarization Technologies for Educational Content

Video summarization research spans multiple approaches: keyframe extraction,
highlight detection, and narrative summarization [189]. Educational videos pose
unique challenges: preserving pedagogical structure, maintaining conceptual de-
pendencies, and avoiding oversimplification. Generic summarization techniques
often fail to respect these constraints.

Work on abstractive summarization of educational content shows promise. Benedetto
et al.’s system for lecture video summarization [22] uses transformer models to
generate concise textual summaries while preserving key concepts and their re-
lationships. However, text-only output loses the multimodal richness that makes
video compelling for learning.

The How2 dataset and associated challenges have driven progress in instructional
video understanding [135]. Systems trained on this data can identify task struc-
ture, extract steps, and generate summaries. However, most focus on procedural
content (cooking, crafts) rather than conceptual learning, limiting their applica-
bility to academic lectures.

Recent work on personalized summarization [210] adapts output based on user
knowledge and goals. A summary for an expert should differ from one for a novice
—a principle FastPerson could incorporate by modeling user expertise. This per-
sonalization extends beyond content selection to presentation style, terminology
choice, and detail level.
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Table 2.2: Comparison of video summarization and navigation approaches for
learning content and their limitations (revised)

Approach Summarization Multimodal Key Limitation
Output / Preservation
Navigation Aid
Manual Full video Full (original A/V) Time-consuming; depends on user
Scrubbing / (user-controlled) to locate key segments; little
Skipping guidance.
Keyframe Static image sequence  Visual only; loss of Insufficient for understanding
Extraction (visual skim) audio/prosody complex spoken content. [189]
and motion
dynamics

Transcript-based

Text-centric

Audio — text

Loses multimodal richness; risk of

(e.g., Video summaries (often with (prosody lost); reduced engagement vs watching.
Digests [140]; thumbnails/segments)  limited visual [140, 22]
Abstractive dynamics
lecture
summaries [22])
Dynamic Content-aware visual  Primarily visual; Designed for rapid browsing, not
Timelines [145] skim via resampled audio not structured pedagogical
clips; timeline handled in the summarization; offline
supports fast browsing original preprocessing required. [145]
implementation

Elastic Timelines

Non-linear

Visual emphasis;

Requires per-frame CV cues;

(EgoScan- time-compressed audio handling not tailored to first-person videos;
ning) [74] playback highlighting  cen- focus on speed, not structured
egocentric events tral/unspecified summary.

FastPerson Chapter-based Full visual stream Requires clear chapter/topic
(Ours) video-to-video (edited); structure; synthesis quality

condensed summary

synthesized speaker
identity for

depends on TTS/model and
source audio.

narration

Critical Gaps in Video Summarization and Access for Learning

Our analysis of existing video navigation and summarization technologies high-
lights several persistent challenges when applied to educational content, which
FastPerson aims to mitigate (see Table 2.2).

Three primary gaps emerge from this comparison:

First, loss of multimodal richness: Many summarization techniques reduce video
content to text or keyframes. This approach discards the pedagogical benefits of
the speaker’s original voice, intonation, non-verbal cues, and the synchronized in-
terplay between visual demonstrations and spoken explanations, which are crucial
for engagement and comprehension in learning contexts.

Second, inefficient navigation and cognitive overhead: While some tools offer im-
proved navigation, they often lack structured summarization, forcing users to still
invest significant time in finding and integrating information. Manually scrub-
bing or relying on simple timeline markers in long educational videos remains a
cognitively demanding task.

Third, preservation of instructional integrity: Automated summarization must
not only shorten content but also preserve its pedagogical structure, conceptual
dependencies, and narrative flow. Generic summarization may fail to identify
and retain key instructional moments or may present information in a disjointed
manner.

FastPerson is designed to address these gaps by providing a chapter-based video-
to-video summarization that retains the original visual stream and the speaker’s
identity through voice synthesis. This approach aims to significantly reduce view-
ing time while preserving the rich, multimodal learning experience and instruc-
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tional coherence of the original content.

2.4.3 Cognitive Load Management in Digital Learning

Managing cognitive load in digital environments requires careful attention to in-
formation presentation. The expertise reversal effect [89] shows that instructional
techniques helping novices can hinder experts, suggesting the need for adaptive
approaches. This finding motivates future proficiency-aware extensions; the cur-
rent prototypes do not automatically estimate user proficiency to adjust their
support.

Research on multimedia learning reveals specific techniques for load reduction.
The modality principle suggests presenting words as narration rather than on-
screen text when accompanied by graphics [111]. The redundancy principle warns
against presenting identical information in multiple forms. These principles guide
FastPerson’s decision to maintain audio narration while selectively displaying
visual elements.

Attention management in video learning presents unique challenges. Mind-wandering
increases with video length, particularly in self-paced environments [158]. Tech-
niques such as interpolated testing, perspective changes, and social presence
may support engagement. Whether AlxSpeed’s variable pacing reduces mind-
wandering was not tested and remains an empirical question.

Recent work on cognitive load measurement using physiological signals [20] sug-
gests possibilities for real-time adaptation. Eye tracking can detect when learn-
ers struggle with specific content, while EEG signals indicate cognitive overload.
Though our current systems use content-based rather than learner-based adap-
tation, future versions could incorporate such biometric feedback.
Mind-wandering during video-based learning represents a significant challenge
for maintaining engagement. Conrad and Newman’s EEG research [42] reports
frequent mind-wandering during video lectures and a negative relationship with
learning outcomes. This finding motivates testing whether dynamic pacing affects
attention; the current AlxSpeed evaluation did not measure mind-wandering.
Individual differences in working memory capacity (WMC) moderate the effec-
tiveness of multimedia learning interventions. Martini et al. [114] discovered
that high-WMC individuals benefit from post-learning rest periods, while low-
WMC individuals show opposite patterns. This interaction effect suggests that
Al-Guided Learning systems must adapt not only to content difficulty but also
to learner cognitive profiles.

Metacognitive awareness and self-regulation skills vary substantially among learn-
ers, creating both challenges and opportunities. Research on metacognitive in-
terventions reports an average impact equivalent to seven additional months of
progress [53], suggesting potential for personalized metacognitive support. Fast-
Person supports self-directed chapter navigation, but the current AlxSpeed and
Profy prototypes do not implement learner-facing confidence indicators or pro-
gressive feedback fading.

2.5 The IMITATE Component: Feedback for Skill Acquisition

2.5.1 Computer-Assisted Pronunciation Training: Evolution and Cur-
rent State

Second language acquisition theory provides crucial foundations for pronuncia-
tion training systems. Recent large-scale empirical studies have refined our under-
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standing of critical periods in L2 acquisition. Hartshorne et al. [71] analyzed data
from 669,498 participants, discovering that the critical period for syntax learning
closes at 17.4 years—much later than previously thought. However, Singleton et
al. [175] demonstrated that phonological acquisition becomes significantly more
difficult after age 9, suggesting different critical periods for different linguistic
subsystems.

These findings have profound implications for Al-guided pronunciation training.
Systems must incorporate age-sensitive algorithms that adjust expectations and
feedback mechanisms based on learner age. For adult learners past the phono-
logical critical period, focusing on intelligibility rather than native-like accuracy
may be more appropriate, while younger learners can still achieve near-native
pronunciation with proper guidance.

L1 transfer mechanisms represent another crucial consideration. Flege et al. [55]
found that L2 English vowel perception and production varied with both language
experience and learners’ L1 background. This evidence motivates future L1-
sensitive feedback. The current Profy prototype was trained and evaluated with
Japanese learners of English but does not personalize feedback by L1.

The evolution of CAPT systems mirrors broader trends in AT and HCI. Early
systems like PLATO’s language courses used pattern matching and rule-based
feedback [2]. Despite technical limitations, they demonstrated the potential for
automated pronunciation assessment, inspiring decades of subsequent research.
Modern CAPT leverages advanced ASR and machine learning. Commercial sys-
tems like ELSA Speak [152] and Duolingo [25] reach millions of users, providing
personalized pronunciation practice at scale. Academic research has evaluated
CAPT effectiveness: a systematic review maps findings across CAPT designs,
and a meta-analysis of 31 controlled studies reports an overall medium effect on
L2 pronunciation learning [4, 1].

Recent innovations focus on visual feedback. PTeacher [29] uses exaggerated
audio-visual corrective feedback to help learners perceive subtle pronunciation
differences. By amplifying errors in both audio playback and animated lip move-
ments, the system makes problems more noticeable. User studies showed signifi-
cant improvement over traditional minimal-pair training.

The L2-ARCTIC corpus [218] and similar datasets enable data-driven approaches
to pronunciation assessment. By training on diverse non-native speech, systems
can recognize patterns specific to different L1 backgrounds. This speaker adap-
tation represents a significant advance over one-size-fits-all approaches, though it
requires substantial data collection.

2.5.2 Visualization Techniques for Performance Feedback

Effective visualization can make abstract pronunciation concepts concrete. The
Vowel Game [134] maps tongue position to a 2D space, allowing learners to see
their vowel production in real-time. This spatial representation leverages human
visual processing capabilities, making articulatory concepts intuitive.
Spectrograms, traditionally used in speech analysis, are increasingly employed
for pedagogical purposes. By showing frequency patterns over time, they reveal
aspects of speech invisible to naive listeners. However, interpreting spectrograms
requires training, limiting their accessibility. Profy’s waveform-based approach
provides a simpler alternative while still conveying timing and intensity informa-
tion.

Research on visual feedback effectiveness reveals important design principles [70].
Feedback should be immediate, interpretable without extensive training, and
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directly actionable. Abstract representations (numerical scores, complex graphs)

prove less effective than concrete visualizations showing what to change. This
finding influenced Profy’s design, which highlights specific segments requiring
attention.

Gamification elements can enhance engagement with pronunciation practice. Duolingo’s
streak system and achievement badges can encourage daily practice [172]. How-

ever, excessive gamification can distract from learning goals. Progress indicators

are a possible future extension for Profy; the current prototype does not imple-

ment game mechanics or a longitudinal progress system.

2.5.3 Multidimensional Assessment Frameworks

The evolution of pronunciation assessment has moved beyond simple accuracy
scores to multidimensional frameworks. Thomson’s meta-analysis [187] estab-
lishes that intelligibility, comprehensibility, and accentedness represent three par-
tially independent constructs. Intelligibility measures actual understanding, com-
prehensibility captures perceived difficulty, and accentedness reflects deviation
from native norms. This tripartite framework aligns with communicative lan-
guage teaching goals, suggesting that perfect native-like pronunciation may be
less important than clear communication.

Recent advances in multi-task pronunciation assessment demonstrate the fea-
sibility of comprehensive evaluation across multiple dimensions. The MultiPA
system [35] reports correlations exceeding 0.6 with human ratings on three dimen-
sions, using transformer-based architectures to capture segmental and supraseg-
mental features. This work suggests a future extension for Profy; the current
prototype does not separately score intelligibility, comprehensibility, and accent-
edness.

Long-term retention and transfer effects remain understudied in CAPT research.
While most studies report immediate improvements, few track whether gains
persist beyond the training period or transfer to spontaneous speech [162]. The
current Profy study used short, controlled sentence practice and did not measure
retention or spontaneous-speech transfer; these require future evaluation.

2.5.4 Embodied Interaction and Kinesthetic Learning

Embodied cognition theory suggests that physical experience shapes abstract
thinking [199]. This principle extends to language learning: pronunciation in-
volves motor skills that benefit from physical practice. Gesture-based interfaces
can leverage this connection, linking movement to sound production.

Tangible interfaces for pronunciation training remain underexplored. Ishii’s vision
of Tangible Bits [84] suggests possibilities: physical objects whose manipulation
controls speech parameters. Imagine squeeze toys that teach stress patterns or
elastic bands demonstrating vowel length. While our current work remains screen-
based, future extensions could incorporate tangible elements.

Motion capture technology enables detailed analysis of articulatory movements.
Systems tracking lip, jaw, and tongue position can provide precise feedback about
articulation. Though currently limited to laboratory settings, advancing sensor
technology may soon enable home-based motion analysis, extending Profy’s ca-
pabilities beyond audio to visual speech features.

The relationship between musical training and pronunciation improvement sug-
gests shared cognitive mechanisms [217]. Both involve precise motor control,
auditory discrimination, and rhythmic timing. This connection suggests a possi-
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ble future extension; the current Profy prototype does not include music-based
exercises.

2.6 Al Integration Across the Learning Pipeline

2.6.1 Large Language Models in Educational Interfaces

The emergence of LLMs has transformed educational technology. ChatGPT’s
ability to explain concepts, answer questions, and provide personalized feedback
offers unprecedented support for learners [91]. However, challenges remain: hal-
lucination, bias, and the risk of bypassing productive struggle in learning.
Research on LLMs for educational content generation shows promise and pitfalls.
Wang et al. demonstrate how GPT-4 can create high-quality practice problems,
but generated content requires careful validation. The VIVID system [38] con-
verts lecture videos into interactive dialogues, allowing students to “converse”
with content. Farly studies show improved engagement, though learning out-
comes remain unclear.

Prompt engineering for educational applications requires special consideration.
Effective prompts must maintain appropriate difficulty, encourage deep think-
ing, and avoid simply providing answers. Recent work on “pedagogical prompt-
ing” [203] develops principles for educationally effective LLM interactions, em-
phasizing scaffolding over direct instruction.

The question of appropriate reliance on Al assistance remains contentious. When
does AT support become a crutch that prevents skill development? Research on
“Al-induced skill atrophy” in professional contexts offers cautionary lessons for
education. Our systems address this by focusing on augmentation rather than
replacement, maintaining learner agency throughout.

Beyond text-based applications, transformer architectures are revolutionizing
multimodal educational content analysis. Vision Transformers (ViViT) [10] en-
able sophisticated video understanding by extracting spatiotemporal tokens from
educational videos. This technology allows automatic analysis of student engage-
ment in video-based learning, identifying moments of confusion through facial
expressions and body language. For AI-Guided Learning systems, these capabil-
ities suggest future extensions where learner state is continuously monitored and
support is provided proactively.

Recent educational applications of BERT and GPT models demonstrate both
promise and limitations. Pilicita and Barra [142] found high classification ac-
curacy when evaluating BERT-, RoBERTa-, and GPT-based models on student
comments indicating anxiety, depression, or neutral affect. Separately, a ran-
domized trial found that teachers using ChatGPT spent 31% less time on lesson
and resource preparation, while curriculum-design research emphasizes educator
review of generated outputs [161, 87].

The convergence of diffusion models and educational content generation opens
unprecedented opportunities. While current applications focus on visual content
creation, the potential for generating personalized pronunciation examples, cre-
ating learner-specific practice materials, and synthesizing culturally appropriate
educational scenarios remains largely unexplored [197]. These generative capa-
bilities could extend AI-Guided Learning systems to provide truly individualized
learning experiences.
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2.6.2 Adaptive Learning Systems and Personalization

Adaptive learning systems adjust instruction based on learner characteristics and
performance. Classic Intelligent Tutoring Systems (ITS) like the LISP Tutor [5]
demonstrated the potential for individualized instruction at scale. Modern sys-
tems leverage machine learning for more sophisticated adaptation.

Bloom’s “2 sigma problem” [26] showed that one-on-one tutoring produces learn-
ing gains two standard deviations above classroom instruction. Al systems aim
to approximate this personalized attention at scale. Recent meta-analyses con-
firm that well-designed adaptive systems can achieve substantial portions of this
gain [101].

Learner modeling has evolved from simple skill tracking to rich cognitive models.
Transformer-based approaches [107] can predict student knowledge states by an-
alyzing interaction patterns. These models enable proactive support, intervening
before learners become frustrated or disengaged.

The EduQate system [188] uses reinforcement learning to optimize curriculum
sequencing. By modeling learning as a sequential decision process, it adapts
topic order based on individual progress. Such approaches could extend our
systems: AlxSpeed might adjust not just playback speed but content sequence,
while Profy could adaptively select practice materials.

2.6.3 Balancing Automation and Learner Agency

The tension between Al automation and human agency represents a fundamental
challenge in educational technology. Over-automation can lead to passive con-
sumption, undermining the active construction of knowledge that deep learning
requires. Recent frameworks for “Al-augmented learning” [76] emphasize main-
taining learner control while providing intelligent support.

Research on explanation interfaces shows how transparency can help users de-
velop appropriate trust in Al systems [94]. The current prototypes expose outputs
such as speed changes, summaries, and highlighted waveform regions, but they
do not provide full explanations of model reasoning or uncertainty; this remains
a design goal.

The concept of “seamful design” deliberately exposes system limitations [31].
Rather than hiding imperfections, seamful interfaces help users understand when
and why to trust Al recommendations. This approach proves particularly valu-
able in educational contexts, where understanding system limitations prevents
over-reliance.

Studies of human-AlT collaboration in creative tasks offer insights for learning ap-
plications [83, 69]. Successful collaboration requires clear role division, with AI
handling routine aspects while humans focus on creative decisions. This division
inspired our approach: AI manages mechanical aspects (speed adjustment, con-
tent extraction, error detection) while learners control meaningful choices (what
to study, how to practice, when to seek help).

2.7 Design Principles from Commercial Systems

2.7.1 Case Studies: Khan Academy, Coursera, Duolingo

Commercial educational platforms offer valuable lessons in scaling personalized
learning. Khan Academy’s mastery learning system requires proficiency before
advancement, implementing Bloom’s vision at scale [186]. Their exercise genera-
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tion system demonstrates how procedural content can be created algorithmically
while maintaining pedagogical quality.

Coursera’s peer assessment system addresses the challenge of providing feedback
at scale [141]. By training learners to evaluate each other’s work, they create
a sustainable feedback ecosystem. This approach influenced our thinking about
Profy: future versions might incorporate peer pronunciation assessment, with Al
ensuring quality and consistency.

Duolingo’s success demonstrates the power of mobile-first design and gamifica-
tion [172]. Their bite-sized lessons fit into busy schedules, while streak mechanics
encourage daily practice. However, critics note that gamification can overshadow
learning objectives. This tension informed our more subtle approach to engage-
ment.

Analysis of edX viewing logs found that median engagement time was at most six
minutes and that learners typically watched less than half of videos longer than
nine minutes [66]. These observations motivate shorter, navigable presentations
such as those produced by FastPerson.

2.7.2 Gamification and Engagement Strategies

Gamification in education extends beyond points and badges. Effective educa-
tional games create intrinsic motivation through well-designed challenges, clear
feedback, and sense of progress [143]. The key lies in aligning game mechanics
with learning objectives rather than applying superficial rewards.

Duolingo’s approach demonstrates sophisticated gamification. Its “skill tree” vi-
sualizes learning progress and prerequisite relationships. The “health” system
penalizes repeated errors, while timed challenges add time pressure. The edu-
cational effects of individual mechanics depend on implementation and learner
context.

Research on flow states in educational games reveals design principles [95]. Opti-
mal challenge requires matching difficulty to skill level —too easy breeds boredom,
too hard causes frustration. Dynamic difficulty adjustment can help maintain this
balance. The current AIxSpeed model adapts to acoustic features rather than
learner skill, and Profy does not yet adjust feedback detail by proficiency; both
are candidates for future learner-adaptive extensions.

Critics of gamification warn against “chocolate-covered broccoli” —superficial game
elements masking boring content [67]. Effective educational games integrate
learning deeply into core mechanics. Our systems avoid superficial gamifica-
tion, instead focusing on intrinsic rewards: the satisfaction of understanding
(AlxSpeed), efficiency gains (FastPerson), and skill improvement (Profy).

2.7.3 Real-Time Processing and Edge Computing

Advances in model compression and optimization support faster-than-real-time
speech processing on edge devices. Xu et al. [205] reported a real-time factor of
0.19 for Conformer-based ASR on a small wearable device. A real-time factor
does not by itself establish sub-200-ms end-to-end interaction latency, which also
depends on buffering, feature extraction, and application design.

Browser-based implementation using Web Audio API and WebRTC provides ac-
cessible deployment without dedicated hardware requirements [194, 195]. The
Web Audio API enables sophisticated audio processing directly in the browser,
including real-time pitch shifting, time stretching, and spectral analysis. We-
bRTC facilitates peer-to-peer audio streaming with minimal latency, enabling
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collaborative pronunciation practice sessions. These technologies underpin our
systems’ accessibility, requiring only a modern web browser for full functionality.
Edge computing strategies address both latency and privacy concerns. By pro-
cessing sensitive voice data locally and only transmitting abstracted features or
model updates, systems can maintain user privacy while benefiting from collec-
tive learning. This architecture is particularly important for Profy, where learners
may be self-conscious about sharing pronunciation attempts.

2.7.4 Scalability and Accessibility Considerations

Scaling personalized learning requires careful system design. Technical challenges
include handling concurrent users, storing interaction data, and computing real-
time adaptations. Cloud infrastructure enables elastic scaling, though latency
remains problematic for real-time interaction. Edge computing offers solutions,
processing sensitive data locally while synchronizing insights globally.
Accessibility extends beyond technical compliance to inclusive design. The Web
Content Accessibility Guidelines (WCAG) provide standards, but educational
interfaces pose unique challenges. How do we make visual pronunciation feedback
accessible to blind learners? Can speed-adjusted audio serve hearing-impaired
students? Our systems address some concerns (captions in FastPerson, visual
feedback in Profy) while acknowledging remaining gaps.

Multilingual support presents both technical and pedagogical challenges. Ma-
chine translation quality varies dramatically across language pairs. Cultural dif-
ferences affect learning preferences and feedback interpretation. Pronunciation
training must account for diverse L1 backgrounds. While our current implemen-
tation focuses on English, the framework design considers future multilingual
extension.

The digital divide remains a crucial consideration. Not all learners have high-
speed internet or powerful devices. Progressive enhancement strategies ensure
basic functionality on limited hardware while enabling rich experiences where
possible. AlxSpeed’s client-side processing and Profy’s lightweight feedback com-
putation reflect this principle.

2.8 Synthesis and Future Directions

2.8.1 The AI-Guided Learning Vision

Our review reveals converging trends pointing toward integrated learning support
systems. Advances in speech processing enable nuanced pronunciation feedback.
Multimodal AI can synthesize complex educational content. Adaptive algorithms
personalize learning paths. The missing piece has been integration—connecting
these capabilities into coherent learning experiences.

AI-Guided Learning represents our synthesis of these capabilities, grounded in ro-
bust theoretical foundations and cutting-edge technical innovations. By support-
ing the complete Consume-Understand-Imitate cycle, we address learning holis-
tically rather than piecemeal. Self-supervised learning models like Wav2Vec2 en-
able personalized audio processing with minimal data requirements. Large-scale
MOOC analytics inform content difficulty estimation. Psychoacoustic research
guides perceptually-motivated speed adjustment. Second language acquisition
theory shapes age-appropriate feedback strategies. Multi-dimensional assessment
frameworks ensure comprehensive skill evaluation. Real-time edge computing
makes interactive feedback feasible. Cognitive science insights optimize atten-
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tion management. Transformer architectures enable sophisticated multimodal
understanding. This integration creates emergent benefits: insights from viewing
inform understanding, understanding guides imitation, and imitation reveals gaps
requiring renewed viewing. The convergence of these technologies and theories
enables a learning experience that adapts to individual needs while maintaining
pedagogical rigor.

The framework respects both technological capabilities and human learning prin-
ciples. We leverage AI’s strengths (pattern recognition, consistent feedback, in-
finite patience) while preserving human agency (goal setting, meaning making,
creative application). This balanced approach avoids both technophobic rejection
and uncritical acceptance of Al in education.

2.8.2 Open Challenges and Research Opportunities

Our comprehensive analysis reveals critical gaps in current audio-visual learning
support systems that define concrete research opportunities:

1. Lack of Content-Aware Processing at Fine Granularity Many variable-
speed playback systems operate at coarse temporal resolutions (utterance or seg-
ment level), without adapting to short-term variations in acoustic recognizability.
The reviewed systems did not dynamically adjust playback speed from ASR con-
fidence without semantic analysis. This gap motivates AlxSpeed’s phoneme-level
adaptation using ASR confidence as a proxy for acoustic recognizability.

2. Loss of Multimodal Richness in Video Summarization Many video
summarization approaches generate text outputs that do not retain the full multi-
modal context of educational videos. Preserving speaker voice, visual demonstra-
tions, and temporal relationships remains challenging. This limitation motivates
FastPerson’s video-to-video summarization approach, which retains speaker and
visual cues while reducing viewing time.

3. Absence of Scalable, Fine-Grained Feedback for Skill Acquisition
Many CAPT systems require annotated data or provide holistic scores. The chal-
lenge of deriving localized feedback from limited unannotated learner data mo-
tivates Profy’s self-supervised visualization approach. Profy highlights classifier-
emphasized waveform regions and displays model-derived distances; these out-
puts were not independently validated as phonetic error diagnoses or actionable
corrections.

4. Fragmented Support Across Learning Stages While individual tech-
nologies exist for content navigation, summarization, and skill practice, they
are often studied as separate forms of support. This fragmentation motivates the
Consume-Understand-Imitate framework used in this dissertation to organize the
three prototypes.

5. Limited Adaptation to Individual Learner Characteristics The proto-
types evaluated in this dissertation do not model learner background, proficiency
level, or learning goals. Personalizing support while maintaining scalability there-
fore remains an open direction for future extensions of the framework.
Together, these challenges motivate approaches that combine advances in deep
learning with educational design. This dissertation examines that direction through
three prototype systems and reports their measured outcomes and limitations.

2.9 Conclusion

This chapter has traced the evolution of technology-enhanced learning from early
interactive systems to contemporary Al-powered platforms, revealing both re-
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markable progress and persistent challenges. Our analysis identifies three critical
insights that motivate and position this dissertation:

First, a fundamental mismatch exists between content delivery and
human cognitive constraints. While digital platforms have democratized
access to audio-visual learning materials, the linear, time-bound nature of these
media creates inefficiencies that current technologies fail to address. Uniform
playback speeds ignore content complexity variations; text-based summaries lose
multimodal richness; and skill practice lacks the immediate, detailed feedback
essential for improvement. These limitations create an urgent need for Al systems
that adapt to both content characteristics and learner needs.

Second, recent advances in deep learning create unprecedented op-
portunities for educational innovation. Self-supervised speech models en-
able fine-grained acoustic analysis without extensive labeled data. Multimodal
transformers can process and synthesize information across visual and auditory
channels. Voice cloning preserves speaker identity while enabling content manip-
ulation. However, these technologies remain largely unexploited for educational
applications, presenting a clear research opportunity.

Third, effective learning support requires integration across the com-
plete learning cycle. Our review reveals that existing solutions address iso-
lated challenges—video navigation OR content summarization OR pronunciation
feedback—but fail to support the iterative nature of real learning. The Consume-
Understand-Imitate framework emerges not as an arbitrary decomposition but
as a natural structure reflecting how learners actually engage with audio-visual
content.

This dissertation addresses these insights through three integrated systems: -
AlIxSpeed bridges the gap in content-aware audio processing by implementing
phoneme-level speed optimization based on ASR confidence - FastPerson pre-
serves multimodal richness while enabling efficient video consumption through
chapter-based summarization with voice synthesis - Profy provides the missing
scalable feedback for skill acquisition through self-supervised error detection and
visualization

Together, these systems instantiate the AI-Guided Learning paradigm: a com-
prehensive approach where Al augments rather than replaces human learning
capabilities. By addressing each stage of the learning cycle with targeted techno-
logical innovation, we move beyond piecemeal solutions toward truly integrated
learning support.

The next chapters detail how each system implements these principles and report
the scope and limitations of its technical and user evaluation.
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Chapter 3

AlIxSpeed: Playback Speed Optimization
Using Listening Comprehension of Speech
Recognition Models

3.1 Introduction

This chapter presents the AlxSpeed system, specifically designed to address a key
challenge within the broader AI-Guided Learning framework: the time-inefficient
consumption of audio content during the Consume-Understand learning stages.
As discussed in Chapter 1, modern learners often face the necessity of efficiently
acquiring knowledge from extensive long-form audio materials such as podcasts,
audiobooks, and lecture recordings. This research focuses on optimizing the
auditory learning experience by proposing an innovative method for adaptive
playback speed control at the phoneme level, guided by a speech recognition
model’s listening comprehension. However, due to the linear nature and variable
information density of these contents, uniform playback speed cannot achieve
optimal learning efficiency, potentially leading to decreased attention, increased
cognitive load from processing overly dense or unnecessarily slow information,
and ultimately, suboptimal learning outcomes. AlxSpeed presents an innovative
approach of adaptive playback speed control at the phoneme level to address this
challenge.

The core innovation of AlxSpeed lies in its ability to determine optimal playback
speed for each segment based purely on acoustic features without requiring se-
mantic understanding of the educational content. This is achieved by leveraging
speech recognition models’ confidence scores as a proxy for human listening ease.
This content-agnostic approach enables the construction of a versatile system
applicable to a wide range of audio content regardless of language or topic.
With the proliferation of video distribution services, opportunities for watching
videos for various purposes, including information gathering, learning, and en-
tertainment, have significantly increased. Humans possess the ability to compre-
hend naturally observed phenomena at rates faster than their original occurrence.
Consequently, it has become common practice to increase the playback speed of
videos and audio to understand more content in a shorter period. Research has
demonstrated that, under specific conditions, differences in video playback speed
do not affect learning effectiveness in educational video viewing and may even
enhance performance [32, 103]. Furthermore, it has been reported that the pro-
portion of viewers who prefer high-speed viewing of dramas ranges from 30% to
80%, varying by country [51].

However, current high-speed playback technologies have fundamental limitations.
As detailed in Chapter 1, the information density of audio content is not constant.

32



Iadjust speed

—
confirm that
the voice is understandable

Alx Speed

Figure 3.1: AlxSpeed optimizes the playback speed of a video in units as small
as phonemes, maximizing the speed of audio to the extent that humans can hear
it while allowing users to watch videos at a comfortable speed without having to
adjust the playback speed.

While introductions, repetitions, filler words, and explanations of familiar con-
cepts can be understood at high speed without hindering comprehension, sections
with technical terminology, complex concepts, or unclear speaker pronunciation
require listening at standard speed or slower. Existing uniform playback speed
adjustments cannot accommodate this variable information density and listening
difficulty, resulting in wasting time on easily understandable parts and missing
content in difficult-to-understand parts.

Given the numerous advantages of high-speed listening to video and audio con-
tent, a multitude of methods have been proposed to automatically adjust play-
back speed according to content structure and user state, aiming to further en-
hance human high-speed listening capabilities. These methods are extensively
studied as video summarization [7] and audio summarization [191]. Existing
approaches can be broadly classified into two strategies. The first strategy in-
volves scanning user intentions and behavior to retain only the necessary parts
for viewing or adjusting playback speed proportional to the user’s concentration
level [102, 92]. The second strategy accelerates unnecessary parts of the content
(i.e., parts without speech) or decelerates parts containing speech [74, 216].
However, these existing methods face two significant challenges. Firstly, they
do not explicitly model whether the resulting speech at different playback speeds
remains intelligible to humans, making it difficult to estimate user comprehension
across a wide range of speech types. Secondly, these systems vary playback
speed for large chunks of speech, leaving room for adjustment at smaller time
units. Fine-grained adjustment at the phoneme level enables more localized speed
control.

To address these challenges, this research proposes the AlxSpeed system. This
system adjusts audiovisual output speed while maintaining intelligibility by mea-
suring speech intelligibility after increasing the playback speed. As illustrated
in Figure 3.1, AlxSpeed flexibly optimizes video playback speed at the phoneme
level. By leveraging the listening ability of neural network-based speech recog-
nition models, which are reported to rival human performance [204], the system
simultaneously maximizes video playback speed and speech recognition rate after
speed alteration.

This chapter first examines the validity of using speech recognizers as a proxy for
evaluating human listening performance through the correlation of changes in hu-
man and speech recognition performance when speed is increased. Subsequently,
it compares whether speech with playback speed controlled at the phoneme level,
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as generated by the proposed method, or speech played at a constant high speed is
easier for humans to comprehend. Furthermore, the chapter experimentally con-
firms that AlxSpeed can transform non-native speakers’ utterances into speech
that is more comprehensible to native speakers by optimizing speech rate at the
phoneme level.

The primary contributions of this research are threefold:

1. Showing that human transcription accuracy and ASR accuracy changed
similarly across the tested playback speeds above 1.0x (r = 0.9977), sup-
porting ASR as a proxy under those tested conditions.

2. Proposing a method to increase playback speed while maintaining speech
intelligibility at the phoneme level. This is achieved through a novel learn-
ing framework that leverages a pre-trained speech representation model
(Wav2Vec2) but uniquely fine-tunes it with a dual-objective loss func-
tion specifically designed for AIxSpeed. This loss function aims to
simultaneously maximize playback speed (by minimizing Lossgpeed) and pre-
serve the intelligibility of the content (by minimizing Loss.. via the ASR
proxy), a distinct approach from standard ASR fine-tuning or simple rule-
based speed control. The fine-grained, phoneme-level adjustment guided
by this framework is a core innovation.

3. Improving the intelligibility of non-native speakers’ speech through phoneme-
level optimization of speech rate, potentially opening new applications in
language learning and cross-cultural communication.

These contributions enable AIxSpeed not only to support the enhancement of
human high-speed listening ability but also to improve speech comprehension by
generating variable-speed speech that considers the balance between playback
speed and speech intelligibility. In particular, by performing optimization based
purely on acoustic features without depending on content, the system achieves
high versatility applicable to a wide range of audio content. The subsequent
sections of this chapter present a detailed exposition of the AlxSpeed system’s
design, implementation, evaluation experiments, and analysis of results.

3.2 Pilot Survey: Validating ASR as a Proxy for Human Listen-
ing

The purpose of this study is to automate the maximization of speed to the ex-
tent that speech is understandable. To achieve this goal, we must validate the
hypothesis that as playback speed increases, the recognition performance of both
humans and speech recognizers will decrease in a similar manner. If this hypoth-
esis is correct, we can evaluate how well a human can hear when playback speed
is increased using a speech recognizer instead of a human.

Several attempts have been made to evaluate human hearing with speech recog-
nizers in this way. For example, it has been shown that the results of human
mean opinion score (MOS) listening tests correlate with the results of the speech
recognition-based MOS estimation method introduced in [86], and in [56], the
understanding and comprehension scores of a listener with simulated age-related
hearing loss were highly correlated with a speech recognition-based system. A
similar hypothesis has been used in speech learning support research to evalu-
ate a learner’s speech ability based on speech recognition performance [184]. In
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Figure 3.2: Comparison of playback speed and listening comprehension in ma-
chine learning (ML)-based speech recognizers and humans, showing transitions in
human and speech recognition model transcription performance at speeds greater
than 1x correlated by a coefficient of 0.99.

other words, if a speech recognizer can recognize speech, it judges that the person
speaks well.

However, the relationship between the machine learning model and the ability to
understand human speech when the playback speed is varied, which is the focus
of this study, has not been evaluated. Therefore, we first investigated whether
this hypothesis is true. This study compared human listening performance and
speech recognition performance for speech at 0.25, 0.5, 0.75, 1.0, 1.25, 1.5, 1.75,
and 2.0x playback speeds.

To measure human listening performance, speech data of English sentences were
prepared at each playback speed, and the subjects were asked to transcribe the
data. The target English sentences were selected from LibriSpeech [136], a large
English speech corpus created for the development and evaluation of automatic
speech recognition systems. This corpus contains over 1,000 hours of audiobook
readings and transcriptions. The participants were 140 English speakers who lived
in the United States and had graduated from a US high school. All participants
were recruited from the Amazon Mechanical Turk and were compensated for their
time. Each subject was given 15 English sentences that had been randomly sped
up by 0.5, 0.75, 1.0, 1.25, 1.5, 1.75, or 2.0x and asked to transcribe them.
Speech-recognizer transcriptions were collected by inputting 15 English sentences
at each playback speed into a Wav2Vec2-based speech recognition model, similar
to the human performance evaluation [13]. Wav2Vec2 is a transformer-based
model pre-trained through large-scale self-supervised learning, demonstrating
state-of-the-art performance in speech recognition tasks.

Figure 3.2 shows a graph of the change in listening performance of the human
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and machine learning models when the playback speed was changed. In these
figures, the horizontal axis is the playback speed, and the vertical axis is the
recognition performance. Recognition performance was evaluated using character
error rate (CER) and word error rate (WER), which are commonly used in speech
recognition (the lower these values are, the better).
The WER was calculated as follows:

(# of inserted words + # of replaced words + # of deleted words)

(# of correct words)

I

and CER was calculated as:

(# of inserted characters 4+ # of replaced characters + # of deleted characters)
(# of correct characters)

For both the human and machine learning models, listening performance de-
creased as playback speed increased from 1.0x. For playback speeds greater than
1.0x, the correlation coefficient between the change in listening performance for
the human and machine learning models was 0.9977. This extremely high corre-
lation strongly suggests that speech recognition models can function as a proxy
for human listening ability.

On the other hand, when the playback speed was slowed down from 1.0x, the
machine learning model showed a decrease in recognition performance, but the
decline was barely observable for humans. In particular, while the performance
of WER decreased slowly, the performance of CER showed almost no decrease.
This indicates that human recognition performance on a character-by-character
basis does not drop nearly as much when listening to slowed speech.

Thus, when the playback speed increased, the recognition performance of the
human and machine learning models decreased similarly, but they exhibited dif-
ferent behavior when the playback speed was decreased. However, since this
study focuses on increasing the playback speed of speech, the difference in be-
havior when the playback speed is slower than 1.0x has no effect. Therefore, by
taking advantage of the fact that listening performance decreases as playback
speed is increased for humans and speech recognition models alike, we replaced
human listening performance with speech recognition performance to develop the
desired system.

3.3 System Design

The AlxSpeed system (Figure 3.4) ingeniously combines the power of pre-trained
speech models with a task-specific optimization strategy. While building upon
the robust speech representations learned by Wav2Vec2 [13], our primary inno-
vation lies in the architectural design involving a playback speed adjuster and a
speech recognizer that share features, and crucially, in the formulation of a com-
posite loss function (Loss = Lossgpeed + AL0sSctc). This function guides the
model to learn optimal phoneme-level speed modulations by explicitly balancing
the drive for increased speed with the constraint of maintaining intelligibility as
judged by the ASR proxy. This allows AlxSpeed to dynamically adjust speed
based on localized acoustic intelligibility, moving beyond the capabilities of con-
ventional playback controls or ASR systems not designed for this specific audio
transformation task. AIxSpeed increases the speed as much as possible, as long
as the user can understand it. This system allows users to watch videos in a time-
efficient manner without having to adjust the playback speed for each video. In
addition, the system can automatically improve intelligibility by adjusting the
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Figure 3.3: The work process of AlxSpeed: extracting human voices from the
target video, dividing them into specified equal intervals, calculating the optimal
playback speed for each divided voice, changing each voice to the fixed playback
speed and synthesizing it into one voice, and performing speech recognition on
the synthesized voice to confirm understandability.

speech speed to accommodate non-native speakers who are not proficient in the
target language.

The working process of AlxSpeed is illustrated in Figure 3.3. The system first
extracts the human voice from the target video. Next, it splits this voice into
specified equal intervals. Next, using each segmented voice as input, the system
calculates the optimal playback speed for each segment voice, taking into account
the characteristics of the voice as a whole. Finally, the system changes each voice
to the specified playback speed and combines them into a single voice. At the
same time, the combined voice is recognized by speech recognition to confirm
that the resulting single voice is understandable.

This system consists of two mechanisms, as shown in Figure 3.4. One is a playback
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Figure 3.4: AlxSpeed architecture: Our system simultaneously optimizes the
playback speed regulator (left) and the speech recognizer (right) to maximize the
playback speed to the extent that the model can recognize.

speed adjuster (left), and the other is a speech recognizer (right). The former
is used to maximize the playback speed of the input speech, while the latter is
used to evaluate how understandable the input speech is. By training these two
models simultaneously, it is possible to generate speech that plays back as fast
as possible within the comprehension range.

3.3.1 Playback Speed Adjuster

In this study, we use Wav2Vec2, a self-supervised neural network designed for
speech signal processing systems, to optimize the playback speed. Wav2Vec2 is
a model developed by Facebook’s research team that can learn speech represen-
tations from large-scale unlabeled speech data. This model can be thought of as
a speech version of masked language modeling like BERT, learning by masking
parts of the input speech and predicting the original speech from the remaining
parts.

The playback speed controller is divided into a feature extractor layer and a
linear layer, as shown in Figure 3.4 (left). They are trained by pre-training
through self-supervised representation learning on unlabeled speech data and
regression learning, which outputs the playback speed based on the features after
the representation learning.

The pre-training method for the feature extractor layer is similar to masked
language modeling, as exemplified by bidirectional encoder representations from
transformers (BERT) [47] in natural language processing, where a portion of the
input is masked and the corresponding utterance features are estimated from the
remaining input. In this way, the model can learn good-quality features of the
target language to which the rate of utterance should be adapted.

Specifically, Wav2Vec2 has the following architecture:

e Convolutional Neural Network (CNN) encoder: Converts raw speech
waveforms into 512-dimensional feature vectors.

38



= i 7
\ [
150 J | 150 b \
i \
| \/

[
e end of meeting | - |
i v J
3 140 A | A -] | |
3 L \ | 2 A RS
s RN N { H - A N/
Fam f“\ M i lﬁmﬂ My W - f.*f‘\!‘,r‘. |‘ Tl | V
1 o 1 ha [ f
130 Hf‘ |{ ‘*’J MF. ‘I L ‘ 'L , | \IW’ ,""\I [ I,I IJJIU,IM p'N
Y " || W Il \ 135 IJ-I YAl Wl
s | n |i |IT AV} \ i \ “\I
\[ 1 [ |
wf IObgmg's l_urn_ nur.np's.tur.n \ o Y '
g 8 g g E 8

President Obama Meets With President-Elect Trump A Japanese person introduces the facility in English

Figure 3.5: Application example showing how the playback speed changed when
AlxSpeed was applied to two YouTube videos, demonstrating flexible changes

according to the speaker’s speech.

— Number of layers: 7

— Channels per layer: 512

— Kernel sizes: {10,3,3,3,3,2,2}
— Strides: {5,2,2,2,2,2,2}

e Transformer encoder: Processes CNN features through stacked self-
attention and feedforward layers.

— Transformer blocks: 12
— Hidden dimension: 768
— Feed-forward dimension: 3072

— Attention heads: 8

¢ Quantization module: Converts continuous features into discrete tokens,
enabling mask prediction tasks.

Typically, these self-supervised learners are used to tackle tasks such as speech
recognition and speaker identification by pre-training and then fine-tuning with
a small amount of label data. For example, in speech recognition, we have added
a projection layer and a connectionist temporal classification (CTC) layer [63] to
the output of self-supervised learners, such as Wav2Vec2 and HuBERT [80], to
enable transcription from speech waveforms.

Similar to these methods, we pre-train on unlabeled speech data and then connect
and train a linear layer that outputs rates. In general speech processing tasks,
such as speech recognition [112] and speaker identification [15, 88], the difference
from the class label is minimized as an error function. On the other hand, the
goal of the playback speed adjuster is to maximize the speed. Therefore, we
designed the following function whose value decreases as the speed increases.

1 % 25:1 s
Lossspeed = <1O> )

where rg is the playback speed for each segment obtained using Wav2Vec2 and a
linear layer with audio X as input as follows:
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C = cj.y) = Wav2Vec2 (X),
R = 1)1.5) = Linear (C).

This loss function design trains the model to output as high a playback speed as
possible. By using an exponential function, the loss decreases rapidly as speed
increases, reinforcing the incentive for acceleration.

3.3.2 Speech Recognizer

The speech recognizer transcribes the speech converted to the playback speed
obtained by the playback speed adjuster (Figure 3.4 (right)). When speech parts
with different playback speeds are combined, noise is generated in the speech data
and the sound quality is degraded. We use voice separation technology [121] to
extract only the speaker’s voice and reduce the effect of noise.

The resulting speech is then fed into a speech recognizer for speech recognition.
The speech recognition process consists of the extraction of acoustic features from
the speech waveform, estimation of the classes of acoustic features for each frame,
and generation of hypotheses from the sequence of class probabilities. Since the
speech recognizer can partially share the neural network with the playback speed
adjuster, the overall network size can be reduced.

As shown in Figure 3.4, the dotted speech feature extractor is shared. The speech
features obtained by this mechanism are used as input to generate text in the
projection layer. In this process, the speech recognizer is trained to minimize
CTC loss, as in normal speech recognition.

The CTC loss is defined as follows:

Losscte = —log P(Y'|X)

where Y is the correct character string and X is the input speech. CTC can
estimate the optimal character string considering all possible alignments even
when the alignment between input and output is unknown.

In summary, the entire model is trained to minimize the following error function,
which is a combination of this error function and the error function of the playback
speed adjuster:

Loss = Lossgpeed + ALOSSctc.

Here, X is a hyperparameter that adjusts the importance of the playback speed
calculation and speech recognition. By properly setting this hyperparameter, we
can balance maximizing speed and maintaining recognition accuracy.

3.4 Prototype Implementation

As a prototype of AlxSpeed, an application that optimizes audio playback speed
using English as the target language has been implemented. This section de-
scribes the implementation and usage of the application.
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3.4.1 Implementation Details

Wav2Vec2 was used for the prototype’s shared utterance learning model (the
utterance learning part shared by the speech recognizer and the playback speed
adjuster). For pre-training, LibriSpeech [136] was used as the dataset, train-
clean-360 as the training data, and dev-clean as the validation data.

The dataset consists of clean speech data in LibriSpeech and was partitioned using
the data partitioning method proposed in LibriSpeech for training/validation.
The pre-training did not require the corresponding transcribed text, only the
speech data. This is a major advantage of self-supervised learning, meaning that
large amounts of unlabeled speech data can be utilized.

The hyperparameters for pre-training are as follows:

e Batch size: 32

e Learning rate: 5e-5 (warmup steps: 32,000)

Number of epochs: 400,000 steps

Optimizer: Adam (81 = 0.9, 2 = 0.98, ¢ = 1 x 1079)

Mask probability: 0.065
e Mask length: 10
e Temperature parameter (Gumbel softmax): Linear decay from 2.0 to 0.5

We then trained a speech recognizer and a playback speed adjuster using two
sets of speech data, including the transcribed text. One was LibriSpeech’s train-
clean-100, and the other was the English speech database read by Japanese stu-
dents (UME-ERJ) [123]. The latter is a dataset of English spoken by non-native
Japanese speakers, with 202 speakers (100 males and 102 females) reading simple
English sentences.

The playback speed adjuster and the speech recognizer were trained separately.
First, the speech recognizer was trained using LibriSpeech and UME-ERJ, and
then the playback speed adjuster was trained using the same data with fixed
weights for the speech recognizer. This staged training allows the playback speed
adjuster to optimize speed while maintaining performance after the speech rec-
ognizer achieves stable performance.

All speech files used for training were normalized to a sampling frequency of 16
kHz. The Wav2Vec2 used the initial parameters implemented in PyTorch [139],
and the final layers of both the playback rate adjuster and the speech recognizer
were 768-dimensional linear layers. The hyperparameter A for the loss function
was set to 1077, and the model was trained for 5 epochs with a batch size of 32
using the AdamW [110] optimization algorithm.

The detailed hyperparameters for fine-tuning are as follows:

e Learning rate: le-4 (speech recognizer), le-5 (playback speed adjuster)

Weight decay: 0.01

Dropout rate: 0.1

Gradient clipping: 1.0

Warmup steps: 10% of total steps
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Table 3.1: Performance comparison of models

(a) LibriSpeech

Model Avg. Speed CER WER
Wav2Vec2 (1.00x) 1.00 4.38 12.57
Wav2Vec2 (1.30x) 1.30 5.61 14.58
Wav2Vec2 (1.50x) 1.50 6.83 17.19

AlxSpeed 1.30 5.21  12.96
(b) UME-ERJ

Model Avg. Speed CER  WER
Wav2Vec2 (1.00x) 1.00 26.74  55.02
Wav2Vec2 (1.29x) 1.29 33.71  63.90
Wav2Vec2 (1.50x) 1.50 36.93  66.51

AlIxSpeed 1.29 26.45 53.13

3.4.2 Usage of the Application

Examples of using AlxSpeed are shown in Figure 3.5. This is an example of the
prototype applied to a video uploaded to YouTube. The horizontal axis is the
playback time, and the vertical axis represents the playback speed output by the
model for each playback time. The first is an example of speeding up a dialogue,
movie, or lecture.

Two speakers appear in the video, and the optimal playback speed can be set
for each speaker. Of particular interest is that the two speakers in the video
speak at different speeds, so the average playback speed for the two speakers is
different. It can also be seen that the playback speed increases drastically from
the moment when the dialog between the two speakers ends and there is no more
speech from the person. Although we did not intend to design this feature, we
can see that our system, like conventional playback speed controllers, can speed
up the playback speed in the parts where there is no speech.

The second example applies speed adjustment to non-native speech. The model
selected a higher average playback factor than for the native-speaker speech in
the first video. This example shows different model-selected speeds, but does not
by itself establish improved human comprehension.

An important feature of this system is its fine-grained playback-speed control at
the phoneme level. The experiments evaluated ASR performance and perceived
speech quality, but did not separately evaluate the preservation of prosody or
intonation.

3.5 Evaluation

3.5.1 Technical Evaluation

To evaluate whether the proposed method can optimize playback speed while
maintaining ASR performance, we compared the CER and WER values for
AlxSpeed-modified speech with those for constant-speed playback. The compar-
ison conditions were 1.0x, 1.5x, and constant playback matched to AlxSpeed’s
average playback factor.

A standard Wav2Vec2-based speech recognition model, which was the speech
recognizer used in our method, was used to compute the CER and WER for
comparison. The model performance is shown in Table 3.1 (a) and (b) for Lib-
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Figure 3.6: Voice quality comparison between baseline (constant playback speed
increase throughout) and AlxSpeed (flexible playback speed increase).

riSpeech and UME-ERJ, respectively.

AlxSpeed produces speech 1.30 times faster on average for LibriSpeech and 1.29
times faster on average for UME-ERJ. Both results show that the playback speed
optimized by AlxSpeed has lower values for both CER and WER, than constant-
speed playback matched to the same average factor. Thus, the proposed method
retained better ASR performance than the matched constant-speed baseline.

In addition, for UME-ERJ, speech generated by AlxSpeed had a lower WER than
speech at 1.0x playback. This indicates that it was more recognizable to the ASR
model used for evaluation; it does not directly establish improved intelligibility
or comprehension for human listeners, which requires a dedicated human study.

3.5.2 User Evaluation

User experiments were conducted to evaluate the perceived quality of the gen-
erated speech. Speech generated by the proposed method was compared with
speech played at a constant speed matched to the same average playback factor.
Quality was evaluated using the mean opinion score (MOS), which is commonly
used in speech synthesis research [190, 198]. This measure rates speech quality
on a five-point scale from 1 (poor) to 5 (excellent).

Participants were 50 US residents who used English on a daily basis. 20 sentences
were extracted from each of the LibriSpeech and UME-ERJ datasets, and half
were converted to speech with the proposed speed-up, while the other half were
converted to speech with a constant speed-up. Participants were given a total of
40 sentences of audio and asked to rate the quality of the audio.

e The source of the audio (AIxSpeed or baseline) was not disclosed to par-
ticipants.

Figure 3.6 shows the perceived quality of speech at baseline and with AIxSpeed.
The mean opinion scores for LibriSpeech and UME-ERJ were 0.5 and 0.8 points
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higher with the proposed method, respectively. The source paper did not report
a significance test for these differences.

A larger MOS difference was observed for UME-ERJ than for LibriSpeech, but
further evaluation is needed to determine whether AlxSpeed is especially effective
for non-native-speaker speech.

3.6 Discussion

3.6.1 Evaluation Results and Implications

The technical evaluation shows that the proposed method produces lower CER
and WER than constant-speed speech at the same average playback factor. The
user evaluation likewise shows higher mean opinion scores for AlxSpeed speech
than for the matched constant-speed baseline. This average speed-up of approx-
imately 1.3x (e.g., reducing a 60-minute lecture to about 46 minutes) represents
a tangible time saving for learners.

This allows users to watch videos at a reasonable speed without having to adjust
the playback speed for each video. However, the improvement in MOS values by
using the proposed method is by no means sufficient. In the current model, the
average conversion to a faster playback speed is about 1.3 times, but it is a future
task to investigate whether it is possible to make this even faster.

In fact, many video playback services implement 1.5x and 2.0x playback speeds,
and some people watch dramas and lectures at such speeds. Therefore, we expect
that it will be possible to convert up to this speed and make the audio easy to
understand. In addition, since each user has a different preferred playback speed,
personalizing the model so that it plays at the optimal playback speed for users
is also a future issue.

3.6.2 Limitations and Future Work

One key aspect of AlxSpeed is its content-agnostic approach, relying purely on
acoustic features to determine playback speed. While this allows for broad ap-
plicability across languages and topics without needing semantic understanding,
it also presents certain limitations, particularly in educational contexts. For in-
stance, the system does not currently consider the semantic importance of content
segments or a speaker’s pedagogical intent. A lecturer might intentionally slow
down their speech to emphasize a critical point or explain a complex idea, even
if their pronunciation is perfectly clear. In such cases, AlxSpeed, prioritizing
acoustic intelligibility as determined by the ASR proxy, might inappropriately
speed up these segments, potentially hindering deep comprehension or missing
pedagogical cues. Future research could explore integrating natural language pro-
cessing techniques to identify semantically important segments or to understand
discourse structures (e.g., cues for emphasis or topic shifts). This would allow for
a more nuanced speed adjustment that balances acoustic intelligibility with the
preservation of pedagogically salient prosodic variations. Furthermore, adapting
the system to accommodate intentional pauses or variations in speech rhythm
that contribute to the speaker’s style or the listener’s engagement, rather than
solely optimizing for raw speed based on ASR confidence, remains an avenue for
future enhancement.

The personalization mentioned in Section 3.6.1 could involve allowing users, or
an overarching Al-Guided Learning system, to set a target intelligibility level
(e.g., by adjusting the ASR confidence threshold that AlxSpeed uses as a proxy
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for human listening ease). For example, advanced learners or those familiar with
the content might opt for a slightly lower intelligibility threshold to maximize
speed further, while beginners or those encountering complex material might
prefer a higher threshold to ensure thorough understanding. This would cater to
the diverse needs, prior knowledge, and capabilities of learners, addressing the
potential gap between a generic optimization and individual learner preferences.
While the current model achieves a commendable average speed-up of approxi-
mately 1.3x while improving or maintaining intelligibility compared to constant
speed-up, future iterations could explore architectural or loss function modifi-
cations to safely push towards higher average speeds (e.g., 1.5x to 2.0x), which
are common user-selectable options in many commercial players. Investigating
the system’s behavior and the perceived intelligibility limits at even more ex-
treme speeds (e.g., up to 4x for highly redundant or exceptionally clear speech
segments) could reveal further optimization potential or define an ”intelligibil-
ity cliff” for adaptive speed methods. However, achieving high intelligibility at
such significantly accelerated rates for general audio content would likely require
substantial advancements in both the speed modification algorithm and the un-
derlying intelligibility prediction model.

While AlxSpeed demonstrated effectiveness on English speech (both native and
non-native), its performance across a wider range of languages, accents, and
acoustic environments (e.g., noisy conditions, overlapping speech) requires fur-
ther investigation to fully substantiate its claimed versatility. The current ASR
proxy model is trained primarily on English, and its reliability as an intelligibil-
ity measure for other languages would need careful validation or language-specific
adaptation.

3.6.3 Listening Comprehension and Speech Recognition

As discussed in the preliminary research chapter (Section 3.2), it can be seen
that there is a relationship between speech recognition performance and human
transcription ability. Thus, we expect to build automated systems for various
tasks and evaluations by replacing human speech comprehension ability with
machine learning models, as in this system.

On the other hand, speech recognition performance based on playback speed
does not perfectly match human speech comprehension. In other words, as the
playback speed increases, the dictation performance decreases in both cases, but
the performance values are not exactly the same. Thus, we anticipate that by
training speech recognition models to match these relationships as closely as
possible, it will be possible to use them more generally as alternatives to humans.
Distillation, a technique that learns to approximate an output that matches ex-
isting results, will be the technical key. Specifically, by using human listening
data as a “teacher” and training speech recognition models to show similar per-
formance degradation patterns, it may be possible to build more accurate proxy
models of human listening ability.

3.6.4 Adjustment of Non-Native Speakers’ Speech

The UME-ERJ ASR result suggests that moderate acceleration of non-native
speech may be useful under some conditions. Because this study did not mea-
sure human intelligibility or comprehension for that comparison, this remains a
hypothesis for future evaluation.
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One motivation for this study was an informal observation that accelerated play-
back of some non-native speech could sound easier to follow. This observation is
not treated as empirical evidence in the present study.

3.6.5 Potential Applications Beyond Speed Optimization and Societal
Implementation

The technology of AlxSpeed has various application possibilities beyond simple
high-speed playback. Particularly noteworthy is its application to hearing aids
for the hearing impaired. By utilizing the technology for evaluating listening
difficulty at the phoneme level, it is thought that it will be possible to develop
adaptive hearing aids that automatically play difficult-to-hear parts slowly.
Such hearing aids could dynamically adjust playback speed according to environ-
mental sounds and speaker characteristics. This is a possible research direction,
not an evaluated application of the present study: studies with hearing-impaired
users and noisy speech would be needed to determine whether it improves listen-
ing or comprehension.

Furthermore, applications to language learning can be expected. By automat-
ically playing parts containing difficult phonemes or words slowly according to
the learner’s level, more effective listening practice becomes possible. It may
also be used in presentation practice or lecture preparation, where speakers can
objectively evaluate and improve the listening difficulty of their own utterances.
Furthermore, when compared to standard playback speed controls found in many
video/audio platforms (e.g., YouTube, podcast players), AlxSpeed offers a sig-
nificant advantage through its adaptive and fine-grained (phoneme-level)
speed adjustments. Instead of a uniform speed-up that can make difficult
passages unintelligible or slow passages tedious, AlxSpeed optimizes locally, aim-
ing to maximize speed only where content remains clear, thus providing a more
consistently comfortable and efficient listening experience. This contrasts with
comprehensive language learning platforms like Duolingo, which focus on inter-
active exercises and curriculum, whereas AlxSpeed enhances the consumption of
existing, often passive, audio learning materials.

Regarding broader societal implementation, AlxSpeed could be integrated as
an advanced feature within existing Learning Management Systems (LMS), as a
plug-in for popular video and audio streaming platforms, or even as a browser ex-
tension enhancing web-based audio content. Key technical challenges for widespread
adoption include ensuring real-time or near real-time processing capabilities for
on-the-fly adjustments, optimizing computational efficiency for deployment on di-
verse end-user devices (including mobile), and developing intuitive user interfaces
that provide appropriate control and transparency over the automated speed ad-
justments. Furthermore, practical deployment would necessitate considerations
regarding the processing of copyrighted material and ensuring user data privacy,
especially if personalization features are implemented. Pilot studies in authen-
tic educational settings would be crucial to gather user feedback on usability
and perceived learning benefits, and to iteratively refine the system for robust,
real-world application.

3.7 Conclusion

This chapter has presented AlxSpeed, a system that addresses rapid listening
to audio content in the Consume stage of the Al-Guided Learning framework.
AlxSpeed automatically adjusts playback speed at the phoneme level using ASR

46



performance as a proxy derived from the pilot comparison with human transcrip-
tion performance.

The key contributions of AlxSpeed are threefold. Firstly, the pilot study found
a correlation of 0.9977 between changes in human transcription accuracy and
ASR accuracy at tested playback speeds above 1.0x. Secondly, AIxSpeed intro-
duces phoneme-level speed adjustment and achieved lower CER and WER than
constant-speed playback matched to the same average factor. Thirdly, the UME-
ERJ evaluation found lower WER than at 1.0x playback; this is an ASR result
and does not establish improved human intelligibility for non-native speech.
The experimental results presented in this chapter provide evidence for the ef-
ficacy of AlxSpeed. At its average playback factors (1.30x for LibriSpeech and
1.29x for UME-ERJ), the system produced lower Character Error Rate (CER)
and Word Error Rate (WER) than constant-speed playback at the same factors.
In the user study, AlxSpeed speech also received higher mean opinion scores than
the matched constant-speed baseline. These findings indicate the system’s po-
tential to enhance the efficiency of audio content consumption while maintaining
intelligibility.

Despite these promising results, it is important to acknowledge the limitations
of the current implementation of AlxSpeed. The system’s performance may vary
depending on factors such as the acoustic characteristics of the input speech,
the diversity of speakers, and the complexity of the content. Further research
is needed to assess and optimize the system’s performance across a wider range
of speech types and listening conditions. Additionally, the long-term effects of
using AlxSpeed on listeners’ cognitive load and information retention need to be
thoroughly investigated.

Looking ahead, AlxSpeed holds considerable promise for a variety of applications.
In the context of video distribution services, it could enhance user experience
by providing personalized playback speeds that maximize comprehension and
engagement. In language learning scenarios, AlxSpeed could be integrated into
tools that help learners adapt to different speech rates and accents, potentially
accelerating the acquisition of listening skills. Furthermore, the system’s ability to
improve the intelligibility of non-native speech could have significant implications
for international communication and collaboration in educational and professional
settings.

One possible future direction is adaptive playback for hearing-impaired users. A
system could adjust playback speed according to the environment and speaker,
but AlxSpeed was not evaluated with hearing-impaired users or as a hearing aid.
Whether such adaptation improves accessibility requires dedicated clinical and
usability evaluation.

Within the broader scope of this thesis, AIxSpeed complements the other two
systems presented: FastPerson, which focuses on rapid comprehension of video
content, and Profy, which addresses efficient feedback systems for skill acquisition.
Together, these three systems form a comprehensive approach to enhancing time
efficiency in learning through multimedia content. While AlxSpeed optimizes
the auditory aspect of content consumption, FastPerson and Profy address the
visual and interactive components respectively, collectively contributing to a more
effective and personalized learning experience.

In conclusion, AIxSpeed represents a significant step forward in the field of time-
efficient learning support systems. By enabling users to consume audiovisual
content at optimal speeds without manual adjustment, it not only enhances the
efficiency of information acquisition but also potentially improves comprehen-
sion, particularly for non-native speech. As research in this area continues to
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evolve, future work should focus on integrating AlxSpeed with other learning
technologies, expanding its applicability across diverse content types and user
groups, and conducting longitudinal studies to assess its impact on long-term
learning outcomes. The insights gained from this research have the potential to
reshape how we approach audio-based learning and information consumption in
an increasingly fast-paced digital world.
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Chapter 4

FastPerson: Enhancing Video-Based
Learning through Video Summarization that
Preserves Linguistic and Visual Contexts

4.1 Introduction

This chapter presents FastPerson, a novel video summarization system that en-
ables efficient comprehension of video content in the Consume-Understand stages
toward realizing AI-Guided Learning, the overall goal of this thesis. As discussed
in Chapter 1, lecture videos contain multiple information channels including
speaker explanations (audio), slides and board writing (visual), and gestures, but
conventional summarization methods cannot handle these integratively. FastPer-
son addresses this challenge through an innovative approach that integrates visual
and audio information and generates summary videos in the original speaker’s
voice.

The core innovation of FastPerson lies in its novel “video-to-video summariza-
tion” paradigm. Unlike conventional approaches that predominantly generate
text-based transcripts or summaries from audio [97], thereby sacrificing the rich
visual context, or those that offer simple chaptering without true content dis-
tillation [206], FastPerson processes both visual and audio streams to produce
a condensed video summary. This approach maintains the multimodal integrity
of the original lecture. Furthermore, by employing voice cloning technology to
retain the original speaker’s vocal characteristics, FastPerson ensures a seam-
less and cognitively coherent learning experience, which is often disrupted when
navigating between original content and disparate summary formats.

The proliferation of video-sharing platforms has significantly enhanced the use of
videos across various fields, with education emerging as a particularly impactful
domain. The adoption of video-based learning methods, such as flipped learn-
ing and Massive Open Online Courses (MOOCs), has revolutionized educational
paradigms. Flipped learning inverts the conventional classroom model by en-
couraging students to engage with video lectures before class, allowing in-class
sessions to focus on interactive discussions and hands-on learning experiences [23].
Similarly, MOOCs have democratized access to education, offering an extensive
array of video lectures and educational resources to a global audience [73, 66].
Numerous studies have confirmed the effectiveness of video-based learning meth-
ods. Zhang et al. demonstrated that interactive videos improve learners’ compre-
hension [214], while Kay underscored the positive impact of video-based learning
on comprehension, adaptation, and achievement [93]. Despite these benefits,
significant challenges persist in the realm of video-based learning.

Users often struggle with the sheer volume and length of educational videos,
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leading to time-consuming searches and difficulties in aligning learning pace with
individual comprehension levels. As Chen et al. [33] found, users may spend up to
80% of their time on video platforms browsing and viewing only parts of content,
indicating a significant inefficiency in locating relevant information. Moreover,
the linear nature of long-form video can impose substantial cognitive load and
challenge sustained attention, particularly when learners must sift through ex-
tensive footage to find specific segments of interest or to grasp core concepts
distributed across the timeline [180, 158].

To address these challenges, various video summarization methods have been
proposed to help users grasp video content quickly. Existing approaches typi-
cally focus on either visual or audio information to determine important parts of
the video and generate summarized versions [189]. However, these methods are
limited in their effectiveness for lecture videos, where crucial information is often
distributed across both visual and audio channels, and may not always overlap.

For example, while an instructor verbally explains complex concepts, slides may
display complementary diagrams or equations. Audio-only summarization loses
these visual elements, while visual-only summarization misses the instructor’s
detailed explanations and nuances. Furthermore, many existing summarization
systems present results in text format, breaking continuity with the original video
and fragmenting the learning experience.

In response to these limitations, this chapter introduces FastPerson, a novel video
summarization technique that comprehensively considers both visual and audio
information. Unlike conventional methods, FastPerson creates a summary text
that integrates information from both modalities before generating a summary
video with narration. This approach ensures a more holistic representation of
the video content, reducing the risk of learners missing critical information from
either the visual or audio components.

The key contributions of FastPerson are threefold:

1. A comprehensive video summarization method that generates summary
videos reflecting important information from both visual and audio elements
of lecture videos. Particularly, it establishes a new paradigm of “video-to-
video summarization,” providing a learning experience beyond conventional
text-based summarization.

2. A user-centered learning experience design that enables seamless switching
between original and summary videos. By preserving the original speaker’s
voice quality through voice cloning technology, it minimizes cognitive dis-
sonance and allows learners to freely choose between concise and detailed
information acquisition for each video chapter.

3. Empirical evidence that the proposed method significantly reduces viewing
time, with no statistically significant difference in quiz-measured compre-
hension from conventional playback.

These contributions position FastPerson as a crucial component within the Un-
derstand phase of our proposed Al-Guided Learning framework (see Chapter 1).
While AlxSpeed (Chapter 3) focuses on optimizing the Consume phase for audio
content through adaptive playback, FastPerson extends this pursuit of efficiency
to the complex, multimodal nature of video lectures. By enabling learners to effi-
ciently grasp core concepts from visual and auditory information, FastPerson not
only addresses the specific challenges of video-based learning but also prepares
learners for the subsequent Imitate phase, supported by Profy (Chapter 5), which
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Figure 4.1: FastPerson: Video summarization method that generates a summary
sentence using visual (objects and sentences on the frame) and audio information
(speaker’s voice) before synthesizing the sentence into speech using the speech
characteristics of the original speaker.

facilitates skill acquisition through targeted feedback. Together, these systems
alm to create a synergistic learning environment that enhances time efficiency
and learning outcomes across the entire spectrum of multimedia engagement.
The remainder of this chapter is organized as follows: Section 4.2 provides an
overview of related work in video summarization and learning. Section 4.3 details
the design and implementation of the FastPerson system. Section 4.4 presents
the evaluation methodology and experimental setup. Section 4.5 discusses the
results of the user study and their implications. Finally, Section 4.6 concludes
the chapter with a summary of findings and directions for future research.

By addressing the challenges of efficient video content comprehension, FastPerson
complements the audio-focused approach of AlxSpeed presented in the previous
chapter. Together, these systems contribute to a more comprehensive solution for
time-efficient learning in multimedia environments, paving the way for the skill
acquisition support system, Profy, which will be introduced in the subsequent
chapter.

4.2 System Design

FastPerson can create a summarized video that considers both visual (text and
objects on the screen) and audio information (speaker’s voice). FastPerson auto-
matically divides the original video into multiple coherent video segments, pro-
viding the user with the summarized video and original video for each segment.
The summary and original videos are aligned by combining the summary text
with speech synthesized to resemble the original speaker and a corresponding clip
from the original video, thereby supporting a seamless transition between the two
versions. In addition, when generating the summary video, the summary ratio is
adjusted by reflecting the amount of visual and audio information to avoid over-
or under-information while preserving important content for the learner.

This method is expected to be applied to a wide range of lecture videos, and
therefore, the use of LLM-based summarization is designed to eliminate the need
for training with supervised data. We describe the summarization method by

o1



focusing on the FastPerson architecture, as shown in Figure 4.1.

4.2.1 Video Chapter Segmentation

FastPerson first detects scene transitions and silence in a video and divides them
into segments to summarize the video into coherent chapters and generate a video
summary. For scene transition detection, we use a technique proposed by Nisreen
et al. [150] to analyze the variation of the color distribution (histogram) between
consecutive frames and determine the boundaries of the segments based on the
magnitude of the variation.

According to Truong et al. [189], distinct variations between consecutive frames
indicate a change in scene, and histogram variations indicate changes in the mood
or background of the video. Specifically, we calculate histograms in RGB color
space with 64 bins and measure similarity between consecutive frames using Bhat-
tacharyya distance. Changes in the Bhattacharyya distance exceeding a threshold
of 0.6 between consecutive frames are detected as scene transitions. This thresh-
old was empirically determined based on a pilot study involving diverse lecture
videos, where it demonstrated a favorable balance between identifying meaningful
segment breaks and avoiding over-segmentation due to minor visual shifts.

We use an algorithm that detects periods when the sound waveform has an am-
plitude below a certain threshold as silence because visual and audio breaks do
not always coincide. This method is based on the work of Scheirer et al., which
enables detecting periods of low amplitude or the absence of certain frequencies
while identifying segments of silence or stillness [163]. Specifically, we calculate
the RMS (Root Mean Square) of audio in 500ms windows and detect periods
where the amplitude is below 5% of the maximum amplitude for more than 1
second as silence periods. This 5% threshold was selected based on preliminary
experiments to effectively identify pauses in speech without misclassifying quiet
speech segments as silence.

These visual scene transitions and periods of silence in audio are considered to
separate and segment the video at the cut point. This functionality enables
automatic chaptering (segmentation) without the need for the video creator to
tag each contiguous segment.

4.2.2 Visual and Audio Information Extraction

Our method converts visual and auditory information into textual information
for generating a summary video that considers both. We use optical character
recognition (OCR) and object detection techniques to obtain visual information.
OCR is used for digitizing imaged document information, and it can detect char-
acters in images and videos and convert them into documents [176]. This tech-
nology can effectively capture document information in video images, such as the
content of slides or handwritten notes on a whiteboard in a lecture video. This
information can then be used to reflect the topic and content of the documents
in the video in the summary.

Our system uses the Tesseract OCR engine [176] for OCR. Tesseract 4.0 employs
LSTM-based neural networks and supports over 100 languages. As preprocessing,
we apply grayscale conversion, noise removal (Gaussian blur), and binarization
(Otsu’s method) to improve OCR accuracy. These preprocessing steps are stan-
dard techniques known to enhance Tesseract’s performance, particularly for text
in video frames which can vary in quality.

52



Object detection is a technique for detecting and identifying specific objects or
entities in each frame of a video [156]. The objects in the video are often closely
related to the story focus or theme of the segment. If a car is shown on a slide
in a scene from an online lecture on machine learning, the speaker is expected
to talk about automated driving or image recognition, and the object “car” is
considered a key point in that video segment.

Therefore, key scenes and important entities in the video can be identified using
object detection, and effective summaries can be generated based on this infor-
mation. Our system uses the faster R-CNN [156] with ResNet-50-FPN as the
object model backbone. This model is pre-trained on the MS COCO dataset
and can detect 80 classes of common objects. The detection threshold is set to
0.7 to extract only high-confidence objects. This value was chosen after empir-
ical testing to balance precision and recall for object detection in lecture video
contexts.

The accurate extraction of speech information is necessary for academic content
in videos, especially lectures and seminars. Audio information is extracted from
a video as follows:

(1) Audio stream is extracted from the video file.

(2) This audio stream is fed as an input to a speech recognition model to obtain
a transcription of the document.

The speech signal needs to be converted into document data with high accuracy
because the accuracy at this stage can affect the quality of the summary. Recent
advances in speech recognition have been attributed to models based on RNN [64,
68] and Transformer [192, 196].

In our method, we employ Whisper [147] as the speech recognition model. Cho-
sen for its state-of-the-art accuracy across diverse audio conditions, a result of
its large-scale training (approx. 680,000 hours of multilingual speech), Whisper’s
deep learning architecture enables robust transcription essential for downstream
summarization. Specifically, we use the Whisper Large model (1550M param-
eters) with a beam search width of 5 and a temperature parameter of 0 for
inference. These parameters were chosen based on the recommendations in the
original Whisper paper for achieving high accuracy in transcription tasks.
Despite the high performance of this method, its recognition accuracy is not
perfect. Therefore, we use OCR to recognize text in the video, complementing
technical terms and proper nouns missed by speech recognition.

4.2.3 Summary Audio Generation

Video summarization uses data labeled with important points in a video, along
with supervised learning methods to detect important locations in the video.
However, our target educational videos cover a wide variety of domains, and it is
difficult to use training data to extract such important points.

Recently, a number of LLMs have been proposed in the natural language process-
ing domain based on Transformer architectures, including BERT [47], T5 [151],
and GPT3 [148, 149]. These models are trained on documents and dialogues
from different domains and have a wide range of domain knowledge, hence en-
abling them to perform various natural language processing, including summary
generation [19].

Our system can summarize lecture videos without the need for teacher data us-
ing this LLM. Usually, when a summary is generated from speech, a transcript
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of the speech is used as input to generate the summary. However, this method
generates a summary based on both the transcript of the speech and visual meta-
data obtained through OCR and object recognition, thereby reflecting the visual
information of the video in the summary.

The following instructions are provided to an LLM [154] to generate a document
summary for each video segment using both visual and audio information. In
this study, we use GPT-3.5-turbo with a temperature parameter of 0.7 and top-p
of 0.9 for inference.

. Instructions ~

Using the provided transcription of spoken content, OCR-derived textual
data, and object detection information, synthesize a comprehensive summary.
This summary should highlight the key themes and actions depicted in the
video. Focus on distilling the essence of the video by combining insights from
the transcription (which captures the spoken words), the OCR data (which
provides text found within the video), and object detection (which identifies
significant objects and actions).

NS J

Along with these instructions, the transcribed text of each video segment, OCR,
and resulting visual information from object recognition are entered into the
LLM as documents. This method enables creating a summary that emphasizes
nuances not included in the speech content, speaker’s movements, visual objects,
and documents within slides and visual presentations.

4.2.4 Summary Length Calculation

The length of the document summary must appropriately reflect the amount of
information in the original video when summarizing a video. In other words, if the
video is long or rich in content, it is necessary to provide sufficient information in
the summary, and if the original video is short, the summary should be shortened
by the same amount to eliminate redundancy.

Therefore, we adjust the number of characters in the output summary based on
the length of the transcribed document. In addition, the number of output char-
acters after summarization is adjusted based on the amount of visual information
because our method generates video summaries based on visual information as
well as audio. For example, if the amount of text on a slide is large even if
the speaker’s speech is short, it must be summarized to accurately reflect the
information content of the slide.

From this point of view, the proposed system calculates the number of output
characters N of the summary using Equation 4.1:

N = max(Npin, ws - Lt +wy - (L, + L)) (4.1)
where
e N represents the final output word count of the summary.
® Npiy is the minimum summary length (e.g., 50 words).
e [, denotes the length of the transcribed text.

e [, represents the number of objects identified on the screen.
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e [, represents the word count of OCR-processed visual elements.

e w, and w, represent the weight coefficients to adjust the importance be-
tween audio and visual information, respectively.

The weight coefficients wy and w, are selected based on experimental data and
user preferences. These coefficients can be varied to adjust the emphasis on visual
or auditory information. Although the balance can be altered according to user
interest and comprehension levels to provide personalized summary videos, in the
present study, fixed values of 0.3 and 2.5 are set for ws and w,, respectively. We
set Npin = 50 words to ensure summaries are not overly terse.

These values were determined through preliminary experiments, confirming that
they generate appropriate summary lengths for both lecture videos rich in visual
information (slide-centered) and those centered on audio information (speaker-
centered).

4.2.5 Summary Video Generation

A conventional audio summarization method used for audiobooks evaluates the
importance of each audio transcription on a sentence-by-sentence basis and di-
rectly extracts and combines important audio segments. However, this method
poses a challenge to the continuity of audio and video when merging the extracted
segments. This method cannot produce a video summary that reflects the visual
representation of the video.

Therefore, this method uses a speech synthesis [166, 190] method, which uses a
document summary with visual and audio information as the input and speech
synthesis technology to generate its reading voice. After the synthesized speech
is generated, the optimal video segment is selected from the original video based
on the length of the speech.

The video segment is cut from the beginning, middle, or end of the original
video, depending on the length of the summarized video. Based on the results of
a simple user experiment, the video segment in the middle of the original video
is used as the default joining method. A continuous and concise video summary
is achieved by combining this selected video segment with the synthesized audio.
This method avoids unnatural connections caused by combining different parts of
the video. In addition, users are expected to frequently switch between the origi-
nal and synthesized videos when using this method, and therefore, it is necessary
to provide a seamless experience.

Thus, we adopt a method that minimizes the change in the audio between the
original and summarized videos using the speaker adaptation technique when
synthesizing the audio [9]. The features of the speaker’s voice in the original
video are extracted, and a synthesized voice is generated that reflects the speaker’s
voice quality. This method reduces the mismatch of voice features when switching
between the original and synthesized videos, thereby enabling seamless switching.
Specifically, this research uses the Coqui T'TS (Text-to-Speech) system and adopts
the VITS (Variational Inference with adversarial learning for end-to-end Text-
to-Speech) model. For speaker adaptation, we extract clean speech samples of
at least 30 seconds from the original video and learn speaker embeddings. This
duration was found to be sufficient for VITS to capture the primary characteris-
tics of the speaker’s voice in our preliminary tests. Using these embeddings, we
generate synthesized speech close to the original speaker’s voice quality from the
summary text.
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Figure 4.2: Overview of the FastPerson user interface: A Video Window show-
cases the current video playback and offers user-controlled speed adjustments
B Video Title provides segment-specific titles C Summary and Original buttons
allow seamless toggling between video versions and facilitate segment switches
D Search Container offers a text-based search mechanism E Segments Container
displays the thumbnails of video segments, ensuring quick navigation.

4.3 Application and Interaction

4.3.1 Application Design

FastPerson enables users to switch between the original longer video and sum-
marized video for each segment within each video, depending on their level of
interest and understanding. In addition, a static component placed on the side of
the video displays a thumbnail image and summary text for each video segment,
enabling the user to quickly access the corresponding video chapter.

The entire user interface is shown in Figure 4.2; (a) Video Window allows users
to view videos in the window in either a summarized or original format. The
playback speed can be adjusted based on preference, enabling flexible viewing of
content.

(b) Video Title is placed at the top of the video window and displays the title
of the segment that is currently playing. (¢) Summary and Original buttons
allow the user to quickly switch between the summary and original full version
of the video. In this case, making the voice quality of the summary video similar
to that of the original video allows the user to perceive continuity between the
two versions.

Next to the video is a window displaying a pair of text summaries and thumbnail
images representing the chapters of the video. These windows are effective in
helping users quickly access the segment of interest in the video [37, 140].

(@) Search Window provides a document entry box and a search button to
search for specific keywords in a video segment. This feature allows the user to
see where their topics of interest are discussed in the video.

(e) Segment Window displays thumbnails, titles, and summary text for each
video segment. Users can quickly access the appropriate video segment by clicking
on the appropriate thumbnail.
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Table 4.1: Details about the videos used in the evaluation experiment.

Video 1 Video 2

Title Origin of Life Market Revolution

Thumbnail

Length 21:55

Question 1 What molecule, also called the = The activity shown in the
biological blueprint for life, do image contributed most directly
all living organisms possess? to which of the following?

Question 2 All living things on Earth share ~ Which of the following
important processes. What are  developments most directly
those four processes? relates to the overall trend from

1800 to 1840 depicted on the
graph?

Question 3 In 1828, a German chemist, According to the passage, which
Friedrich Wohler, proved that of the following best explains
organic life is composed of the the most important effect that
same components as inorganic technological developments had
matter. How did he do this? on the American society?

Question 4 What ingredient(s) are Which of the following had a
considered necessary for the significant long-term result of
creation of life? the major pattern depicted on

the map?

Question 5 What quality of life allows for None

its slow diversification?

The application is built using Flask, a lightweight Python web framework. The
FastPerson backend manages the files for each video segment and delivers them
efficiently. The backend includes functions to load the associated thumbnail and
text files based on the name of a specific segment in the video, enabling a quick
delivery of the video segment requested by the user.

On the front end, the user interface is built using HTML, CSS, and JavaScript.
The interface includes a video player, video title display, a button to toggle be-
tween the summarized and original videos, a search function, and thumbnails
and summaries for each segment. JavaScript is used to control video playback,
implement the search function, and respond to user interactions.

4.3.2 User Interaction

FastPerson provides a personalized learning experience by allowing users to adjust
the amount of time they spend watching a video and where they spend time. For
example, users can quickly grasp the gist of an entire video by watching only the
summary video. Alternatively, users can view the summary video for the parts
they understand and the original detailed video for the parts they do not.

The design of this learning experience is inspired by the flexibility of the informa-
tion acquisition experience when reading a book. An example of how the system
can be used to view a video is presented below.
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1. Skimming through the entire summary: By clicking the Summary
button (C) and playing the video, users can watch the summarized version
of the video. This is similar to the action of quickly skimming through the
entire text content.

2. Skimming over parts that are interesting: Using the Segments Con-
tainer (E), users can obtain a brief overview of each segment based on the
associated thumbnail and text. Clicking on any segment will play its re-
spective video after clicking the Summary button (C), enabling users to
sample content before deciding to watch the detailed video.

3. Watching only the parts of interest repeatedly: Users can replay
any segment multiple times for a thorough understanding, which mirrors
the experience of rereading one’s favorite section of a book.

4. Searching for specific content: The Search Container (D) allows
users to search for specific terms or keywords across segments, providing
direct access to desired content, which is similar to using an index in a
book.

5. Switching between the summary and the detailed view: At any
given point, users can toggle between the summarized and original videos
using the Summary and Original buttons (C), catering to their com-
prehension and interest levels.

4.4 Evaluation

We conducted a series of quantitative and qualitative evaluation experiments to
assess the learning effectiveness and user experience of the FastPerson system.
The specific objectives were as follows:

e To compare the learning effects when using the FastPerson system versus
a standard video playback player.

e To evaluate the effectiveness of summarization using the FastPerson system
and its feature of switching between the summarized and original videos in
aiding understanding.

e To assess the usability and user satisfaction of the FastPerson interface.

4.4.1 Participants

Participants from diverse backgrounds were recruited through the crowdsourcing
platform Prolific. A total of 40 people participated in the study and were ran-
domly assigned to an intervention group that used FastPerson (19 participants)
or a control group that used a generic video player (21 participants).

The participants were selected based on their fluency in English and completion
of at least secondary education, because the videos were in English and the par-
ticipants needed to be able to understand the content of the videos. The partic-
ipants’ demographics (gender, age, educational background, etc.) were collected
as additional information to assess the effect of the experiment.

The participants comprised 23 males and 17 females, with an average age of 26.05
years (o = 7.05). Among the participants, 35, 35, 15, and 15% had a high school
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Figure 4.3: Correct answer rates for each question of the video.

diploma or GED, university bachelor’s degree (BA/BSc/other), technical school
or community college, and graduate degree (MA /MSc/MPhil/etc.), respectively.
A post-experiment questionnaire measured the participants’ prior knowledge of
the videos they watched on a 5-point scale (1 being “no prior knowledge” and 5
being “extensive knowledge”), and the results showed that, for the first video, the
intervention and control groups had means of 2.63 (¢ = 1.16) and 2.10 (o = 0.94),
respectively.

For the second video, the intervention and control groups had means of 1.32
(o = 0.58) and 1.38 (¢ = 0.59), respectively. A t-test between the two groups
revealed t-statistic values of 1.607 with a p-value of 0.116 and -0.351 with a p-
value of 0.727 for the first and second videos, with no statistically significant
difference between the two groups at the 0.05 level of significance.

Thus, there was no clear difference in prior knowledge between the two groups.
Further, the participants were motivated to achieve high scores because it was
clearly stated that those with the highest scores would receive a bonus reward.
All participants understood and agreed that the process was voluntary and that
they had the right to withdraw at any time.

4.4.2 Procedure

In this experiment, participants gathered through crowdsourcing were randomly
assigned to an intervention group using FastPerson and a control group that
used a general video player. Two videos were selected from Khan Academy, an
online learning service, for viewing, and the accompanying questions were used
to measure the learning effect of the videos.

To prevent the participants’ understanding of the videos from changing drastically
based on their prerequisite knowledge, we selected lecture videos with a level of
difficulty that could be understood from the video alone. The selected videos
were from the fields of biology and history, as shown in Table 4.1. The videos
were accompanied by questions used to assess the participants’ understanding of
their content.

Several questions for the first video could not be answered correctly without
looking at materials besides the video, and therefore, five questions excluding
these ones were used to check the participants’ understanding of the video. For
the second video, the four questions included in the video were used to assess
comprehension.

The first video is a lecture video that focuses on the speaker and visual elements,
while the second focuses on the board. The participants viewed these videos under
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Figure 4.4: Average video viewing time by viewing method.

their assigned condition and subsequently answered the accompanying questions.
The intervention group also completed an additional questionnaire about Fast-
Person. The experiment was conducted through Prolific, with a median working
time of 46 min and 26 s, and each participant was paid £7.

4.4.3 Evaluation of Learning Effectiveness

We analyzed the percentage of correct answers to questions about the videos and
the time taken to view the videos after watching the same two videos for the
control and the intervention groups to evaluate the learning effectiveness. The
right side of Figure 4.3 compares the average correct response rates for questions
related to Video 1 (“Q1”) and Video 2 (“Q27).

For Video 1, the correct answer rate for the control group (red bar) was 0.70 (o =
0.33) and that of intervention group (blue bar) was 0.71 (o = 0.42) while those
for Video 2 are 0.63 (o = 0.39) and 0.67 (o = 0.46), respectively. Therefore, there
is no clear difference in the percentage of correct answers between both groups.
In fact, a t-test between the two groups yields t-statistic values of 0.170 with a
p-value of 0.864 and 0.528 with a p-value of 0.598 for the first and second videos,
respectively, neither of which is statistically significant when the significance level
is set at 0.05.

Further, the percentage of correct answers for each question (left side of Fig-
ure 4.3) shows that the score for viewing on a general video player was higher
for question 1 of video 1 (Q1-1), while the score for viewing on FastPerson was
higher for question 3 of video 1 (Q1-3) and question 1 of video 2 (Q2-1).

Q1-1 is “What molecule, also called the biological blueprint for life, is found in
all living organisms?” and the correct answer is “DNA,” which is picked up as
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a keyword in the FastPerson summary, indicating that it is a keyword that “all
living organisms possess.” However, the percentage of correct answers is likely to
have decreased because of a lack of explanation of the term “biological blueprint
for life.”

Meanwhile, although Q1-3 and Q2-1 are adequately covered in both the simple
video playback and FastPerson, the topics of the other incorrect choices in the
question are relatively fewer in FastPerson. Therefore, users who watched Fast-
Person are not expected to select these incorrect choices, resulting in a higher
percentage of correct answers.

The time taken to watch the videos is summarized in Figure 4.4, where the
average time taken by users to watch Videos 1 and 2 was 1003 (¢ = 312) and
1352 (o0 = 270) s, respectively, using the regular video player. FastPerson, which
provides summary videos, took users an average of 469 (o = 424) and 634 (o =
496) s to watch Videos 1 and 2, respectively.

Using FastPerson reduced the viewing times for Videos 1 and 2 by 53.24 and
53.11%, respectively. A t-test between the two groups showed that the t-statistic
values for the first and second videos were 4.409, with a p-value of 1.063 - 1073,
and 5.281, with a p-value of 9.955 - 1075, respectively. Both differences were
statistically significant at p < 0.01.

Therefore, FastPerson reduced viewing time without a statistically significant dif-
ference in quiz-measured comprehension compared with the original-video condi-
tion. This 53% time reduction represents a significant improvement in time effi-
ciency, which has important implications especially for time-constrained learners.

4.4.4 Evaluation of User Experience

We conducted a questionnaire survey on the proposed method after 19 partici-
pants in the FastPerson intervention group finished learning from the videos to
evaluate the usability, learning effectiveness, and user experience of the system.
The survey included the following aspects:

1. Interface Usability
Q1: Was the system interface intuitive to use? (1: Very Difficult - 5: Very
Intuitive)

Q2: Was it easy to find the required information? (1: Very Difficult - 5:
Very Easy)

Q3: How was your experience of using the Summary and Original buttons?
(Open-ended Response)

Q4: What improvements would you suggest for the user interface design?
(Open-ended Response)
2. Learning Experience Satisfaction
Q5: Was learning with our system enjoyable? (1: Not Enjoyable At All -
5: Extremely Enjoyable)

Q6: Compared with regular video players, how satisfied are you with learn-
ing using our system? (1: Not Satisfied At All - 5: Extremely Satisfied)

Q7: How would you rate your learning experience with our system com-
pared to that with other methods? (Open-ended Response)

3. Usefulness of Summary and Original Videos
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Figure 4.5: Survey results on user experience.

Q8: Was the summarized video helpful in understanding the information?
(1: Not Helpful At All - 5: Extremely Helpful)

Q9: Was the feature to switch between the Original and Summary videos
useful? (1: Not Useful At All - 5: Extremely Useful)

Q10: How did you perceive the quality of the summarized videos? (Open-
ended Response)

4. Evaluation of Specific Features

Q11: Was it convenient to access specific video segments using thumbnails
and summary texts? (1: Not Convenient At All - 5: Extremely Con-
venient)

Q12: Was it easy to find information in the videos using the search window?
(1: Very Difficult - 5: Very Easy)

The questions included both numerical and open-ended questions, and the results
for the numerical questions are shown in Figure 4.5. For each question, the
percentage of users who responded to each of the five levels is presented as a bar
graph.

Evaluation of Interface Usability

The average rating was 3.89 (o = 1.20) for the question about the system’s ease
of use, especially intuitiveness (Q1). This indicates that, on average, the users
found the interface intuitive.

For the question about the ease of finding information in the system (Q2), the
average rating was 3.11 (o0 = 1.33). This rating reflects that users found it
moderately easy to find the required information. However, the relatively high
standard deviation highlights variation in the user experience.

The open-ended questions provided additional insights. For example, in terms
of the usability of the Summary and Original buttons, many participants stated
that they were “very easy to use and understand” and appreciated the usefulness
and convenience of switching between the different video modes (Q3). However,
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one user commented, “The interface is all over the place, and you have to spend
a lot of time to understand it.”

This suggests that there is room for improvement in the placement of buttons
and components. Suggestions for interface design improvements received a wide
range of responses (Q4). Although some participants felt that the humanization
of the summary descriptions and voice reading needed further improvements,
others called for improvements to the overall visual aspect of the site.

Evaluation of Learning Experience Satisfaction

A quantitative measure of the enjoyment of learning with FastPerson was ob-
tained with a mean rating of 3.00 (Q5). Although this rating indicates a moder-
ate level of enjoyment among users, the standard deviation of 1.29 suggests that
there is a wide range of variation in the participants’ experiences.

Next, we measured satisfaction with learning using FastPerson compared with a
regular video player and found a mean rating of 2.95 (o = 1.43) (Q6). This could
be attributed to some users preferring or being more familiar with traditional
video players.

In the qualitative feedback received through the open-ended question Q7, users
who rated their experience positively indicated that the features of FastPerson
that allowed them to quickly obtain the information they needed and the in-
teractive nature of the learning experience contributed to their enjoyment and
satisfaction.

Evaluation of the Usefulness of Summary Videos

The mean rating for the usefulness of the summary videos in understanding the
information was 3.42 (¢ = 1.61) (Q8). This rating indicates a moderately positive
acceptance of the effectiveness of the summary videos in conveying information.
Similarly, the average rating for the ability to switch between summary and
original video formats was 3.84 (o = 1.26) (Q9).

Users positively rated the ability to switch between in-depth and summary video
formats. In particular, 78% of FastPerson users rated the chapter-switching func-
tion as “useful” or “very useful.” This reports perceived usefulness; the study did
not separately test the feature’s causal effect on learning outcomes.

In the qualitative feedback (Q10), many users praised the concept of the sum-
mary videos, noting that they could help them quickly understand key concepts,
especially when reviewing a topic or when time is limited. However, they raised
concerns about the quality of the content in the summaries.

The main issues were related to the depth of content and the narration of the
summary video. The summaries were found to be useful; however, they sometimes
lacked sufficient detail to fully understand complex topics. In addition, several
users pointed out that the pronunciation of the words in the summary video was
different, confirming that the quality of the summary video could be improved
by using a more powerful speech synthesizer.

Evaluation of Specific Features

The ease of accessing video segments using thumbnails and summary text received
an average rating of 3.53 (o =1.50) (Q11). Similarly, the ease of retrieving
information in the video using the search window received an average rating of

3.47 (o =1.39) (Q12).
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These features are not unique to FastPerson; however, they are compatible with
the ability to switch between the summary and original videos. The majority of
users rated both the thumbnail and summary text as well as the ability to switch
between the original and summarized videos (average rating 3.84) as useful, which
indicates that presenting the user with both the summary video and summary
text, rather than just the summary text of the video, improves usability and
convenience.

4.5 Discussion

4.5.1 Advantages of FastPerson in Educational Content Summariza-
tion

FastPerson reduced video viewing time by 53%, with no statistically significant
difference in quiz-measured comprehension from the original-video condition. For
some questions related to important parts of the video, FastPerson produced a
higher percentage of correct answers than the original full-length video; for other
questions, the original-video condition performed better.

The ability to switch between summary and original video formats was particu-
larly appreciated by users, offering flexibility in learning and content consumption
that is not available in traditional methods. This feature allows learners to quickly
grasp essential concepts through summaries and delve into detailed explanations
as needed, thereby catering to diverse learning preferences and needs.

In addition, FastPerson’s use of visual elements synthesized with summarized
audio enhances the educational value of the content, making complex information
more accessible and engaging, especially for visual learners. The preservation of
the original speaker’s voice quality through voice cloning technology is also an
important advantage, minimizing cognitive load and maintaining continuity in
the learning experience.

4.5.2 Identified Limitations and Areas for Improvement

FastPerson has some limitations. For some questions, the percentage of correct
answers was higher when the original video was viewed, suggesting that informa-
tion may be missed in the summarized video. We believe that the system can
be improved by encouraging users to view the original video when information is
missing.

Further, users have also indicated that transitions between video segments are
not seamless and that the sound quality needs improvement. We anticipate that
these issues could be addressed by improving the implementation and replacing
it with a higher quality speech synthesis method. In particular, adopting the
latest neural voice cloning technology could potentially generate more natural
synthesized speech.

Other users also pointed out the need for a more intuitive user interface because
they found it difficult to understand the functionality of the various features. In
addition, we observed that some users prefer the original simple video playback
player, and we believe that simplifying the overall structure of FastPerson can
help improve user accessibility.

4.5.3 Technological Enhancements and Future Directions

FastPerson extracts visual elements to be synthesized with the summarized audio
from the original video. Using a text-to-video model, other methods can be
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employed to generate a video from the summarized text; Runway’s Gen-2 and
OpenAl’s Sora are possible candidates for these methods.

These methods focus on generating object-centered videos, and therefore, it cur-
rently requires more work to create lecture videos that are text-heavy and slide-
centered. However, it may be possible to create helpful summary videos for
generating lecture videos focused on some topics.

For example, if a lecture is centered around the intricacies of plant biology, a
text-to-video model could be used to generate video segments illustrating key
concepts such as photosynthesis, cellular structures of plants, or growth cycles.
This approach would not only make the content more accessible but also more
engaging for viewers, especially for visual learners.

Additionally, future developments should consider creating adaptive summariza-
tion systems that automatically adjust the level of detail in summaries based on
users’ learning history and comprehension levels. By analyzing user learning pat-
terns using machine learning and generating summaries optimized for individual
needs, more effective personalized learning could be achieved.

4.5.4 Broader Implications and Applications of FastPerson

The broader implications of FastPerson go beyond its immediate application in
educational video summarization. FastPerson has the potential to revolutionize
how we interact with a wide range of video content. For example, in professional
settings, FastPerson could be used to distill long training sessions or meetings into
concise summaries, allowing for efficient review and better time management.
Further, FastPerson has potential applications related to media consumption,
where users can quickly view news or entertainment highlights. In addition, its
application could extend to content creators and marketers, giving them a video
editing tool to create engaging, summarized versions of their content for better
audience engagement.

FastPerson’s adaptability could enable its integration into various platforms,
making information more accessible and digestible for a broader audience. In
particular, its application is expected in diverse fields such as news distribution,
corporate training, online education, and even the entertainment industry. This
new paradigm of “video-to-video summarization” could become a new standard
for efficient information consumption in the age of information overload.

4.6 Conclusion

This chapter has presented FastPerson, an innovative video summarization sys-
tem that addresses the challenge of enabling rapid comprehension of video content
using visual information in the Consume-Understand stages, which is one of the
three primary objectives of this thesis aimed at achieving time-efficient learn-
ing through audio and visual content under the AI-Guided Learning framework.
FastPerson demonstrates a novel approach to video summarization by compre-
hensively considering both visual and auditory information in lecture videos,
thereby enhancing the efficiency of the learning experience.

The key contributions of FastPerson are threefold. Firstly, it introduces a compre-
hensive video summarization method that generates summary videos reflecting
important information from both visual and audio elements of lecture videos.
Particularly, it establishes a new paradigm of “video-to-video summarization,”
preserving context and speaker characteristics that are often lost in conventional
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text-based summarization. Secondly, FastPerson presents a user-centered learn-
ing experience design that enables seamless switching between original and sum-
mary videos. Reproducing the original speaker’s voice through voice cloning
supports continuity between the two versions. Thirdly, the system demonstrates
empirically that it significantly reduces viewing time, with no statistically signif-
icant difference in quiz-measured comprehension from conventional playback.
The experimental results presented in this chapter provide evidence for the effi-
cacy of FastPerson. The evaluation experiments indicated no significant difference
in video comprehension when using FastPerson compared to conventional video
playback methods. Crucially, FastPerson reduced viewing time by approximately
53%. This substantial time saving, together with the absence of a statistically
significant quiz-score difference, indicates the system’s potential to enhance the
efficiency of video-based learning. Furthermore, 78% of FastPerson users rated
the ability to switch between summary and original videos as useful or very useful.
Despite these promising results, it is important to acknowledge the limitations of
the current implementation of FastPerson. The evaluation results indicate room
for improvement in terms of the depth of the summary content and the quality
of the audio in the generated summaries. These areas present opportunities for
future research and development. Additionally, further investigation is needed
to assess the long-term effects of using FastPerson on knowledge retention and
learning outcomes across various subject areas and learner demographics.
Looking ahead, FastPerson holds considerable promise for a variety of applica-
tions in educational technology and beyond. In the context of online learning
platforms and MOOC:s, it could significantly enhance the learning experience by
allowing students to quickly grasp the key points of lengthy lecture videos and
efficiently review course materials. In corporate training scenarios, FastPerson
could help employees quickly assimilate information from training videos, poten-
tially improving the efficiency of professional development programs.
Furthermore, the system’s approach to integrating visual and auditory informa-
tion could have applications in fields such as multimedia content analysis and
automated video captioning. In particular, the innovative approach of “video-to-
video summarization” could open new applications that were not possible with
conventional text-based summarization.

Within the broader scope of this thesis, FastPerson complements the other two
systems presented: AlxSpeed, which focuses on optimizing audio playback speed,
and Profy, which addresses efficient feedback systems for skill acquisition. While
AlxSpeed enhances the auditory aspect of content consumption and Profy fa-
cilitates interactive learning, FastPerson optimizes the visual component of ed-
ucational videos. Together, these three systems form a comprehensive approach
to enhancing time efficiency in learning through multimedia content, collectively
contributing to a more effective and personalized learning experience.

In conclusion, FastPerson represents an advancement in video summarization
technology and its application to educational contexts. By reducing viewing time
without a statistically significant difference in quiz-measured comprehension in
the present experiment, it addresses a critical challenge in the era of abundant
online video content. As research in this area continues to evolve, future work
should focus on refining the summary generation algorithms, improving the qual-
ity of synthesized audio, and exploring the integration of FastPerson with other
learning technologies.

Furthermore, longitudinal studies to assess the impact of FastPerson on long-term
learning outcomes and its effectiveness across different subject domains would
provide valuable insights. The findings from this research have the potential
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to reshape how we approach video-based learning and content consumption in
educational and professional settings, contributing to more efficient and effective
knowledge acquisition in our increasingly digital world.
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Chapter 5

Profy: Pronunciation Evaluation and
Visualization of Differences from Native
Speaker Groups Using Unannotated Audio
Data

5.1 Introduction

This chapter presents Profy, a skill acquisition feedback system in the Imitate
stage toward realizing AI-Guided Learning, the overall goal of this thesis. As
discussed in Chapter 1, it is difficult for learners to evaluate differences between
their own performance and expert models in imitation-based learning. Profy
addresses this challenge by learning a proficiency classifier from small amounts
of unannotated audio data and visualizing waveform regions emphasized by that
classifier.

The core innovation of Profy lies in its ability to learn a proficiency classifier end-
to-end without specific predefined rules or detailed annotations. While many
conventional CAPT (Computer-Assisted Pronunciation Training) systems use
detailed phoneme-level annotations or linguistic expertise, Profy learns a classi-
fier and visualizes model-emphasized regions from small amounts of unannotated
data. Pronunciation proficiency is a cornerstone of effective communication in a
foreign language, yet it remains one of the most challenging aspects for learners
in online environments due to the lack of scalable, individualized feedback [159].
Profy specifically targets this bottleneck within the broader scope of Al-Guided
Learning. By enabling data-driven assessment and detailed feedback on pronun-
ciation, Profy aims to make the skill acquisition phase of language learning more
efficient and effective, thereby contributing to the overall goal of optimizing online
learning experiences. The “proficiency” learned by Profy primarily refers to the
acoustic characteristics that distinguish native-like speech from beginner speech
in the context of target utterance repetition, rather than evaluating the semantic
content or the pedagogical clarity of, for instance, a lecturer’s intentional slow
speech, which might be a consideration for systems like AlxSpeed.

Importantly, Profy’s methodology may extend beyond pronunciation learning.
The framework of learning proficiency from data and visualizing model-emphasized
regions could be investigated for skills acquired through imitating expert perfor-
mance, such as sports form correction, musical instrument instruction, and pro-
fessional skill acquisition. This chapter evaluates pronunciation only; transfer to
other domains remains future work.

Learning a non-native language presents numerous challenges, particularly in the
domain of speaking proficiency. The acquisition of proper pronunciation is a
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critical aspect of language learning, as it significantly impacts communication
effectiveness and overall language competence. Traditional methods of pronun-
ciation instruction often rely heavily on direct feedback from native speakers or
language experts. However, this approach is limited by the availability of such
experts and the time-intensive nature of individual feedback sessions.

To address these limitations, there has been a growing interest in the develop-
ment of Computer-Assisted Pronunciation Training (CAPT) systems. Existing
CAPT systems have made significant strides in automating pronunciation feed-
back. These systems typically compare the user’s speech with that of a specific
native speaker as a model, analyzing units of rhythm, phonemes, or words to
calculate differences [200, 106, 146].

While effective, these approaches face several limitations. Firstly, they often
require extensive speech data with detailed annotations, which can be costly and
time-consuming to produce. Secondly, many systems are limited to comparisons
with a single specific native speaker, potentially narrowing the range of acceptable
pronunciations. Thirdly, the development of such systems for new languages or
dialects can be challenging due to the need for specialized linguistic expertise and
resources.

To address these challenges, this chapter introduces Profy, a language learning
support system that calculates model-derived speech scores from a small amount
of unannotated speech data without comparison to a specific person. Profy dis-
plays a proficiency score, classifier-emphasized waveform regions, and distances
between learner speech and a group-level native-speech representation.

This approach lets learners compare how the model-derived score, highlighted
regions, and distance change across repeated attempts. The attention mecha-
nism highlights regions that contributed to the classifier output, providing more
localized information than an overall score; it does not by itself establish that a
region is a phonetic error or explain how to correct it.

The key contributions of Profy are threefold:

1. A technical framework for assessing learners’ speech proficiency using unan-
notated speech data. It (a) learns to distinguish acoustic patterns in na-
tive and learner speech for specific utterances in an end-to-end, data-driven
manner, without explicit rules for each target phoneme or prosodic element,
and (b) visualizes classifier-emphasized regions through an attention mech-
anism, moving beyond a holistic score while not claiming phonetic error
diagnosis.

2. A language learning support system for non-native English speakers that
lets learners inspect how model-derived waveform highlights and latent-
space distances change across repeated attempts.

3. Empirical evidence from a user study in which the Profy condition showed
a larger observed intelligibility improvement than elicited imitation (EI),
with non-overlapping pre- and post-practice confidence intervals within the
Profy condition.

These contributions address pronunciation-learning feedback within the broader
objectives of this thesis. The present chapter does not measure practice-time
efficiency or establish generalization to imitation tasks beyond pronunciation.

The remainder of this chapter is organized as follows: Section 5.2 provides an
overview of related work in Computer-Assisted Language Learning (CALL) and
pronunciation assessment. Section 5.3 details the design and implementation of
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Figure 5.1: Profy architecture: Overview of the system’s components and data
flow.

the Profy system. Section 5.4 presents the evaluation methodology and experi-
mental setup. Section 5.5 discusses the results of the user study and their impli-
cations. Finally, Section 5.6 concludes the chapter with a summary of findings
and directions for future research.

By addressing feedback in the Imitate stage, Profy complements AlxSpeed (fo-
cused on the Consume stage for audio) and FastPerson (focused on the Consume
and Understand stages for video) presented in the previous chapters. Together,
these three systems instantiate the proposed AI-Guided Learning framework.
Profy’s contribution is a scalable, model-derived mechanism for skill practice.
This chapter details Profy’s methodology, implementation, pronunciation evalu-
ation, and possible—but not yet evaluated—extensions to other imitation-based
skills.

5.2 System Design

5.2.1 Overview

Profy has three main functions:
e Pronunciation Score: a measure of how well the user speaks.

e Difference: different positions of the user’s speech and a model’s speech on
the waveform.

e Distance: two points on the two-dimensional coordinates that indicate how
far the user’s speech is from the model’s speech.

The proposed system uses mainly deep neural network techniques to achieve these
functions, as shown in Figure 5.1. If the speech dataset contains values such as
proficiency, difference, and distance as annotations, then a simple supervised
classifier can be trained to build a model that finds these values in the user’s
speech.

However, such annotated data must usually be manually created, which is ex-
pensive. To address this problem, our system was designed to find the three
desired values only from raw (unannotated) speech data from non-native and
native speakers of the target language.

70



Non-native Native

|mmmmmmemcemmmmm—=== speaker speaker
) \/
[ T K-means T ] [ Classifier J
i i f
B B = ( —— —

LSTM )

A v

Self-supervised model Supervised classification model

Figure 5.2: Profy pronunciation score determination: Process of classifying
speech data and calculating proficiency value.

As shown in Figure 5.1, the pronunciation score is calculated using the classifica-
tion of the unannotated data, the difference is calculated using attention, and the
distance is calculated using metric learning. A further problem is the difficulty
of collecting speech data from non-native speakers.

In contrast, speech data from native speakers can be easily collected from various
sources, such as the radio, TV, and video streaming services [8, 136, 213]. For
this reason, the system was designed to effectively use large amounts of data from
native speakers using self-supervised learning so that it does not need to collect
large amounts of speech data from non-native speakers.

The technical challenges in designing this system are:

TP1 We need to train a deep learning model with minimal speech data from
non-native speakers.

TP2 We need to obtain the desired values from speech data without human
evaluation annotations.

5.2.2 Pronunciation Score

As shown in Figure 5.2, the model for calculating the pronunciation score of a
user’s speech is trained to classify speech data from non-native and native speak-
ers of the target language. Importantly, this model learns the abstract concept of
proficiency from data without predefined rules. In this context, proficiency refers
to the learnable acoustic and temporal patterns that statistically differentiate
native speaker utterances from those of non-native speakers for a given phrase,
rather than relying on explicit phonetic correctness rules or subjective perceptual
judgments of clarity alone. The model aims to capture a holistic set of features
that characterize well-formed target language pronunciation as exemplified by a
group of native speakers.

The model consists of an LSTM and a linear classifier for learning temporal
features of speech.

The linear classifier uses the LSTM’s hidden states H = [hy, ha, ..., hr] as input:
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s =W Ha + b
p(y | X) = softmax (s),
§ = argmaxp(y | X),

where W) and b(%) are trained parameters, and « is the attention weight intro-
duced in Section 5.2.3.

Subsequently, the calibrated value [130] that brings the output value of the model
closer to the probability of belonging to each class is used as the proficiency value.
Here, as shown in TP1, the problem of insufficient training data for the classes of
non-native speakers arises. Recently, self-supervised learning, a method in which
the model provides teacher labels even if the data do not have them, has been
actively studied [164, 13, 109].

Training such a model on a large amount of unlabeled data and fine-tuning it
with a small amount of labeled data is known to effectively perform downstream
tasks [209]. In our system, a self-supervised learning model is trained on a large
amount of unlabeled speech data from native speakers, and then a binary classifier
is trained on a small amount of labeled speech data from native and non-native
speakers.

We use HuBERT [80] as a self-supervised model for training with a large amount
of speech data from native speakers, obtaining latent representations Z from the
input speech X.

Then, the time series data [2].;;, 2}, .90 - - - » 274 1.7) Obtained by combining the
representations Z at each step k are fed into the LSTM.

5.2.3 Difference

Suppose that the non-native speakers’ speech data have human-rated labels in-
dicating which parts of the speech differ from that of native speakers. In this
case, we can train a supervised learning model that inputs the speech data and
outputs the parts that differ from the native speakers’ speech.

However, as stated in TP2, such labeled data were not available for this study.
Therefore, our system uses an attention mechanism to localize regions that con-
tribute to classification from unannotated speech data. These regions are model-
derived and were not independently validated as phonetic error locations.
Attention has been successfully used in various tasks, such as question answering,
machine translation, and speech recognition [14, 39, 72], to improve model perfor-
mance and the interpretability of deep learning models. Specifically, it visualizes
where in the data the model focuses its attention when performing a particular
task. The core idea is that if the classifier (trained as described in Section 5.2.2)
deems an utterance as “non-native” or “less proficient,” the attention weights
will highlight the specific time-frames in the input speech that contributed most
to this classification. These highlighted segments are interpreted as the regions
where the learner’s pronunciation deviates most significantly from the learned
patterns of native speech.

As shown in Figure 5.3, we apply this mechanism to the classifier to determine
the parts of the data on which the classifier focuses when it determines that the
learner is not sufficiently proficient. The attention weight «, which indicates the
importance of the time-series feature, is calculated as follows:
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e = tanh(W*LH) (5.4)
o = softmax(1W*4%e) (5.5)

where W41 and W42 are trained parameters. The weight o takes the value
[0,1] € R. This value is standardized, and the waveform in the corresponding
area is displayed in red when it exceeds a certain threshold.

The color is darker in segments that require greater attention to encourage the
user to focus on them.

5.2.4 Distance

Before calculating the speech distance between the user and the native speakers,
it is necessary to design an optimal distance function to measure it. One of the
main approaches to learning the distance between data is triplet loss [75].
Triplet loss is learned using the following three types of speech data, as shown in
Figure 5.4:

e Anchor: speech data from a non-native speaker.
e Positive: speech data from a non-native speaker different from anchor.
e Negative: speech data from a native speaker.

In obtaining the distance function, the distance from the anchor data to the
positive data (d,p) is trained to be smaller, while the distance from the anchor
data to the negative data (dg,) is trained to be larger:

Ltriplet = [dap — dan + m]+ » (56)

where m is the margin—that is, the desired difference between the anchor-positive
and anchor-negative distances.

The learned distance function is then used to calculate the two-dimensional vector
difference between the user’s speech data and the native speaker’s speech data.
In this case, the latter are the average of the native speaker’s speech included
in the data. Finally, the user’s and native speaker’s speech data are represented
as points on the two-dimensional coordinates, with the native speaker’s point
at the center (Figure 5.4). The axes of this learned two-dimensional space are
not assigned specific phonetic or acoustic meanings. The visualization therefore
indicates relative proximity to or divergence from the average native-speaker rep-
resentation, rather than explaining which articulatory change a learner should
make.

For metric learning, we use a linear layer with 512 hidden units and an LSTM
with 128-dimensional hidden states.

In this way, the distance can be automatically calculated from the raw speech
data, even if the data do not include a detailed human evaluation of how the
native and non-native speech data differ, which is the challenge described in
TP2.
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Figure 5.3: Profy difference visualization: Method for highlighting parts of speech
that differ from native speakers.

5.3 [English Learning Application

5.3.1 Implementation

We developed a prototype Profy application to support Japanese people in learn-
ing to speak American English. The model speakers are native speakers of stan-
dard American English as defined in [61]. Two datasets were used to create this
prototype.

One was LibriSpeech (960 h) [136], which was used as a large unlabeled dataset
of English speech to train HuBERT. LibriSpeech consists of audiobook readings.
The other was UME-ERJ [122], a database of English texts read by Japanese
students and native speakers of standard American English, which was used as a
small amount of labeled speech data. UME-ERJ contains 806 sentences spoken
by 202 Japanese and 20 American speakers. This dataset was used to train the
classifier.

All audio files in the two datasets were standardized to a single-channel 16000
Hz format and aligned to 4 s in length.

We trained the model with HuBERT using the LibriSpeech data to obtain com-
mon speech features in English.

The attention layer used to visualize the differences was a 32-dimensional hid-
den layer. We used LSTM with 128-dimensional hidden layers and a linear layer
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Figure 5.4: Profy distance visualization: Representation of speech data in two-
dimensional space using triplet loss.

with 512 hidden layers for metric learning for distance visualization. We used
Dropout [177] to train these models with a probability of 0.5 to suppress overfit-
ting.

Since UME-ERJ is unbalanced, containing more speech data from Japanese than
from American English speakers, we used focal loss [108] as an error function to
reduce the effect of the imbalance.

The optimization algorithm used Adam [99], with a batch size of 32 and a learning
rate of 107

We also augmented the data to make them more tolerant of noise and to compen-
sate for the scarcity of data. The data augmentation included adding Gaussian
noise in the background, randomly increasing or decreasing the audio volume,
randomly shifting the pitch, and silencing randomly selected audio parts.

These deep models were implemented using PyTorch [139] as the backend and
an NVIDIA GeForce 1080Ti GPU. We then made it into a web application based
on Flask, a microweb framework written in Python.

5.3.2 Interface

Figure 5.5 shows the Profy interface. The system displays the target sentence
that the user is about to learn to utter (1) and the model speech (2). By playing
back (2), the user can listen to the correct pronunciation of the target sentence.
The user can input his/her speech into the system using the button (3). The
Pause button can be used to interrupt the input. After the user has finished
inputting his/her speech, the Analyze button is used to analyze it.
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Figure 5.5: Profy user interface: Layout and components of the application’s
main screen.

When the Analyze button is pressed, the degree of nativeness of the user’s speech
(@ and the difference () and distance (6) between the model speech and the user’s
speech are displayed. The difference is displayed in red on the waveform. The red
area is the part that differs from the model speech, and the larger the difference,
the darker the color.

The distance is displayed as two points on two-dimensional coordinates. The
red point is the model’s speech, and the blue point is the user’s speech. The
closer these points are, the closer the user’s speech is to the model speech. This
visual representation allows learners to intuitively understand the degree of their
improvement.

5.3.3 Learning Process

Here, we describe how a user can interact with the application to practice speak-
ing the target language. The user’s practice process is shown in Figure 5.6.

The user speaks given sentences into the system. Then, the system evaluates the
user’s utterance, gives a numerical value for the user’s pronunciation score, and
visually shows the difference and distance from the model utterance. The user
repeatedly modifies his or her speech until the pronunciation score is satisfactory.
By repeating the sentence, the user can compare changes in the displayed dif-
ference and distance. The waveform highlights localize regions emphasized by
the classifier, but do not by themselves identify the phonetic cause or prescribe
a correction.

Eliminating the difference

Figure 5.6 (upper panel) shows how the difference between the user’s speech and
the model’s speech is eliminated as the user repeatedly modifies his or her speech.
In the waveform of the user’s speech shown in the figure, the parts that differ
from the model speech are indicated in red.

When the user first speaks the sentence “This was easy for us,” the system
highlights regions corresponding to “this,” “eas,” and “for” ((2)). After the user
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Figure 5.6: Examples of Profy interactions: Demonstration of eliminating differ-
ences and shortening distances in user speech.

repeats the sentence, the highlights corresponding to “eas” and “for” disappear
(®).

Finally, after another repetition, the remaining highlight corresponding to “this”
also disappears, as shown in (¢).

Shortening the distance

Figure 5.6 (lower panel) shows how the distance between the user’s speech and
the model’s speech decreases as the user repeatedly revises his or her speech.
The model speech and the learner’s speech are represented by dots in a two-
dimensional coordinate space.

The red dots represent the model speech, and the blue dots represent the learner’s
speech. The greater the distance between the dots, the more the user’s speech
differs from the model speech. The user changes the pronunciation so that the
distance between these points becomes shorter.

If the user’s dot moves closer to the model-speech dot across repetitions, the
displayed model-derived distance decreases ((@—®) and (@—(e)). If it moves
elsewhere, the distance representation changes in another direction ((&)—());
the axes do not by themselves determine whether a phonetic change is correct.
The visualization lets the user observe whether successive attempts move closer to
the model point, although the coordinate axes themselves do not identify which
phonetic feature changed.

5.4 Evaluation

We conducted a user study to evaluate the learning effectiveness of speaking
practice using Profy. We examined whether the prototype application helped
Japanese learners improve their English pronunciation. Ten individuals aged
24-35 years participated in the experiment.

5.4.1 Procedure

This experiment compared Profy with elicited imitation (EI), a method of learn-
ing speaking by having the user listen to a model speech and imitate it several
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Figure 5.7: Comparison of post-practice intelligibility gains for users of Profy and
standard EI method.

times. On the other hand, practice using our system provides feedback on the
user’s pronunciation score and difference and distance from model speech to help
the user modify his or her speech accordingly.

Each participant was presented with 10 sentences from TIMIT [60], a major
English speech corpus, and learned to speak half of them using EI and the other
half using Profy’s method. To ensure that the effect estimation would not be
affected by the level of difficulty, the sentences were divided into five-sentence
sets A and B; half of the participants learned set A using Profy, and the other
half learned set B using Profy.

During the experiment, all participants’ utterances were recorded, and the first
and last utterances of each sentence were used to estimate the learning effect.
Once the participants had completed the speaking practice with both methods,
a brief questionnaire was administered regarding their user experiences.

5.4.2 Results
Learning Effect

To compare the effectiveness of Profy with that of the standard EI method, we
presented five American raters with two sets of pre- and post-practice sentence
pairs and asked them to judge which sentence was more intelligible. The raters
were blinded to the pre- and post-practice sentences.

The experimental results are shown in Figure 5.7. The y-axis indicates the per-
centage of the user’s speech judged to be more intelligible when compared before
and after learning. The sentences practiced using both Profy and EI were found
more intelligible than the pre-practice sentences.

However, the sentences practiced using Profy showed a larger observed improve-
ment in intelligibility than those practiced using EI.

Furthermore, unlike EI, Profy had non-overlapping pre- and post-practice confi-
dence intervals. The source paper did not report a direct paired significance test
for this comparison.

User Experience and Questionnaires

After the experiment, we conducted questionnaires with the following Likert scale
questions about the Profy:
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Figure 5.8: Questionnaire results: User feedback on Profy’s ease of use and
helpfulness of features.

Q1 I found it easy to use Profy.

Q2 I found the display of pronunciation score helpful.
Q3 I found the display of difference helpful.

Q4 I found the display of distance helpful.

For each question, we asked respondents to rate on a five-point scale of strongly
agree, agree, neutral, disagree and strongly disagree. The questionnaire results
are shown in Figure 5.8.

All participants found the proposed system easy to use ( “agree” / “strongly agree”).
Moreover, all participants found the presentation of the pronunciation score help-
ful.

On the other hand, while the majority found the presentation of differences and
distances useful, some answered “neutral” or “disagree” (one and two, respec-
tively).

In summary, useful features in Profy’s functional assessment are pronunciation
scores, differences, and distance, in that order. This result shows that learners
evaluate feedback in order from the most intuitively understandable.

5.5 Discussion

5.5.1 Effectiveness of Data-Driven Proficiency Learning

One of Profy’s technical contributions is learning a proficiency classifier end-
to-end. Unlike approaches that rely on phoneme-level annotations and explicit
linguistic rules, Profy trains from unannotated utterance-level data.

This design may reduce annotation requirements, but the present study did not
test adaptation to new languages, dialects, or non-speech imitation tasks. Such
transfer requires new data, models, and domain-specific validation.

The visualization of classifier-emphasized regions through an attention mech-
anism also sets Profy apart from overall-score-only feedback. It shows which
regions contributed to the model’s judgment, while not identifying their phonetic
cause.
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5.5.2 Limitations and Future Improvements

The current implementation has several limitations. First, distance visualization
is difficult for some users to understand. Because the axes of the learned two-
dimensional coordinates do not have directly interpretable acoustic meanings, the
visualization does not by itself explain how to correct an error.

Second, the system is currently limited to feedback at the single sentence level. In
actual conversation, prosodic features at larger units such as intonation, rhythm,
and stress are also important. In the future, it will be necessary to extend to a
feedback system that also considers these suprasegmental features.

Third, the current system only works with recorded audio and cannot provide
real-time feedback. By utilizing edge computing on mobile devices, real-time
feedback could be enabled, providing a more natural learning experience.
Fourthly, and perhaps most significantly from a pedagogical standpoint, Profy
highlights classifier-relevant regions and displays an abstract acoustic distance,
but it does not validate those regions as phonetic errors or provide guidance on
how to correct them. The learner is still responsible for interpreting the display
and deducing any articulatory adjustment. Future work should critically explore
validating the highlighted regions and integrating corrective actions, for exam-
ple by retrieving relevant native-speaker examples, linking to targeted phonetic
exercises, or generating minimal pairs.

5.5.3 Relation to Existing Language Learning Tools and CAPT Sys-
tems

When comparing Profy to established language learning applications like Duolingo
or Babbel, or other research-based CAPT systems, several distinctions and po-
tential synergies emerge. Many commercial platforms (e.g., Duolingo, Busuu)
offer comprehensive, gamified curricula covering various language skills (vocab-
ulary, grammar, listening, speaking). Their pronunciation feedback, if available,
often relies on ASR to provide a general correctness score for an utterance or
identifies very coarse-grained errors at the word level, rather than pinpointing
specific phonetic deviations within a word. While effective for motivation and
broad practice, this level of feedback may be insufficient for learners seeking to
refine specific aspects of their pronunciation.

Specialized CAPT systems often provide more detailed phonetic analysis (e.g.,
based on Goodness of Pronunciation (GOP) scores derived from forced alignment,
or analysis of specific acoustic features like formants or pitch contours) [200, 106].
However, these systems frequently require: (a) accurately transcribed speech, (b)
detailed annotations of target pronunciations, often at the phoneme level, (c) pre-
defined linguistic rules for error detection, or (d) a single, reference native speaker
model, which may not capture the natural variability in pronunciation.

Profy’s approach offers several differentiating factors in this landscape:

e Data-Driven Proficiency Learning from Largely Unannotated Data:
Profy learns the characteristics of proficient speech directly from audio ex-
amples of native speakers and contrasts them with learner speech, min-
imizing the need for extensive manual annotation or explicit rule-setting
for every possible mispronunciation. This is particularly advantageous for
scalability and adaptation to different languages or dialects.

e Localized Visualization of Classifier-Relevant Regions: The attention-
based waveform highlighting shows which segments of an utterance con-
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tributed most to its classification as non-native-like. This is more localized
than an overall score, but is not a phonetic error diagnosis.

e Learning from a Group of Native Speakers: By training on data from
multiple native speakers, Profy has the potential to learn a more robust
and representative model of target pronunciation, implicitly accommodat-
ing natural variations (although the current “Distance” visualization uses
an average native representation as a target).

It is important to acknowledge that Profy, in its current form, is a specialized
tool focused on model-derived feedback for relatively short, isolated utterances.
It does not offer a complete language learning curriculum, personalized learning
paths, or the gamification elements found in many commercial applications. A
promising avenue for future work lies in integrating Profy’s feedback mechanisms
into broader language learning platforms after further validation.

5.5.4 Broader Applications Beyond Language Learning

The Profy framework suggests possible future research on other skills acquired
by imitating expert performance. For example, related models might compare
musical performances or movement data from experts and learners.

In sports or professional training, such systems would require domain-specific
representations, labels or evaluation criteria, and user studies before claims about
corrective feedback or learning effectiveness could be made.

The current pronunciation study supplies no evidence for effectiveness in mu-
sic, sports, surgery, or other professional skills; these are examples of research
directions only.

A transferable design principle is learning a performance classifier from examples
rather than encoding every rule manually, while still requiring expert validation
of what the learned representation means in each domain.

5.6 Conclusion

This chapter has presented Profy, a language learning support system that ad-
dresses the challenge of providing scalable feedback for learner skill assessment
in the Imitate stage of the AI-Guided Learning framework. Profy uses deep
learning-based speech processing to provide model-derived visual feedback on
pronunciation; whether this improves the efficiency of skill acquisition requires
further evaluation.

The key contributions of Profy are threefold. Firstly, it introduces a technical
framework for assessing learners’ speech proficiency and visualizing classifier-
emphasized regions using unannotated speech data without comparison to a spe-
cific native speaker. Particularly important is that it learns a proficiency classifier
end-to-end and localizes regions that influence the classifier output.

Secondly, Profy presents a language learning support system for non-native En-
glish speakers that provides visual feedback on pronunciation. By highlighting
classifier-emphasized waveform regions and visualizing distances in latent space,
it provides more localized model-derived information than systems that present
only an overall score.

Thirdly, the user study with Japanese learners of English showed a larger observed
intelligibility improvement for Profy than for conventional Elicited Imitation (EI).
Unlike EI, the pre- and post-practice confidence intervals did not overlap for
Profy.
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Despite these promising results, it is important to acknowledge the limitations
of the current implementation of Profy. The system’s performance may vary
depending on factors such as the linguistic distance between the learner’s native
language and the target language, the diversity of accents represented in the
model speech data, and the complexity of the practiced sentences.

Looking ahead, Profy holds considerable promise for applications beyond lan-
guage learning. The core concept of learning proficiency from data and visual-
izing model-emphasized regions could be adapted to support skill acquisition in
fields such as sports, music, and professional training, subject to domain-specific
validation.

For instance, future systems could analyze an athlete’s movements or compare
musical performances with expert examples. These examples illustrate possible
extensions; the present study does not provide evidence that Profy’s framework
generalizes beyond pronunciation.

Within the broader scope of this thesis, Profy complements the other two sys-
tems presented: AIxSpeed, which focuses on optimizing audio playback speed,
and FastPerson, which addresses rapid comprehension of video content. While
AlxSpeed and FastPerson enhance the efficiency of content consumption, Profy
optimizes the process of skill acquisition and feedback. Together, these three
systems form a comprehensive approach to enhancing time efficiency in learn-
ing through multimedia content, collectively contributing to a more effective and
personalized learning experience across various stages of the learning process.
In conclusion, Profy represents a significant advancement in the field of computer-
assisted language learning and, more broadly, in the development of efficient skill
acquisition support systems. By enabling learners to receive immediate, visual
feedback on their pronunciation without the need for constant expert supervision,
it addresses a critical challenge in language education and opens new possibilities
for self-directed learning.

As research in this area continues to evolve, future work should focus on expand-
ing the system’s capabilities to cover more aspects of language learning, such
as grammar and vocabulary acquisition, and exploring its application in other
skill domains. Crucially, enhancing the feedback to include guidance on how to
correct identified errors, alongside exploring pathways for practical deployment
in educational settings and addressing associated pedagogical and logistical con-
siderations, will be vital steps towards realizing Profy’s full potential. Further-
more, integrating Profy with other learning technologies, such as virtual reality
or augmented reality, could potentially create even more immersive and effective
learning experiences.

The insights gained from this research have the potential to reshape how we
approach skill acquisition in educational and professional settings, contributing
to more efficient and effective learning methods in our increasingly digital and
globally connected world. In particular, the approach of learning proficiency in
a data-driven manner holds the potential to become a new design principle for
imitation learning support systems in various fields.
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Chapter 6

Discussion

6.1 Chapter Overview

This chapter synthesizes how the three systems—AlIxSpeed, FastPerson, and
Profy—collectively instantiate the Consume-Understand-Imitate (CUI) frame-
work for audio-visual learning. We first provide a brief recap of CUI and the
role of each system, then position the work within established learning theories.
We next discuss how the systems complement one another, examine limitations
and open questions, and conclude with a vision-driven trajectory that extends
beyond the three prototypes.

6.2 Brief Recap: CUI and the Three Systems

In this dissertation, CUI denotes a process model tailored to audio-visual learning:
(i) Consume—efficient access to content; (ii) Understand—deep comprehension
of multimodal material; and (iii) Imitate—practice with feedback for skill acqui-
sition. AlIxSpeed supports efficient consumption (and early understanding) by
adaptively adjusting playback speed based on acoustic features. FastPerson sup-
ports understanding by integrating linguistic and visual cues and providing sum-
maries that preserve the speaker’s voice and context. Profy supports imitation
by analyzing performance against model patterns and providing model-derived,
localized feedback for practice.

6.3 Positioning in the Learning Sciences

We position the work within the learning sciences by relating CUI to established
models and clarifying its scope for audio-visual learning.

Relation to established models. CUI partially aligns with (a) Kolb’s experien-
tial cycle [100] (Consume <> concrete experience; Understand <« reflection and
conceptualization; Imitate <> active experimentation), while recognizing Kolb’s
cyclic nature (learners may move back and forth) and individual differences; (b)
Bloom’s revised taxonomy [6], which is two-dimensional (knowledge X cognitive
process) rather than a strict linear hierarchy, consistent with CUT’s cyclic use;
and (c) ICAP [36], which classifies engagement by visible learner behaviors (e.g.,
notetaking, summarizing, self-explanation, interaction). Our systems may help
shifts from Passive to Active, and in some uses toward Constructive, when such
generative behaviors are present. Support for fully Interactive learning is limited
and remains an avenue for future work.

This work reinterprets general learning theories for the characteristics of audio-visual
media and offers practical system design choices addressing challenges such as
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temporal inefficiency, multimodal integration, and feedback scarcity. Whereas
prior theory emphasizes describing cognitive processes, this research materializes
learning support as implementable systems.

6.4 Synthesis: How the Systems Work Together

The three systems are designed to be complementary along the Consume — Un-
derstand — Imitate flow. A typical workflow is to summarize a long lecture with
FastPerson (with seamless access back to details), use AlxSpeed to increase lis-
tening efficiency, and then connect to practice with Profy using model-derived
feedback. Together they support an end-to-end learner workflow; understanding
potential synergies and trade-offs (e.g., cognitive load, controllability) requires
further empirical study.

Furthermore, this research can be situated with respect to Chi and Wylie’s ICAP
framework [36] (Passive, Active, Constructive, Interactive). Because ICAP is de-
fined by visible learner behaviors, AlxSpeed and FastPerson may support Pas-
sive = Active shifts when learners engage in generative actions (e.g., notetaking,
summarizing, self-explanation), and Profy may prompt Constructive activity via
feedback on learner productions. Support for the Interactive level (collaborative
knowledge construction) is limited and remains future work.

6.5 Redefining Learning in the Digital Age: Learner Autonomy
and the AI-Guided Consume—-Understand—Imitate Frame-
work

The AI-Guided Learning framework proposed in this research goes beyond sys-
tem design considerations to discuss fundamental questions about the nature of
learning. The long-standing idea of widening learner autonomy and access (e.g.,
“learning webs” [82]) gains new practical avenues through AI. This section de-
scribes how the Consume—Understand—Imitate (CUI) cycle and the three systems
—AlxSpeed, FastPerson, and Profy—address challenges such as the inefficiency
of long-form content, the difficulty of understanding multimodal information,
and the lack of feedback in imitation-based learning, thereby supporting learner
autonomy and broadening access to expert-like guidance.

The traditional school system has been described as potentially commodifying
knowledge and transforming learning into an act of consumption, thereby con-
straining spontaneous learning capacities. In contrast, concepts like “learning
webs” proposed networks where learners could access knowledge resources based
on their interests, meet peers, and learn from experts. The AI-Guided Learning
and CUI framework in this research can be positioned as a reinterpretation of this
vision for the digital age, implemented as a concrete set of technological systems
aiming to solve challenges specific to audio-visual learning. AIxSpeed supports
efficient information intake (Consume), FastPerson facilitates deep multimodal
understanding (Understand), and Profy aids in the imitation and refinement of
practical skills (Imitate), thereby strengthening the entire learning cycle.

This research aims not only to technically realize this vision but also to open new
theoretical horizons. First, AI-Guided Learning introduces “autonomous learning
orchestration.” This refers to Al’s ability to understand learner needs, progress,
and context, and dynamically adjust optimal learning paths or information pre-
sentation. In this work, orchestration is framed as supportive of self-regulated
learning (SRL): goal setting, monitoring, and evaluation remain learner-led, with
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AT assisting rather than replacing metacognitive control. For instance, AlxSpeed
adjusts playback speed based on estimated listening difficulty from acoustic fea-
tures, attempting to reduce the cognitive load learners would otherwise expend
on manual speed adjustments. This capability, viewed through the lens of dis-
tributed cognition theory and the extended mind thesis, suggests that learning
processes unfold across the entire human-Al-environment interaction, extending
beyond individual cognition [81, 40].

Second, this research suggests the potential for “predictive learning support.”
AlI-Guided Learning, beyond responding to explicit learner requests, can pre-
dict implicit needs from behavioral patterns and content characteristics, offering
proactive support. The automatic extraction of important segments in FastPer-
son, or the presentation of differences from expert models in Profy, can serve as
support before learners even identify a problem themselves. This extends self-
regulated learning theory, enabling Al to assist with parts of the metacognitive
process, thereby allowing learners to focus on higher-order thinking [220].
Third, the three systems—AlIxSpeed, FastPerson, and Profy—each aim to re-
duce common constraints in audio-visual learning. AlxSpeed addresses time
constraints by adjusting redundant or difficult-to-hear segments. FastPerson ad-
dresses information overload and comprehension constraints through efficient pre-
sentation of multimodal information. Profy addresses constraints of expert access
and self-assessment by providing automated, model-derived feedback. These are
intended to function not merely as efficiency tools but as instruments that reduce
common constraints on audio-visual learning, enabling learners to proactively de-
sign their own learning processes.

The potential for these systems to reconstruct power relationships in learning is
also noteworthy. In traditional education, teachers and institutions often func-
tioned as gatekeepers of knowledge. Al-Guided Learning aims to alter this struc-
ture, supporting learners in becoming architects of their own learning. This
resonates with the principles of critical pedagogy, which repositions learners not
as passive recipients of knowledge but as active knowledge constructors [58].

6.6 The Synthesis of Human and Machine Intelligence in the
CUI Cycle

Al-Guided Learning reframes the human—AlI relationship from a unidirectional
teacher—student framework to one of collaborative intelligence. In this paradigm,
AT does not unilaterally transmit knowledge but functions as a cognitive partner
that augments learners’ abilities and helps optimize processes at each stage of
the CUI cycle.

This concept can be understood in the context of post-humanist pedagogy, par-
ticularly in relation to the notion of “entanglement” [18]. In AI-Guided Learning,
humans and Al are not viewed as separate entities interacting, but as mutually
influencing beings that jointly constitute the phenomenon of learning. Learning
does not occur solely within the human or the Al but emerges from the dynamic
relationship between them.

The three systems developed realize this collaborative intelligence within the CUI
cycle in distinct ways. In the Consume and initial Understand stages, AlxSpeed
utilizes ASR model confidence as an indicator of listening difficulty, technologi-
cally supplementing the limits of human auditory processing. The system does
not replace human understanding but optimizes auditory information presenta-
tion so learners can process and comprehend information more efficiently. This
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can be seen as an application of the Zone of Proximal Development concept for
the AI age, where AI functions as digital scaffolding, enabling learners to tackle
tasks they might not manage alone [193]. However, its inability to discern se-
mantic importance (e.g., intentionally slow speech by an instructor) based solely
on acoustic features remains a challenge for future work.

In the Understand stage, FastPerson integrates and efficiently presents multi-
modal information. This is based on the “economy of attention” concept, where
attention is a scarce resource in an information-rich world; it uses an LLM to sum-
marize transcribed speech and detected visual information [174]. Furthermore,
generating summary videos in the original speaker’s voice and enabling seamless
switching between summary and full versions aligns with the Cognitive Theory
of Multimedia Learning by retaining visual and auditory channels [117]. This
video-to-video summarization differs from text-based summarization by preserv-
ing the speaker s voice and visual context. The current prototype does not im-
plement citation-backed generation or a separate factual-verification stage; these
are priorities for mitigating hallucination and fidelity loss in future deployment.
In the Imitate stage, Profy ventures into the realm of “tacit knowledge” using
self-supervised learning. Skills like pronunciation are typical examples of tacit
knowledge, a state of “knowing more than we can tell” [144]. Profy learns norms
of proficiency from large amounts of expert data in a data-driven manner and
visualizes discrepancies with learner performance as waveform regions or distances
in a learned two-dimensional space. This is an attempt to partially formalize tacit
knowledge and make it learnable. The meaning of this learned distance and its
axes requires further validation; the current representation does not map axis
directions to specific phonetic features. It nevertheless provides model-derived
feedback without one-on-one coaching.

6.7 Limitations and Open Questions

While each system was evaluated independently, combined workflows have not
yet been studied; potential synergies and trade-offs in cognitive load and us-
ability remain to be examined. A factorial evaluation (e.g., summary X speed
optimization X feedback) could isolate interaction effects on comprehension and
transfer. The CUI model covers key phases of audio-visual learning but does not
directly address metacognitive regulation, affective factors, or fully interactive
collaboration. Our evaluations primarily capture immediate or short-term out-
comes; long-term retention, transfer, and behavioral change warrant longitudinal
study. Efficiency gains must be balanced with pedagogical pacing (e.g., inten-
tional pauses and repetitions). For Profy, explaining why specific errors occur and
how to correct them remains challenging; establishing mappings from the learned
representations to actionable articulatory guidance is a priority for future work.
Finally, beyond the limitations of individual systems, we must recognize that Al-
Guided Learning as a whole provides an incomplete answer to the fundamental
question of “what is learning”. While efficient information intake, deep under-
standing, and skill imitation are important aspects of learning, addressing other
crucial elements that constitute the complete picture of human learning—such as
creativity, critical thinking, and collaborative problem-solving—remains a future
challenge.
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6.8 Broadened Access and Educational Justice

One notable social implication of Al-Guided Learning is broadened access to
expert-like feedback and resources. By this, we mean widening equitable access
to top-tier instruction, expert models, and high-quality feedback regardless of
geography, affiliation, or socioeconomic status. High-quality education and ex-
pert guidance have traditionally been limited to a privileged few. The systems
developed in this research, particularly Profy, demonstrate the potential to tech-
nologically alleviate this inequality. At the same time, fairness risks in speech
technologies (e.g., accent- or race-related performance gaps in ASR and pronun-
ciation scoring) must be addressed. We plan to audit datasets and models (e.g.,
score validity across groups and environment effects) and to calibrate thresholds
to reduce systematic disparities.

Profy addresses the challenge of expensive and inaccessible expert coaching by
extracting patterns of proficiency from speech data via self-supervised learning,
offering automated feedback in a widely accessible form. This can be interpreted
as an attempt to embody the “difference principle” within educational technology,
contributing to educational justice by maximizing benefits for the least advan-
taged [153].

This democratization also prompts a reconsideration of concepts like standards
and correct answers. As Al learns from diverse expert data, it may become pos-
sible to recognize and present not a single correct method but various patterns
of excellence. This could challenge the reproduction mechanisms of cultural cap-
ital in educational systems that tend to favor those with specific cultural back-
grounds [27]. AI-Guided Learning might contribute to creating environments
where learners from diverse backgrounds can pursue excellence in their respec-
tive contexts.

Furthermore, AI-Guided Learning adds a new dimension to the “politics of recog-
nition” [183]. When Al systems consistently acknowledge learner effort and
progress while making the basis and limitations of their feedback transparent,
they may enhance learner self-efficacy and motivation. The question remains
whether Al-based recognition is equivalent to human recognition or can embody
true intersubjectivity [77], but it may play a complementary role alongside human
instructors.

6.9 Future Trajectories: The Co-evolution of Humans, AI, and
Learning Ecosystems

The future of AI-Guided Learning should be considered not only in terms of tech-
nological advancements but also from the perspective of human-Al co-evolution
and the transformation of surrounding learning ecosystems. The development of
generative Al and large language models, in particular, presents new possibilities
and challenges.

Technologically, further evolution of multimodal AT is expected to lead to systems
that can more sophisticatedly integrate text, audio, images, and video, dynam-
ically selecting optimal media and linguistic expressions using evidence-based
signals (e.g., prior knowledge, task difficulty, learning history) rather than de-
bated constructs such as learning styles. Al with extensive context windows will
enable more continuous support based on long-term learning histories and deep
contextual understanding.

System improvements could include, for Profy, not only error indication but
also suggestions for specific correction methods or step-by-step approaches to
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target pronunciations, plus stronger local explanations (e.g., projecting onto
IPA /phonetic features or using SHAP-style attributions). AlxSpeed might aim
for more context-aware speed adjustments by incorporating semantic information
or speaker intent, and provide spaced-repetition prompts or retrieval cues to sup-
port long-term retention. FastPerson could be enhanced with greater interactiv-
ity and fidelity safeguards for LLM outputs (e.g., extractive bias, citation-backed
responses, verification QA).

Socially and institutionally, new learning communities and certification systems
supporting AI-Guided Learning will be crucial. Al-mediated skill exchange and
peer matching could be fostered, and communities of practice might be recon-
structed in digital spaces [104]. Furthermore, to accommodate diverse individual
learning paths, the development of new learning record and competency authen-
tication systems (e.g., digital credentials) using technologies like blockchain is
anticipated.

Culturally, a transformation in the societal perception of “learning” itself is re-
quired. In a society where lifelong learning becomes the norm, AI-Guided Learn-
ing provides the technological foundation, but fostering a culture that accepts and
utilizes it is essential. This co-evolution of humans and AT also carries risks, such
as the degeneration of human cognitive abilities, loss of critical thinking towards
Al and attenuation of human relationships. Therefore, in parallel with techno-
logical development, the formulation of ethical guidelines, revision of educational
policies, and formation of social consensus are a priority for future work.

6.10 Complementarity with LLM-based Systems

The rapid development of Large Language Models (LLMs) and generative Al is
fundamentally expanding the possibilities of educational technology. Advanced
LLMs like GPT-4 enable answering complex questions, generating personalized
explanations, and even creating educational content. Amid such technological
advances, it is important to clarify what unique value the three systems proposed
in this research— AIxSpeed, FastPerson, and Profy—possess.

First, it is important that these systems focus on enhancement rather than gen-
eration. While LLMs excel at generating new content, existing high-quality ed-
ucational content (expert lectures, authoritative materials, practitioner demon-
strations) contains value that is difficult to reproduce with generative AI. This
includes deep domain expertise, structuring of explanations based on years of
teaching experience, and subtle nuances in demonstrations.

6.10.1 AlxSpeed: Beyond Text-Based Interaction

The value of AlxSpeed lies in its direct action on the auditory characteris-
tics of audio content, whereas LLMs primarily rely on text-based interaction.
While state-of-the-art multimodal LLMs can control players and assist navi-
gation, phoneme-level, signal-aware speed optimization is a distinct function;
AlxSpeed targets this perceptual stream specifically.

More importantly, AlxSpeed transforms passive consumption into active con-
sumption. Adaptive speed control based on acoustic features maximizes infor-
mation intake efficiency while minimizing learners’ cognitive load. This is an opti-
mization of the learning experience from continuous audio streams that is not di-
rectly addressed by LLM-based dialogue systems. Prior work on time-compressed
multimedia and instructional design has shown that playback rate and cognitive
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load can materially affect learning efficiency and comprehension [138, 182], and
AlxSpeed’s contribution in this domain is difficult to replace with LLMs.
Additionally, many learners engage in concurrent learning (while commuting,
exercising, doing housework), and in this context, optimized audio content is
more practical than text-based LLM interfaces. AlxSpeed has unique value in
technically supporting such learning styles.

6.10.2 FastPerson: Preserving Multimodal Richness in the Age of
Text Generation

The uniqueness of FastPerson lies in the integrated processing and preservation
of multimodal information. While current LLMs excel mainly at text generation
and image/video generation models are developing, it remains difficult to integra-
tively summarize and reconstruct complex multimodal content like lecture videos
(speaker explanations, slides, board writing, gestures, demonstrations).
Particularly important is that FastPerson preserves the original speaker’s voice
and visual context. Mayer et al. [119] found that learners performed better on a
transfer test when multimedia narration used a human rather than a machine-
synthesized voice. This finding supports the design choice to preserve the original
voice instead of replacing it with generic synthesized narration.

Furthermore, FastPerson’s interaction design—seamless switching between sum-
mary and detail—provides a learning experience that is difficult to achieve with
LLM-based systems. Learners can dynamically adjust the granularity of informa-
tion according to their understanding level, which can be considered a dynamic
implementation of scaffolding [155]. Even if video generation AI becomes capa-
ble of generating educational videos including lecture slides and board writing
in the future, the value of this interaction design that provides multiple levels
of abstraction while maintaining relationships with the original content will be
maintained.

Additionally, context preservation of educational content is an important issue.
In specialized field lectures, educators’ considerations are reflected in terminol-
ogy usage, concept introduction order, and example selection. FastPerson seeks
to retain more of this context than a text-only summary by linking each gen-
erated summary back to the original video segments, although preservation of
pedagogical intent was not directly evaluated.

6.10.3 Profy: Tacit Knowledge and Embodied Learning Beyond Lan-
guage Models

The domain of skill acquisition that Profy targets remains challenging for current
LLMs. Physical skills like pronunciation belong to the realm of tacit knowledge
that is difficult to verbalize, and text-based explanations or instructions yield
only limited learning effects. While LLM-based dialogue can explain pronuncia-
tion rules, it does not directly evaluate learners’ actual performance or pinpoint
specific improvements; robust automatic evaluation remains challenging.

Profy’s self-supervised learning approach extracts implicit patterns of proficiency
from large amounts of expert data. This is learning support at the perceptual-
motor level that goes beyond the linguistic descriptions that LLMs rely on. Re-
cent findings in embodied cognitive science emphasize the importance of perception-
action coupling in skill acquisition [133], and Profy realizes Al-based support in
this domain.
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Particularly important is the visual feedback that Profy provides. Highlighting
waveform regions emphasized by the classifier and visualizing distances in latent
space gives learners more localized information than an overall score. The current
system does not identify the phonetic cause or prescribe how to correct it, and
it was not compared with LLM-generated text feedback. The immediacy and
concreteness of visual feedback can play an important role in motor learning [173].
Profy is trained on speech from multiple native speakers rather than a single
reference speaker. However, the present study did not quantify how well the
training data cover acceptable pronunciation variation or evaluate fairness across
accents and learner groups; these require explicit bias and coverage audits.

6.10.4 Integration and Complementarity with LLM-Based Systems

Importantly, these systems do not compete with LLMs but have a complemen-
tary relationship. Recent multimodal LLMs (e.g., with real-time audio I/0)
can support conversational navigation of content; our systems remain focused
on perceptual-signal-level optimization (AIxSpeed), source-grounded multimodal
summarization (FastPerson), and embodied skill feedback (Profy). For exam-
ple, one could interactively explore content efficiently listened to with AlxSpeed
through dialogue with LLMs, have LLMs provide additional context or related
knowledge about content summarized by FastPerson, or have LLMs linguistically
interpret Profy’s analysis results to generate personalized practice plans.

Such integration points to the potential of Al-Guided Learning. By combin-
ing the domains where each technology excels—LLMs’ linguistic reasoning and
generation, and our systems’ perceptual processing and enhancement of exist-
ing content—more comprehensive and effective learning support can be realized,
with uncertainty display and robust error-handling following human-AT interac-
tion guidelines [3]. This suggests a future vision of learning support through
coordination of specialized Al systems rather than a single omnipotent Al.

6.11 Vision and Concluding Synthesis: An AI-Orchestrated Open
Learning Ecosystem Beyond Media Boundaries

This section integrates the dissertation’s discussion into a single conclusion about
the vision of AI-Guided Learning. Crucially, the scope of AI-Guided Learning
extends far beyond audio and video. Al is conceived as transforming any medium
or environment—including tools, spaces, events, and everyday practices that are
not ordinarily treated as instructional materials—into learnable substrates. It
does so by orchestrating contexts and pathways that account for each learner ’
s interests, goals, current state, and constraints, thereby enabling self-directed
learning. The emphasis is not merely “humans learning from AI,” but Al
shaping the learning ecosystem so that humans can learn with agency through an
optimized, adaptive environment.

Vision. Our long-term vision is an open learning ecosystem in which Al pro-
vides autonomous learning orchestration and predictive support that general-
ize and continuously optimize the Consume—Understand—Imitate (CUI) cycle
across diverse media and environments. This ecosystem democratizes access to
expert-level models, guidance, and objective feedback while preserving learner
agency and advancing equity.

Generalizing CUIL. We reinterpret Consume as access and sensing, Understand
as multimodal integration and contextualization, and Imitate as acting, practic-
ing, and receiving feedback. This generalization applies across knowledge, skills,
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and dispositions, and reaches beyond audio-video to physical spaces, devices, so-
cial interaction, and data streams—enhancing existing resources while connecting
them to the learner * s personal context.

Design commitments. (1) Agency first: learners retain control over goals,
monitoring, and evaluation; Al assists as coach and orchestrator. (2) Predictive
and adaptive support: anticipate needs from behavioral, content, and environ-
mental signals with transparency and user control. (3) Fidelity and provenance:
ground summaries and guidance in sources with uncertainty display to prevent
mislearning. (4) Fquity and access: audit cross-group validity, calibrate thresh-
olds, and follow universal design to make democratization substantive. (5) Inter-
operability and openness: APIs and standards, auditable learning records, and
privacy protection open the ecosystem.

From prototypes to an ecosystem. AlxSpeed, FastPerson, and Profy address
time efficiency, multimodal content access, and model-derived feedback, respec-
tively. The next step is integration: standardizing the conversion of resources
and environments into learnable form while coordinating with general-purpose
reasoning (e.g., LLMs). Rather than a single omnipotent AI, a federation of
specialized Als could compose learner-centered pathways.

Toward responsible deployment. We treat ethics, governance, and evalua-
tion—provenance, fairness audits, learning validity, privacy—as first-class design
requirements. Through collaboration among learners, educators, researchers, de-
velopers, and policymakers, we can transition toward a human-centered ecosys-
tem that democratizes excellence and substantially reduces time-to-proficiency
without trading off agency.

Closing. The three implementations lay foundations for AI-Guided Learning
that turns everything—across media and environments—into learnable opportu-
nities. Going forward, by centering orchestration and predictive support, extend-
ing CUI to the lived world, and coupling enhancement of existing resources with
interoperability and equitable access, we move toward a world in which learners
design their own learning with Al-supported, context-aware pathways.
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Chapter 7

Conclusion

7.1 Summary of Research Contributions

This doctoral thesis presents a learning support framework, AI-Guided Learning,
together with three implementations (AlxSpeed, FastPerson, and Profy) tailored
for audio-visual learning. These offer an integrated approach to fundamental chal-
lenges—efficient access to long-form content (Consume), understanding of mul-
timodal information (Understand), and acquisition and refinement of practical
skills based on observation (Imitate)—by supporting the Consume-Understand-
Imitate (CUI) learning cycle.

The academic contributions of this research are organized along four dimensions:
theoretical, technical, empirical, and societal.

7.1.1 Theoretical Contributions

First, it presented the three-stage learning model of Consume-Understand-Imitate
(CUI), organizing audio-visual learning processes in a cross-cutting way and of-
fering a perspective that positions the potential roles of Al support at each stage.
Second, through the concept of AI-Guided Learning, it situated a view of hu-
man—Al collaboration in education. Rather than a tool or teacher replacement,
AT can be viewed as a cognitive partner that supports learners and helps opti-
mize processes. This provides a basis for connecting distributed cognition and
the extended mind with modern AI technology in educational contexts [81, 40].
Third, it demonstrated the potential to reinterpret and extend ideals of liberation
from institutionalized education and autonomous learning, as raised by thinkers
like Ivan Illich, for the contemporary era by leveraging Al technology [82]. Con-
cepts such as “autonomous learning orchestration” and “predictive learning sup-
port” are attempts to concretize this direction.

7.1.2 Technical Contributions

Technically, we designed and implemented three systems corresponding to each
stage of the CUI cycle: (1) AlxSpeed uses ASR confidence as a proxy for listening
difficulty and implements phoneme-level speed adaptation; (2) FastPerson inte-
grates audio and visual information to summarize lecture videos, preserves the
original speaker ~ s voice in short clips, and allows chapter-level back-and-forth
navigation (with consent and clear labelling when synthetic voice is used); (3)
Profy leverages unannotated expert audio and small learner datasets to provide
model-derived feedback that highlights classifier-emphasized regions and visual-
izes distance from model speech. Together, these implementations strengthen
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existing content and represent practical contributions in speech processing, mul-
timedia analysis, and educational Al.

7.1.3 Empirical Contributions

Empirically, we evaluated each system via user studies. AlxSpeed achieved av-
erage playback factors of 1.30x for LibriSpeech and 1.29x for UME-ERJ, with
higher mean opinion scores than constant-speed playback at the same average
factors. FastPerson reduced viewing time by an average of 53%, with no statis-
tically significant difference in quiz-measured comprehension from conventional
playback. Profy showed a larger observed improvement in pronunciation intelli-
gibility than elicited imitation, and its pre- and post-practice confidence intervals
did not overlap.

7.1.4 Societal Contributions

Societal contributions include: (i) highlighting transparency principles for sum-
marization fidelity and explicit labelling/consent when synthetic voice is used;
(ii) emphasizing the need for bias auditing in pronunciation assessment; and (iii)
articulating design considerations that lower temporal and cognitive barriers to
high-quality existing content for diverse learners. These provide concrete guid-
ance to advance equitable access to learning opportunities.

7.2 Addressing the Research Questions

This research empirically addressed the Central Research Question (CRQ) and
three Specific Research Questions (RQ1-3) presented in the introduction.

CRQ: To what extent can adaptive support at each stage of consum-
ing, understanding, and imitating audio-visual content through deep
learning technologies achieve reductions in learning time and improve-
ments in learning outcomes? This research demonstrated, through systems
tailored to each CUI stage, a 53% average viewing-time reduction with FastPer-
son, adaptive playback at average factors of approximately 1.3x with AlxSpeed,
and an observed improvement in pronunciation intelligibility with Profy.

RQ1 (AIxSpeed: Balancing Listening Efficiency and Listenability in
Audio Content): Phoneme-level adaptive speed control achieved average play-
back factors of approximately 1.3x and higher mean opinion scores than constant-
speed playback at the same average factors. This supports efficient information
consumption (Consume).

RQ2 (FastPerson: Efficient Summarization Integrating Visual and Au-
dio Information in Lecture Videos): Video summarization preserving mul-
timodal information reduced viewing time by an average of 53%, with no statis-
tically significant difference in quiz-measured comprehension from conventional
playback; 78% of FastPerson users rated the ability to switch between summary
and detailed content as useful or very useful. This supports content understand-
ing (Understand).

RQ3 (Profy: Model-Derived Localized Feedback in Imitation Learn-
ing): The feedback system based on self-supervised learning showed a larger ob-
served improvement in pronunciation intelligibility than elicited imitation, and
the Profy condition had non-overlapping pre- and post-practice confidence inter-
vals. This supports practical skill acquisition (Imitate) through scalable feedback.
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7.3 Implications for Theory and Practice

The theoretical implications of this research extend to learning sciences, cognitive
science, and HCI. They include the extension of multimedia learning theory for
the Al era, the presentation of a collaborative cognitive model for humans and
Al, and new implementation examples of learner-centered design for adaptive
interfaces.

Practical implications include concrete examples and design considerations for
Al-leveraged personalized learning support, effective Al-assisted content design
(e.g., fidelity in summarization, explicit labelling/consent for synthetic voice),
and operational guidance (e.g., bias audits across diverse learner groups). It also
illustrates applications of user-centered design principles [131]; and for policy
(e.g., teacher training extending TPACK [124]).

7.4 Limitations and Future Research Directions

Limitations of this research include: (1) limited diversity and scale of experimen-
tal participants, and unverified long-term effects; (2) lack of support for collab-
orative learning or more complex social learning contexts; (3) limited evaluation
of long-term knowledge retention and transfer effects (cf. levels of processing the-
ory [44]), where longitudinal designs incorporating spaced repetition and retrieval
practice would be valuable; (4) insufficient consideration of new possibilities (e.g.,
more interactive feedback) and challenges (e.g., misinformation risks [21]) arising
from the rapid development of generative Al.

Future research should primarily address these limitations. Specifically: (1) Con-
ducting large-scale, long-term empirical studies with more diverse learner pop-
ulations. (2) Extending AI-Guided Learning to collaborative learning environ-
ments (e.g., Al-facilitated peer learning). (3) Developing features for Profy to
provide specific corrective guidance, and enhancing semantic understanding and
contextual awareness in AlxSpeed and FastPerson. (4) Advancing personalized
and interactive learning support through deeper integration with generative Al,
alongside developing risk management methods. (5) Establishing design and
operational guidelines based on ethical Al principles, and researching societal ac-
ceptance. (6) Expanding Profy’s framework to support the acquisition of diverse
skills beyond pronunciation (e.g., musical instruments, sports, presentations).

7.5 Future Vision: The Evolution of AI-Guided Learning Ecosys-
tems

We articulate a future in which AI transforms any medium or environment
into a learnable substrate and orchestrates individualized pathways that respect
each learner ’ s interests, goals, and state. Extending beyond audio-visual re-
sources, Al reframes tools, spaces, events, and everyday practices as contexts for
learning while continuously optimizing the Consume—Understand—Imitate cycle
—reinterpreted as access and sensing, multimodal integration and contextual-
ization, and acting, practicing, and receiving feedback. Rather than a single
omnipotent system, this ecosystem is composed by coordinating specialized Als
—exemplified by AlxSpeed, FastPerson, and Profy—with general-purpose rea-
soning to assemble learner-centered routes.

The evolution of this ecosystem rests on treating provenance and fidelity, au-
ditable fairness, interoperability, and privacy as first-class design requirements.
Learners traverse from summaries to sources with minimal friction, understand
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the uncertainty of feedback, and modulate the degree of Al intervention to fit
their aims and constraints. Educators and developers align on demonstrable out-
comes such as reductions in time-to-proficiency and improvements in retention
and transfer on real-world tasks, while communities connect through portable
learning records enriched with context. In this future, AI is not primarily a
lecturer but an orchestrator of environments, uniting enhancement of existing
resources with broadened and equitable access.

7.6 Final Reflections

This dissertation has shown, through AlxSpeed, FastPerson, and Profy, that we
can advance CUI in implementable ways that enhance existing resources and rec-
oncile time efficiency with comprehension and skill acquisition without eroding
learner agency. It also reframed Al as a cognitive partner and orchestrator, offer-
ing a view in which learning emerges across human—Al—-environment couplings.
The vision of AI-Guided Learning articulated here moves beyond audio and video
to extend CUI to the lived world, building an open ecosystem that renders diverse
media and environments learnable.

Realizing this vision requires not only technical progress but also embedding
principles of ethics, governance, and evaluation into design and advancing de-
ployment through collaboration among learners, educators, researchers, devel-
opers, and policymakers. The aim is to democratize access to excellence and
materially shorten the time to proficiency without trading off agency or equity.
We hope that the contributions and limitations identified here, together with the
consolidated vision, serve as a starting point for the next wave of research and
practice toward making learning a more autonomous and flourishing endeavor for
everyone.
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