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ABSTRACT KEYWORDS
Generative Al expands opportunities for embodied agents in HCl, yet a gap persists Human-Centered Al; design
between human-centered Al principles and practical design methods, particularly for methodology; pedagogical
pedagogical agents’ (PAs) co-speech gestures. Automated text-to-gesture systems lack 39Nt gesture;

the instructional nuance needed for effective teaching. To address this, we used a generative Al
Research-through-Design approach to develop a human-centered framework that trans-

lates pedagogical intent into gesture specifications for embodied Al teachers. The

framework includes four iterative stages: Preparation, which analyzes gesture patterns

and instructional functions; Human PA Acting, where educators and designers rehearse

gestures through performance; Embodied PA Acting, which transfers human motion to

agents using video-based pose estimation; and EPA-assisted Course Delivery, which

evaluates student experiences through interviews. Findings indicate that these gestures

enhanced students’ perception of the PA’s professionalism, approachability, and instruc-

tional rhythm, while boosting overall engagement. This work contributes a design

framework and insights for pedagogical gesture design, and exploratory guidance for

generative-Al prompting.

1. Introduction

Generative Al (GenAl) has become a novel tool in Human-Computer Interaction (HCI) and design
research, transforming the ways in which we conduct HCI research and design practices (Zhou et al,
2024). Notably, scholars have employed GenAl to generate Embodied Agents (EAs) with co-speech
gestures, and it is progressively becoming capable of performing conversational tasks (Nyatsanga et al.,
2023; Wolfert et al., 2022). Recently, joint efforts have advanced to leverage GenAl for developing
gesture synthesis systems that generate semantically relevant gestures aligned with speech rhythm and
content for Embodied Conversational Agents (ECAs) (Zhang et al., 2024; Zhi et al., 2023). Meanwhile,
in the landscape of digital learning, the application of Embodied Pedagogical Agents (EPAs)' has
emerged as a transformative field for enhancing educational engagement and learning performance
(Kizilkaya & Askar, 2008; Li et al., 2024; Savin-Baden et al., 2015). The development and design of
these agents encompass several dimensions, including EPAs’ appearance (Beege et al., 2022; Shiban
et al,, 2015), acoustic attributes (Ceha & Law, 2022), interaction (Serras Pereira et al., 2018), personality
(Castillo et al., 2018; Hahn et al., 2018; Thomas et al., 2022), and voices (Bonfert et al., 2021; Lee et al.,
2020; Mildner et al., 2024; Reicherts et al., 2022). Additionally, particular attention has been given to
nonverbal cues (Baylor & Kim, 2009; Lin et al., 2020), which have been extensively studied across
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various disciplines, including education, psychology, and computing (Kersey et al., 2024; Lawson et al.,
2021; Li et al., 2022; Yoon et al., 2021).

EPAs in digital learning environments have been further explored in areas such as educational vir-
tual reality (VR) (Petersen et al., 2021; Tsai et al., 2019) and intelligent EPAs (Dai et al., 2024). Among
these applications, anthropomorphic characteristics, such as co-speech gestures, have become a primary
focus (Dai et al., 2022; Davis, 2018; Mayer & DaPra, 2012; Wang & Ruiz, 2021). These gestural cues
direct learner attention, clarify concepts, support retention, and guide transitions between knowledge
points—making their pedagogically grounded design central to effective learning outcomes (Davis et al.,
2021; Li et al,, 2019; Moon & Ryu, 2021). Regarding existing motion synthesis for generating PA, there
are two approaches. One reconstructs motion through pose estimation and retargeting, inferring full-
body movement from sparse data and refining articulation through kinematic modeling, as seen in
DeepMotion>—this approach is time-intensive and closely dependent on the motion-tracked perform-
er’s behavior (Peng et al.,, 2018; Xu et al.,, 2020). The other generates motion through video synthesis,
predicting coherent spatiotemporal sequences for fluid, context-aware movement, exemplified by large
vision models such as KlingAI and Sora (Liu et al, 2024). This paradigm operates through prompt-
driven generation (text or image to video), producing outputs that vary considerably across runs, with
limited user control over gesture semantics, timing, or pedagogical alignment (Zhang et al., 2023; Zhu
et al., 2024). Leveraging these technologies, commercial platforms such as HeyGen’, Synthesia®, and
iFlyTek® offer Al-generated instructors featuring anthropomorphic characteristics—including facial
expressions, lip synchronization, and natural body movements—through text-to-speech (TTS) and auto-
mated animation.

While a substantial body of literature affirms that gestures performed by EPAs positively enhance
student learning outcomes (Beege et al,, 2020; Li et al., 2024; McNeill, 2011; Pi et al., 2022), recent
findings suggest that these benefits are often inconsistent. This variability indicates that the pedagogical
value of gestures is highly contingent upon specific gesture categories (Li et al., 2019), their interaction
with other modalities (e.g., agent appearance (Davis, 2018)), and the context of use (Mayer & DaPra,
2012). Such complexity underscores an urgent need for foundational design frameworks that remain
largely unestablished. Although recent advancements have integrated computer vision with biomechan-
ical skeletal modeling to achieve high-fidelity movement reconstruction (Shaw et al, 2024), signifi-
cantly enhancing the alignment between visual pose estimations and skeletal rigging, this technical
precision has yet to be guided by the pedagogical design standards necessary for effective instructional
behavior.

Specifically, while existing research has made significant technical advances in gesture synthesis
(pose estimation (Shaw et al.,, 2024), semantic retrieval (Zhang et al., 2024)), and documented gesture
effectiveness in education (Li et al., 2022; Schneider et al., 2022), a critical gap remains between tech-
nical precision and pedagogical authenticity: no systematic framework translates pedagogical intent into
implementable gesture specifications grounded in authentic teaching practices. Current research has yet
to address whether the proportional distribution of gesture types—as observed in naturalistic teach-
ing—is essential for EPA realism and efficacy, or how specific gesture designs influence students’ per-
ceptions of instructional quality. Without such ecological behavioral benchmarks, Pedagogical Agent
(PA) gesture design remains predominantly intuitive and fragmented. Consequently, current generative
technologies have not resolved the fundamental challenge of creating PAs that are both behaviorally
realistic and pedagogically effective. We identify three critical, interrelated problems:

1. Lack of a Design Framework: There is no structured, replicable framework to guide the design of
instructional gestures. This absence impedes collaboration between educators and designers, mak-
ing it difficult to systematically translate specific instructional needs into meaningful, co-speech ges-
tures that are aligned with pedagogical goals.

2. The Connectivity Gap Between Human Behavioral Data and PA Design: A significant gap persists
in translating empirical research on human instructional gestures into PA design. Specifically, few
studies correlate authentic teacher behaviors (e.g., cohesive or beat gestures) with measurable stu-
dent perceptions in the learning process. Without understanding how a PA’s gestures influence key
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HCI metrics, such as learner perceptions of credibility and professionalism, evidence-based design
choices remain difficult. Consequently, the lack of behavioral benchmarks leaves even advanced
generative models disconnected from the nuanced pedagogical functions of human movement.

3. Unexplored Potential and Pitfalls of Generative AI: Current text-to-video generation tools for
instructional content lack systematic evaluation. It remains unclear how to structure prompts to
capture pedagogical intent and temporal coherence. A critical assessment of generation workflows
is necessary to establish effective design strategies for pedagogically grounded gesture creation.

Research has demonstrated that instructional gestures for embodied agents can foster stronger
social connections, which in turn enhance student learning performance (Li et al., 2022; Schneider
et al, 2022). By enriching the social agency of virtual instructors, these gestural behaviors directly
cater to the burgeoning trend toward Al-driven personalized and immersive learning environments
(Zhang, Li, et al., 2025; Zhang, Liu, et al.,, 2025). Given the increasing demand for such high-fidelity
interaction, this study seeks to establish formalized design frameworks to support the systematic
development of gestures in Al teachers. As such, we investigate the collaborative instructional gesture
design process between PA designers and educators, explore how generative technologies can be lever-
aged within this workflow, and examine student perceptions of the resulting multimodal instructional
information.

This study is grounded in Research-through-Design (RtD) (Zimmerman et al, 2007), where an
educator and a PA designer collaboratively explore the design of embodied PAs with instructional
meaning, using state-of-the-art technologies to fine-tune PAs as desired. Initially, we observed thirteen
design-related lectures to analyze the frequency of different gesture types used by educators. This was
followed by the formation of a team consisting of a PA designer and educator, who worked together
through collaborative acting and rehearsal. Throughout the gesture design process, the team aligned
their objectives to ensure the gestures met educators’ instructional needs and improved the clarity of
the PA’s expressions. Using the RtD framework, the team went through four stages of the design
process: Preparation, Human PA Acting, Embodied PA Acting, and EPA-Assisted Course Delivery.
During each stage, both team members engaged in iterative practices, delivering the prepared presen-
tation, making gestures intuitively, and emulating real-life teaching scenarios. The PA designer
observed the educator’s gestures, and both reflected on how to better express co-speech gestures to
convey instructional meaning. Building on insights from previous research on word-synchronized ges-
tures (Ali et al., 2020; Kucherenko et al., 2020; Liu et al., 2022) and the alignment of gestures with
parts of speech (PoS) (Wei & Chow, 2023; Yoon et al., 2021)°, we explored the use of DeepMotion,
Sora, and KlingAl to evaluate the quality of animated instructional gestures for PAs. The result of
this design and acting process was a 14-minute course featuring instructional gesture-based PAs. To
evaluate learning efficacy, we tested the course with 38 validated Hong Kong-based university
students.

This paper makes the following contributions to the field of HCAI methodologies:

1. A Human-Centered Framework for Gesture Design: We detail a replicable human-centered design
framework for creating pedagogically effective gestures. Unlike prior work that focuses on technical
naturalness or general gesture generation, our framework operationalizes the translation of educa-
tors’ tacit pedagogical knowledge into implementable specifications through structured corpus ana-
lysis, collaborative rehearsal, and student-centered validation. This four-stage process is grounded
in the analysis of authentic teaching and uses reflective, collaborative practices between educators
and designers to translate pedagogical intent into agent embodiment, serving as a practical bench-
mark for advancing teaching practices via multimodal instructional design and educational technol-
ogy development.

2. An Empirical Evaluation of the PA and Its Impact: We conducted a formal empirical evaluation of
a pedagogical agent built using our framework. The results validate our approach: the agent’s use
of cohesive and beat gestures led to high student ratings of its professionalism, credibility, and
approachability, with students describing enriched engagement and positive learning experiences.
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3. Inmsights into Generative Al and Future Directions: Through exploratory testing and quantitative
evaluation, we demonstrate that structured prompts with temporal phases and linguistic anchors
substantially improve instructional coherence in text-to-video generation. This perspective supports
a “human-in-control” workflow and reveals practical considerations for developing future instruc-
tion-focused Al systems.

2. Background and related work
2.1. Human-centered Al and the methodological gap

The notion of Human-Centered AI (HCAI) advocates for a paradigm shift, emphasizing AI systems
that amplify and augment human capabilities rather than merely replace them (Xu, 2019; Zhou et al,
2024). Key principles of HCAI include ensuring human control, transparency, fairness, and promoting
well-being (Shneiderman, 2020). These principles are further substantiated by evidence showing that
outcomes of decision-making augmented by algorithmic systems are strongly influenced by how
humans perceive, trust, and engage with these systems (Burton et al., 2020; Ozmen Garibay et al.,
2023). However, many organizations and researchers have noted the difficulty in translating these high-
level principles into concrete design actions (Xu & Gao, 2023). The core challenge lies in developing
methodologies that are both structured enough to be repeatable and flexible enough to handle the com-
plexity of human contexts.

2.2. Generative Al for HCI and design

GenAl refers to a class of artificial intelligence models designed to create new content, such as images,
text, and music, by learning patterns from existing data. One of its most prominent applications is Al
image synthesis, where techniques such as Generative Adversarial Networks (GANs) and diffusion
models play crucial roles. GANs are particularly known for generating high-fidelity images through a
competitive learning process between a generator and a discriminator (Brock, 2018). However, with the
advancement of diffusion models and large language models (LLMs), modern Text-to-Image Models,
such as DALL-E, Stable Diffusion, and MidJourney, have outperformed GANs especially in image diver-
sity, enabling a broader audience to create high-quality, stylized images from textual descriptions
(Dhariwal & Nichol, 2021).

GenAl has become an integral tool in HCI and design research, shaping design workflows (Petridis
et al, 2024; Tholander & Jonsson, 2023), decision-making (Park et al., 2024; Zhou et al., 2024), and
user experience studies (Uusitalo et al., 2024). It is widely applied in design research and practice across
various fields, both within and beyond the HCI community (Weisz et al., 2024). While widely applied
in ideation (Hollmén Larsen & Zhu, 2024) and artifact generation (Kun et al, 2024; Zhang et al,
2024), traditional text-to-x models often struggle to capture the fluid and multifaceted nature of design
intent. Consequently, multimodal AI systems have emerged as a significant trend, offering integrated
frameworks that align diverse data streams—such as visual, textual, and spatial inputs—to support
more nuanced explorations (Liu et al., 2025; Wu et al., 2023; Zhu et al,, 2023). By fuzing these modal-
ities, these systems provide designers with higher degrees of creative agency and more intuitive ways to
translate complex, non-verbal intentions into tangible artifacts (Manesh et al., 2024; Peng et al., 2024;
Tilekbay et al., 2024).

Despite these advances, GenAl poses significant challenges. One major issue is control, designers
often struggle to steer Al outputs due to the opacity of Al decision-making, leading to results that
require iterative refinement as stated in Gao et al. (2025). Additionally, while multi-modal inputs such
as audio and images are being explored to facilitate more intuitive designer-Al interactions, text-based
prompts remain the dominant input method, potentially limiting creativity and flexibility.

2.3. Co-speech gesture synthesis

Co-speech gesture synthesis refers to the automatic generation of realistic and contextually appropriate
hand and body gestures that accompany spoken language in EAs. Recently, GenAl has been widely
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adopted to generate co-speech gestures for these agents. There are two long lasting methodologies to
create such gestures: hybrid rule-based techniques and data-driven methods (Chen et al., 2025;
Nyatsanga et al., 2023; Wolfert et al., 2022; Yoon et al., 2022). The earliest study (Cassell, 1998) on the
hybrid rule-based approach employed probabilistic models to generate gestures based on linguistic and
contextual cues. In contrast, the data-driven approach utilizes deep learning to train agents’ gestures
using Mocap or video data from sources like dyadic conversations and TED presentations (Lee et al.,
2019; Wolfert et al., 2022; Yoon et al., 2019; 2020). Both methods have demonstrated effectiveness in
producing naturalistic bodily movements. To develop Al-generated EAs that enhance authenticity and
immersion, integrating co-speech gestures with semantic meaning is essential. However, the aforemen-
tioned approaches are inherently labor-intensive and face scalability challenges due to technological
constraints. Moreover, research on generative methods for gesture synthesis, especially on defining ges-
ture rules for Al-generated EAs remains limited.

In recent years, a few co-speech gesture generation models with semantic retrieval have emerged,
combining rule-based and deep learning-based systems (Sadoughi & Busso, 2019; Zhang et al., 2024;
Zhi et al., 2023). Evaluations of these semantics-aware gesture synthesis systems demonstrate that these
systems outperform purely deep-learning approaches in generating semantically meaningful and rhyth-
mical gestures, thereby enhancing the human-like expressiveness of Al-generated EAs. For instance, a
semantic-aware co-speech gesture synthesis system leverages a GPT-based motion generator and a
LLM-driven retrieval framework to ensure high-quality, semantically relevant gestures that align with
speech rhythm and content (Pang et al., 2025; Zhang et al., 2024). Inserting retrieved semantic gesture
identifiers into rhythmic gestures enhances the perceived expressiveness of Al-generated ECAs in social
interactions. Despite the advantages of using Mocap datasets for precise full-body movement tracking,
inconsistencies in semantic annotations across datasets pose a challenge (Zhang et al., 2024; Zhi et al,
2023). Additionally, while these systems employ semantic motion generation via new text prompts to
replicate several classic semantic gestures (Cheng et al., 2024; Zhang et al., 2024; Zhi et al., 2023), such
as “pointing left,” “disagreement,” and “a large amount,” human-produced semantic gestures are often
more nuanced and hierarchical. Consequently, the current prompt-based segmentation of gestures is
relatively simplified compared to McNeill's Gesture Phases and functional gesture classifications
(McNeill, 2011). However, this simplification may introduce inconsistencies, such as incomplete or
unclear gestures, or conflicts in the temporal sequencing of semantic and rhythmic gestures.

Moreover, most current datasets are primarily sourced from conversational gestures (Ginosar et al.,
2019; Habibie et al., 2021; Liu et al., 2022; Yi et al,, 2023). In contrast, generating co-speech instruc-
tional gestures necessitates an understanding of educators’ instructional intentions to effectively convey
educational content and account for students’ interpretations of these gestures. For example, educators
may deliberately adjust the rhythm, amplitude, and direction of their co-speech gestures to emphasize
key concepts, while students may perceive these gestures differently in terms of their communicative
intent. This highlights the need for further research on educators’ gesture usage and students’ percep-
tions of instructional gestures performed by Al-generated PAs. Past evaluations of user perception have
often relied on scales measuring dimensions such as naturalness and human-likeness (Wolfert et al.,
2022; Yang et al., 2023; Zhang et al., 2024; Zhi et al., 2023). However, these metrics may not fully cap-
ture how Al-generated PAs are perceived in real-world educational settings. Factors such as profession-
alism, approachability, and credibility are also crucial in educational contexts. Bridging this gap
requires not only technical advances in synthesis but an understanding of educators’ instructional
intentions and learners’ perceptual needs—dimensions that gesture synthesis research, operating largely
within computational paradigms, has yet to address.

Though research has investigated data-driven co-speech gesture generation that emphasizes speech
rhythm and lexical embedding (Ali et al., 2020; Kucherenko et al., 2020; Liu et al.,, 2022; Yoon et al,,
2019), there remains substantial scope for examining the synchronization of coherent gestures, such as
cohesive and beat gestures, with words. Word-synchronized gestures represent minimal units in the
alignment of speech and gesture and hold promise for enhancing the design of gesture transitions and
connections. A pioneering study conducted by Wei and Chow (Wei & Chow, 2023) has begun to show
these alignments. They have discovered that cohesive gestures are associated with specific PoS, such as
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adverbs and logical connectors, whereas beat gestures are associated with pronouns, adjectives, and
action-oriented verbs. Cohesive gestures appear to strengthen the logical coherence and comprehension
of speech, whereas beat gestures provide rhythmic emphasis and visual cues. The study identifies four
patterns of alignment between educators’ PoS, lexis, and gestures (Wei & Chow, 2023), providing
insights into the design of instructional gestures. It also calls for a closer analysis of how human teach-
ers use these gestures in delivering educational knowledge. Building on this, this study explores the
design of PAs with instructionally coherent gestures, particularly cohesive and beat gestures, and evalu-
ates their impact on the learning experience. Furthermore, it informs the intentional integration of
word-synchronized gestures in PA design and extracts insights from evaluation findings to optimize
semantic motion generation via text prompts.

2.4. Pedagogical agents’ gesture design

Educators who employ gestures can enhance both social engagement and learning outcomes among
students (Nakagawa et al., 2021; Schneider et al., 2022; Sinatra et al., 2021). These gestures transform
cognitive understanding into multimodal information that students can easily process (Goldin-Meadow,
2015). McNeill categorized gestures into five distinct types—cohesives, beats, deictics, iconics, and meta-
phorics—each serving a distinct communicative role (McNeill, 2011). While iconic and metaphoric ges-
tures are often tied to specific visual content, this study focuses on cohesive and beat gestures due to
their frequent appearance in discourse and their fundamental role in reinforcing coherence and pros-
ody. Cohesive gestures are movements that connect different parts of a narrative or discourse, creating
logical links between concepts. They help to maintain continuity and structure the flow of information,
for example, by using a hand to sweep from one idea to the next to show a transition; Beat gestures
are small, rhythmic motions, such as a flick of the hand or a tap of the fingers, that are synchronized
with the prosody of speech. Expanding on McNeill's framework, research on PA gesture design has
aimed to mirror human gestural behavior in educational contexts. Studies suggest that integrating beat,
deictic, iconic, and metaphoric gestures enhances attention, retention, and comprehension, with notable
advantages for second-language learners (Beege et al., 2020; Craig et al., 2015; Davis & Vincent, 2019;
Pi et al,, 2022). Yet, while students intuitively comprehend iconic and metaphoric gestures that depict
semantic information, this is not the case for discipline-specific terminology (Wei & Chow, 2023). The
way gestures distribute within speech is also tightly linked to linguistic content; when speakers describe
visual imagery, they are more likely to use iconic gestures (Masson-Carro et al., 2017). Additionally, an
individual’s fluency in spoken language influences gesture production (Chui, 2005). The effectiveness of
iconic and metaphoric gestures, therefore, hinges on subject-specific terminology, the extent of visual
descriptions, and language fluency.

By contrast, cohesive and beat gestures frequently appear in discourse, reinforcing coherence and
prosody. They do not carry semantic meaning on their own but function to emphasize or add promin-
ence to specific words or phrases, much like verbal stress. Their fundamental role in communication
makes them a promising avenue for further research on gesture design. Cohesive gestures help main-
tain continuity across conversational turns and organize spatial references (Belhiah, 2013; McNeill &
Levy, 1993; Sekine & Kita, 2015), making them a natural tool for structuring discourse. Investigations
into instructional gestures in PAs, including spatially communicative gestures (Wu et al., 2021) and
rhythmic hand motions (Pi et al.,, 2022), shed light on how fluid transitions between movements con-
tribute to a more natural delivery of speech. Beyond their inherent communicative functions, gestures
are also shaped by the instructional setting. Researchers argue that factors such as classroom layout,
seating arrangement, and material placement influence both the frequency and type of gestures used by
teachers (Wei & Chow, 2022). Additionally, variations in gesture frequency contribute to different
learning outcomes (Davis et al., 2021). Enhanced gesture frequency significantly improved cued recall
and recognition, while average frequency does not, highlighting the role of social cue strength in learn-
ing effectiveness. Thus, PA gesture design should consider gesture types, teachers’s instructional inten-
tions, frequency, and contextual factors. This study provides insight into the natural integration of
instructional gesture transitions in PAs and their influence on student perceptions. Yet, much remains
to be explored regarding gestures that encode semantic information, particularly cohesive and beat
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gestures. Translating these findings into actionable design specifications for Al-generated agents, how-
ever, requires a methodological bridge that neither gesture synthesis research nor pedagogical literature
has established on its own.

2.5. Instructional materials design

Educational material design encompasses the systematic planning, development, and evaluation of
instructional resources to achieve specific learning objectives (Dick et al., 2005). Seminal frameworks
provided by scholars such as Merrill (2002), Gagné (1985), and Reigeluth (1999) emphasize learner-cen-
tered approaches, advocating for the deliberate alignment of content, guided by the educator’s instruc-
tional intent, with cognitive processes and the specific learning context. In the digital era, the
integration of technology has received significant attention, with Mayer’s Principles of Multimedia
Learning (Mayer, 2005; Mayer, 2002) providing a theoretical foundation for utilizing digital media to
foster dynamic engagement and support diverse learning styles.

A critical dimension of contemporary instructional design is the duration of digital content. While
early empirical studies on massive open online courses (MOOCs) observed a decline in engagement for
videos exceeding six minutes (Davis, 2018; Guo et al., 2014), more recent pedagogical literature suggests
that this “six-minute rule” may not apply to complex, university-level curricula. Research indicates that
durations ranging from 12 to 20min are effective when supported by instructional scaffolding and
high-quality production (Lagerstrom et al., 2015; Manasrah et al., 2021). From a social agency perspec-
tive, extended exposure is often necessary to establish a stable perception of an agent’s persona and to
allow for the cumulative effect of continuous gestural cues (Castro-Alonso et al., 2021; Schroeder et al.,
2025). Furthermore, the efficacy of such materials is influenced by the pacing of information delivery.
While speaking rates in educational contexts vary widely, typically ranging from 48 to 254 words per
minute (wpm), an optimum of approximately 160 wpm is often recommended for clarity (Williams,
1998). A moderated pace (e.g., 140-150 wpm) is frequently employed in complex technical subjects to
manage cognitive load without compromising engagement (Pastore, 2012).

Beyond structural parameters, the design of instructional materials integrates cultural responsiveness
and accessibility to address diverse learning needs (Gay, 2002). This focus on inclusivity aligns with the
movement toward Open Educational Resources (OER), which aims to increase collaboration and know-
ledge democratization (Wiley & Hilton, 2009). Within this context, Human-Computer Interaction
(HCI) serves as a particularly effective instructional subject for a broad student population; its inter-
disciplinary nature not only aligns with foundational curricula (Hewett et al., 1992) but also provides a
versatile platform for exploring the intersection of design, technology, and human behavior (Wilcox
et al., 2019). By applying Mayer’s principles to HCI-oriented materials, instructional designers can cre-
ate visual and auditory elements tailored to the demographic and cognitive profiles of modern learners.
This strategic alignment ensures that content is relevant and engaging, as HCI’s inherent user-centricity
mirrors the pedagogical goal of creating accessible, culturally resonant resources. Such a dual-layered
approach reflects the educator’s intent to ensure that instructional material is not only cognitively
accessible but also professionally resonant for students across various disciplines.

As Al becomes increasingly integrated into instructional delivery through automated agents, syn-
thetic voices, and generated gestures (Burton et al., 2020; Dai et al.,, 2024; Li et al.,, 2024), how educa-
tors’ instructional intent survives translation into automated systems emerges as a central design
challenge. Whether students and educators trust such systems depends in part on whether this intent
remains coherent and legible in the agent’s behavior (Birmingham et al., 2020; Chow, 2026; Johnson &
Lester, 2016; Mehrotra et al., 2024). Lee and See (2004) address this directly, identifying performance
(demonstrated capabilities), process (how the system operates), and purpose (the goal-oriented intent
embedded by designers) as the three bases of trustworthy automation. PA research has made consider-
able progress on performance and process, including evaluating gesture naturalness, improving synthe-
sis techniques, and refining agent appearance, yet pedagogical intent, as the purpose dimension of PA
design, has received comparatively little attention. How an educator’s instructional goals are encoded
and preserved across content, pacing, and embodied behavior remains underexplored, and constitutes
the design challenge this work addresses.
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2.6. Design processes and reflective practices

In the field of HCI, the design process is widely recognized as a sequence of decision-making and reflec-
tion steps that foster iterative development. Prior work addresses the potential for embedding new know-
ledge within design artifacts, illustrating the role of design processes and prototypes in advancing research
agendas—a concept encapsulated in Research-through-Design (RtD) (Zimmerman et al., 2007) and articu-
lated through Strong Concepts that solidify abstract design principles (Hook & Lowgren, 2012). Schon’s
notable concept of reflective practice characterizes this iterative design as a continuous cycle of “Reflection-
in-action,” in which practitioners dynamically evaluate and adapt their methods in-situ (Schon, 1992).
Designers, through reflective engagement in their activities such as sketching, prototyping, or creating rep-
resentational artifacts - gain insights that inform and refine their design thinking in real time. This
approach resonates with Ingold (2013)’s idea of thinking through making, where design thinking emerges
organically from iterative making practices, progressing from broad concepts to intricate details (Wiberg,
2014). Moreover, Brown et al. (Seely Brown et al., 1989) introduces the notion of indexing, which empha-
sizes that learning is inherently contextual and illustrates how deep immersion in design activity strength-
ens experiential learning, analogous to language acquisition through contextual immersion.

Reflective practices extend into instructional activities, such as the gestures acted by PA instructors and
the design of educational materials. Although PA gesture design might seem peripheral to traditional
design discourse, multimedia learning research has shown that effective knowledge transmission requires
an intentional alignment of verbal and visual elements (Mayer, 2002). Consequently, PA gesture design
could benefit from design research methodologies, opening up a less-explored space of design in educa-
tional contexts. Additionally, recent studies suggest that iterative, experimental approaches involving col-
laborative partnerships can help navigate risks and enhance innovation outcomes (Magistretti et al,
2021). Agile design thinking methodologies emphasize prototyping and human-centered perspectives to
tackle such complex educational design challenges (Carlgren et al., 2016; Cooper & Sommer, 2016;
Micheli et al,, 2019). By incorporating a blend of design research methodologies—conceptual framing,
experimentation, and user-focused evaluation—the development of multimedia instructional materials
and educational practices can achieve improved effectiveness. In the following section, we will explore
how design research methodologies can guide the iterative design of educational materials and PA ges-
tures, underscoring an exploratory design approach tailored to educational contexts.

2.7. Theoretical framing

This research synthesizes three bodies of work: Human-Centered AI methodologies that operationalize
high-level principles into concrete design practices (Shneiderman, 2020; Xu & Gao, 2023), co-speech ges-
ture synthesis that aligns gestural behavior with linguistic structure (McNeill, 2011; Wei & Chow, 2023;
Zhang et al., 2024), and pedagogical research on multimodal instruction (Goldin-Meadow, 2015; Mayer,
2002). Each domain, while productive independently, addresses only part of the challenge: HCAI principles
lack concrete design processes for artifacts like gestural PAs; gesture synthesis prioritizes technical fluency
over instructional grounding; and pedagogical research documents gesture effectiveness without translating
findings into implementable agent design specifications. By adopting HCAI as our theoretical lens, we
reframe PA gesture design as a collaborative process (Schon, 1992; Zimmerman et al., 2007) that preserves
educators’ agency while leveraging computational tools. This perspective positions our four-stage method-
ology as a systematic approach to capture tacit pedagogical knowledge and translate it into implementable
specifications validated through student perceptions (Nakagawa et al., 2021; Schneider et al, 2022).
Situated at the intersection of these three bodies of work, the framework treats pedagogical intent as the
purpose dimension of trustworthy PA design (Lee & See, 2004), positioning it as a traceable design input
alongside the technical and evaluative processes that carry it through to the final agent.

3. Design methodology

Our methodology was developed through a Research-through-Design process. It is structured to ensure
that the design of the PA is continuously grounded in the instructional needs of the educators and the
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Figure 1. Key steps in our human-centered design methodology: (A) gesture analysis: Understanding teachers’ intents
by observing a senior teacher’s gestures. (B) Educator’s improvised gestures: Capturing tacit instructional knowledge
through performance. (C) PA designer mirrors educator: Facilitating interdisciplinary collaboration and refinement. (D)
Human-to-EPA transformation: Upper body motions extracted via DeepMotion for 3D animation. (E) EPA and teaching
materials integration: 3D animation embedded alongside teaching materials.

perceptual needs of the learners. The process involves a close collaboration between an educator and a
PA designer, spanning five key steps from gesture analysis to EPA integration (Figure 1; panels A-E
are labeled in the figure).

3.1. Collaborative team and course preparation

The teaching material preparation was a collaborative effort between the PA designer and the educator,
each contributing their domain expertise. PA designer, with over ten years of experience in animation
production and design education, was responsible for gesture design and animation. The educator,
trained as a designer and with over five years of teaching experience in design education, delivered the
keynote using pre-scripted presentation notes. To ensure alignment with the desired presentation qual-
ity, the educator and PA designer engaged in iterative discussions to articulate a shared vision of the
instructional delivery. These sessions led to the formulation of preliminary design criteria for perform-
ance-based teaching, which informed both the structure of a 14-minute lecture and the design of word-
synchronized co-speech instructional gestures.

As part of the effort to eliminate the influence of prior knowledge earned by the participants in the
field of HCI, the team performed an exclusive literature inquiry strategy on ACM’s digital library. This
search was conducted using the following formula [Title: “guide”] OR [Title: “tutorial’] AND
[E-Publication Date: Past year], which returned 92 results. Following the removal of duplicates and the
application of the “full text research article” filter, 37 entries were selected for the screening repository.
the two collaborators independently screened the titles and abstracts of these entries, subsequently
reviewing the full texts to include only those papers deemed fit for college-level comprehension, ensur-
ing the inclusivity of the material for all participants regardless of the participants’ study backgrounds.
Although these efforts yielded four suitable entries (i.e. (Freeman & Curtis, 2023; Micheli et al., 2019;
Freeman & Curtis, 2023; Ibrahim et al., 2023; Shatilov et al., 2023; Xing et al., 2023)) deemed appropri-
ate for teaching, one particular case arose to our attention (Xing et al., 2023) recently published on
ACM International Conference on Tangible, Embedded, and Embodied Interaction (TEI). It utilizes a
pictorial format that centralizes visuals and diagrams to describe a novel material-centered design pro-
cess (i.e., analysis, synthesis, and detailing) of crafting interactive materiality in a step-by-step manner.
The two collaborators agreed to use (Xing et al., 2023) as the final teaching material due to its flow of
articulation and comprehensibility for college students (Figure 2).

3.2. Developing the instructional materials

The overall structure of the prerecorded video closely mirrors the structure of the article. It begins with
an introduction to the literature concerning material-centered and interactive materiality (for further
details, please refer to the original paper (Xing et al., 2023)), and then provides a brief overview of the
design artifact known as Pufty. Then, it outlines the analysis-synthesis-detailing (A-S-D) design and
implementation process in a total of thirteen methodical steps, which are reflected in the presentation
slides. The educator also prepared presentation notes for each slide to allow a smooth teaching
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End

Figure 2. Flowchart for literature selection process.

experience. While developing these materials, a gap was observed as there was no clear guidance in the
existing literature to support the design implementation of the PAs at an operational level. Yet, the two
collaborators recognized that Puffy’s design process might serve as a valuable reference. It exemplifies
an exploratory procedure that encompasses 1) analyzing various shape and material explorations,
2) synthesizing suitable samples, and 3) detailing processes. the two collaborators were inspired by that
and started to unfold the PA design in the following section.

3.3. Implementing the methodology: From human action to embodied agent

The core of our methodology consists of four iterative stages for implementing the PA’s gestures: (1)
Preparation, (2) Human PA Acting, (3) EPA Acting, and (4) EPA-assisted course delivery and evalu-
ation (Figure 3). Each stage builds upon the last, ensuring that human requirements gathered early on
are carried through to the final AT artifact.

3.3.1. Stage 1: Preparation (multimodal corpus analysis)
The initial iteration aimed to investigate the natural gestures employed in an educational context
(Figure 4).

3.3.2. Preparation

The initial iteration aimed to investigate the natural gestures employed in an educational context, spe-
cifically within an undergraduate design course. As motivated by the word-synchronized gesture study
(Wei & Chow, 2023), this phase was initiated by a) observing and analyzing (Figure 4(A)). Eleven
teachers (8 male, 3 female), each with more than five years of teaching experience, were recruited via
email. They taught design- and art-related courses, with video data collected from 13 one-hour sessions
(7 offline, 4 online, and 2 hybrid). Their courses featured detailed case studies, increasing the likelihood
of using metaphoric and iconic gestures (Cienki & Miiller, 2008; McNeill, 2011). During the lectures,
full-body movements and presentation slides were recorded using an iPad Pro. Researchers analyzed
both gestures and verbal language from the video recordings. Gestures were manually annotated using
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Figure 3. Visual overview of the entire pedagogical agent (PA) gestures design procedures.

... when you
research on the
activity, do not
only focus on
one thing...

What did he
say when he
gestured like

He was
interpreting
concepts and

gestured this...

(A) Observing and analyzing gestures (B) Gesture samples

(c) Educator gestures mimicking

Figure 4. Stage 1: Preparation.

ELAN (ELAN, 2026), following McNeill’s five-category gesture taxonomy (cohesive, beat, deictic, iconic,
metaphoric) (McNeill, 2011). Two researchers underwent structured training prior to coding: both
studied McNeill’s classification criteria and jointly coded a calibration video, during which definitional
boundaries for each category were discussed and formalized into a shared coding protocol. Subsequent
annotations were conducted through a collaborative consensus process: where a gesture’s classification
was disputed, both coders discussed the case against the established criteria until agreement was
reached. This negotiated agreement procedure is recognized as a valid reliability mechanism in qualita-
tive content analysis, as it ensures that category boundaries are systematically applied and that ambigu-
ous cases are resolved through principled deliberation rather than arbitrary assignment (Johnny
Saldana, 2021). Speech was transcribed through OtterAl” and subsequently reviewed for accuracy. To
investigate word-synchronized gestures, a chronological coding approach was applied, grouping one to
three consecutive words into microcosmic units based on the lecture timeline. Using Natural Language
Processing (NLP) with Python (Bird et al., 2009), we systematically coded 71,252 samples of gestures
aligned with their respective words and PoS. Results showed that cohesive gestures accounted for
44.34% (33,031 occurrences) of the total, followed by beat gestures at 38.26% (34,532 occurrences).
Deictic (8.64%), metaphoric (2.98%), and iconic gestures (2.53%) were less frequently used. The distri-
bution across PoS revealed that nouns were the most common (36.59%), followed by verbs (23.8%),
pronouns (16.63%), adverbs (14.91%), adjectives (8.32%), and conjunctions (7.24%). Cohesive gestures
are essential for establishing referential connections and enhancing the clarity of lectures. Following our
Pearson’s Chi-squared correlation analysis, we discovered that the use of nouns, adverbs, particles, and
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conjunctions in gestures enhances communication coherence, effectively reinforcing the delivery of key
educational concepts (Figure 4(A)). The researchers concluded that among these, cohesives and beats
constituted the most frequently employed yet unobtrusive categories compared to dectics, iconics, and
metaphorics. As highlighted in the related work section, cohesive and beat gestures can augment the
coherence of PAs’ bodily movements, thereby enhancing students’ learning experiences. These types of
gestures were selected to further develop PA with naturalistic instructional gestures.

Subsequent substantial effort was devoted to b) gesture samples. The PA designer randomly selected
one student from seven out of the eleven lectures to recruit a paired group of seven participants (Male
= 3; Female = 4; aged 20-22years). English is a second language for these students, who aimed to
interpret selected cohesive and beat gestures extracted from the lecture videos (Figure 4(B)). When stu-
dents observed the instructors’ cohesive and beat gestures without any accompanying audio cues, 12
out of 13 were able to easily infer the contextual meanings. For example, when instructors repeatedly
performed upward or downward hand movements, students recognized these gestures as an intentional
emphasis on specific concepts—often accompanied by nouns or adverbs indicating a strong attitude
toward the definition. Similarly, when instructors linked gestures in sequence, students identified this
as a transition between concepts, with the likely presence of conjunctions or similar connecting terms.
As informed by these insights, the next phase involved c¢) educator gesture mimicking (Figure 4(C)).
The educator initially executed a trial featuring a sequence of both intentional and non-intentional ges-
tures, grounded in the prepared presentation notes. The educator and the PA designer then engaged in
a detailed discussion to reach a consensus on criteria for word-gesture alignment, drawing from the tri-
al’s gesture sequences. Throughout the process, the educator reflected on key moments and logical con-
nections in the course content where key concepts emerged, while also identifying how gestures could
reinforce these concepts and facilitate knowledge transitions to advance the course flow. Meanwhile,
the PA designer documented these reflections. This dialogue directly influenced the design of naturalis-
tic instructional gestures for subsequent phases.

3.3.3. Stage 2: Human PA Acting (performance-based rehearsal)
In the second iteration, the Human PA acting phase, the educator acted as a “human prototype” to
externalize tacit pedagogical knowledge through performance (Figure 5).

In the second iteration, known as the Human PA acting phase, involving the educator as the central
figure. During this stage, the educator primarily focused on professionally delivering the prepared pres-
entation, integrating instructional gestures summarized from the previous phase. The educator seam-
lessly incorporated them into natural, rhythmic hand movements, designing for a smooth flow that
closely mirrors everyday teaching interactions (see Figure 5(D)). This stage consisted of multiple rounds
of (a) presentation rehearsals and acting out to ensure that gestures, speech rate, and intonation were
synchronized timely and coherently with the presentation contents.

Following these rehearsals, the educator formally delivered the lecture in English, adhering to the pres-
entation notes, visual aids, and gesture design criteria developed in the prior stage (see Figure 1(B)). The
PA designer observed the gestures performed by the educator, and both parties reflected on how to better

Pr,eﬁentation slides Educator Designer
no

wit tes
(p) Presentation with gesture (e) Correcting and synthesizing (F) Human-voiced presentation with hu-
explorations human gestures man gestures acting

Figure 5. Stage 2: Human PA acting.
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express word-synchronized gestures to (b) correct and synthesize the human gesture samples (see Figure
5(E)). For instance, when an image of a swelling pufferfish was displayed on the screen, the teacher made
a obvious raising-hands gesture to emphasize the new concept. The entire process was recorded using an
iPhone with the voice captured simultaneously using AirPods Pro as a separate audio track, ensuring
high-quality audio.

Subsequently, the recording was trimmed and edited into a 14-minute presentation, serving as a key
reference for the PA designer. However, flaws such as inconsistent transitions between gestures appeared
in the draft recording. Therefore, the PA designer shadowed the educator’s gestures in context, a process
that was also being recorded, yielding a smoother and more well-organized (see Figure 1(C)) ¢) presenta-
tion video with synthesized educator’s gestures acting out, thereby maintaining consistency in the gestures
and transitions between them (see Figure 5(F)).

3.3.4. Stage 3: EPA acting. (Human-to-agent motion transfer)

The third phase, Embodied PA Acting, emphasized transforming the human performance into an
embodied agent form through human-to-agent motion transfer via video-based pose estimation and
manual joint correction (Figures 1(D) and 6(G)).

The third phase emphasized transforming the human PA form into an embodied agent form, specif-
ically concentrating on the post-production aspects of 3D avatar design, mainly executed by the PA
designer. Moving from human performance video to an EPA form serves a purpose beyond replication:
it decouples gestural content from the identity of a specific presenter, enables systematic modification
of gesture parameters across iterations, and provides a controlled research instrument for isolating ges-
ture-specific effects on student perceptions. We opted for minimalist, robotic avatars over humanoid
configurations to focus participants’ attention on the instructional gestures—the primary research focus.
While prior research indicates that agent appearance significantly influences student perceptions (Beege
et al., 2022; Shiban et al., 2015), our faceless design choice aimed to isolate gesture-specific effects by
minimizing confounding factors related to facial features, physique, and attire. We retained the original
human-voiced soundtrack to mitigate the potential bias introduced by synthesized speech quality, which
could impact the learning experience (Dai et al.,, 2022). This also ensures the provision of appropriate
social cues for student engagement, while maintaining a level of abstraction to prevent unintended
associations or biases related to physical appearance (see Figure 6(G)). To achieve this transformation,
several Al-based motion capture and tracking techniques were explored, where a 3D animated avatar
was constructed to mirror the educator’s presentation, including platforms such as Plask Motion®,
MoveAl’, and DeepMotion'®. We settled on DeepMotion due to its robust pose estimation capabilities,
particularly its accessibility and precise hand-tracking. Subsequently, the previously recorded human
PA acting video was uploaded to DeepMotion and then transformed to 3D animated avatar video.

The PAs designer refined human PA video, excising repetitions and reorganizing the footage into
seven 2-minute sequences to optimize readability and transform capability on the DeepMotion plat-
form. Upon completion of the transition from human to 3D PA, minor adjustments were made to the
avatar joints to rectify issues, especially concerning the conversion of 2D videos into 3D animations,
where the depth information was frequently either imprecise or entirely absent (see Figure 6(H)). In
such instances, the PA designer manually moved the joint nodes to properly show the gestures, adher-
ing to the principle of texturing the gestures as naturally and human-like as possible. Subsequent to the
rendering of the 3D animated PA and its integration into the presentation slides using Adobe
AfterEffect, we yielded a c) presentation video with rendered PA gestures (see Figure 6(I)). The half-
body size of the PA is positioned on the right-hand side of the video frame to optimize visual clarity.
This intentional design configuration facilitates an unobstructed view of both the educational materials
and the PA’s gestural expressions, thereby enhancing the students’ capacity for cognitive engagement.

3.3.5. Stage 4: EPA-assisted course delivery
The final stage involved deploying the EPA-assisted presentation (see Figure 7(J)) in an actual learning
context to evaluate its effectiveness and gather user feedback (Figure 7).
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3.3.6. EPA-assisted course delivery

To investigate the efficacy and user experience of a virtual lecture featuring a gestural PA customized
to address teachers’ multimodal instructional needs. We conducted a) user study on campus (see
Figure 7(J)). The student participants were recruited through on-site poster advertising. English is their
second language, and all participants possess an IELTS score of 6 or equivalent, enabling them to
understand courses primarily taught in English. Eligibility criteria stipulated that candidates possess
limited prior knowledge of the subject matter but exhibit a keen interest in interactive materiality.
Upon arrival at a designated empty classroom, each participant was furnished with a laptop and noise-
canceling headphones. The self-paced learning module had an average duration of 45 min. A researcher
was on-site to facilitate the study and address any queries, ensuring an environment devoid of extrane-
ous disruptions. Comprehensive audio-visual recordings, along with on-site notations, were secured for
subsequent analysis (see Figure 7(K)).

4, User study
4.1. Method and materials

Our user study aimed to evaluate the learning experiences and perceptions of EPA-assisted courses cus-
tomized according to the instructional needs of educators. The study was conducted through a struc-
tured three-phase evaluation protocol (on-campus setup, see Figure 7(J)). The initial phase consisted of
a pre-questionnaire encompassing a demographic inquiry and a pre-transfer test to assess participants’
baseline knowledge of the subject. The second phase featured a 14-minute video-based instructional
session. This duration was selected based on pedagogical recommendations for university-level content
(Lagerstrom et al., 2015), suggesting that 12-20 min provide sufficient exposure for students to form
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stable perceptions of an agent’s social presence and benefit from cumulative gestural cues (Castro-
Alonso et al., 2021). The 14-minute format also enabled comprehensive coverage of complete instruc-
tional content while maintaining engagement, aligning with our research focus on perceptual validation
rather than long-term learning outcome assessment. The final phase comprised a post-questionnaire
that included a post-transfer test, seven subquestions adopted from the Agent Persona Instrument
(API) (Baylor & Ryu, 2003), which covered four aspects: engagement, person-like qualities, instructor-
like qualities, and credibility, along with two open-ended questions designed to elicit in-depth reflec-
tions on the educational experience. In the pre-questionnaire, we gathered data on participants’ gender,
age, major, and educational level. Additionally, we assessed their English proficiency, familiarity with
the theme of the course we designed, and their level of interest in the course. For these assessments, we
employed a 7-point scale for each question. The pre- and post-transfer tests consist of the same set of
15 questions. These questions are designed based on an average of one key concept appearing for every
two slides in the lecture videos, with a total of 30 slides. The lecture script was designed at CEFR B2
level (Flesch-Kincaid Grade Level = 11.6; Flesch Reading Ease = 42.3) (Flesch, 1948; Kincaid et al,
1975), and the narration was delivered at a speaking rate of 142 words per minute (wpm)—a moder-
ated pace suitable for complex technical subjects that balances cognitive load management with engage-
ment (Pastore, 2012; Williams, 1998). The teacher explains related concepts using various methods,
such as presenting relationship diagrams and providing examples. Transfer test scores are determined
as follows: 3 points for integrating video knowledge with personal explanation and examples; 2 points
for reciting video content with examples; 1 point for partial recall or somewhat relevant examples; 0
points for unrelated answers. The maximum score per lecture is 45 points. The open-ended questions
were formulated as follows: “Can you provide a detailed description of your experience with today’s vir-
tual learning process, offering specific examples where possible?” and “What are your impressions of the
PA? Please elucidate on aspects such as professionalism, personality traits, and the efficacy of body move-
ments and communicative gestures.”

4.2. Subjects

The study initially screened candidates to ensure they met specific pretest criteria, resulting in a final
sample of 38 students recruited from a university in Hong Kong. This sample comprised 32 females
and 6 males, aged between 18 and 26 years old (M =21; SD =2.05). The participants come from diverse
academic backgrounds including Business (n=17), Engineering (n=09), Health Science (n=7),
Computing (n=2), Design (n=2), and Linguistics (n=1). Among them, 27 were undergraduates and
11 were postgraduates. As English is the medium of instruction at Hong Kong universities, all partici-
pants were required to demonstrate a minimum English proficiency equivalent to an IELTS score of 6
or higher, ensuring their ability to comprehend the lecture script (CEFR B2 level). While the majority
of participants were local or from mainland China and Southeast Asia—speaking English as a second
language—they self-rated their proficiency for academic communication as relatively high (M =4.89,
SD =0.89). Their familiarity with the subject of our tested course was relatively low (M =2.95,
SD =1.49), yet their interest in the course was high (M =4.84, SD =1.41). Following the lecture, partic-
ipants rated the perceived difficulty of the content at M =4.16 out of 7 (SD=1.35), indicating that the
material —designed at CEFR B2 level—provided a sufficient cognitive challenge without exceeding their
comprehension levels, which corroborates the alignment between the script’s readability metrics and
students’ actual learning experience.

4.3. Data analysis

Our primary research interest centered on students’ qualitative perceptions and experiences of gesture-
based PAs. To ensure the validity of these interpretations, we first established that participants engaged
meaningfully with the instructional material and formed coherent impressions of the PA. Paired-sample
t-tests on pre- and post-transfer scores verified knowledge acquisition during the session, while descrip-
tive statistics for API dimensions (engagement, person-like qualities, instructor-like qualities, and cred-
ibility) confirmed that participants developed stable perceptions of the PA’s social and instructional
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presence. These quantitative checks served as essential prerequisites for interpreting the subsequent
qualitative data.

The core analysis focused on open-ended interview responses, which underwent thematic content
analysis (Clarke & Braun, 2017). Two independent coders reviewed the qualitative feedback, identifying
recurring themes related to the PA’s professionalism, human-likeness, approachability, and gesture
effectiveness, guided by a shared coding protocol developed during the Stage 1 calibration phase.
Where categories were disputed, both coders discussed until consensus was reached, following estab-
lished consensus coding procedures (Johnny Saldana, 2021). Representative quotes were then organized
into a two-dimensional feedback categorization matrix, systematically mapping student perceptions
across dimensions of human-likeness versus professionalism and human-likeness versus approachability.
This approach enabled us to synthesize patterns in how specific gesture types (cohesive, beat) influ-
enced students’ subjective experiences and social impressions of the PA, thereby generating grounded
insights to inform future design iterations in gesture-based embodied pedagogy.

4.4. Results

Upon completion of data collection and subsequent data cleaning, we performed a paired-sample t-test,
revealing statistically significant disparities between pre- and post-transfer scores (pre-transfer M =3.95,
SD =2.99; post-transfer M =7.82, SD =4.37; t(37) = 6.02, p <0.001, Cohen’s d=0.98), confirming that
participants engaged meaningfully with the instructional material. Additionally, Students’ scores for
API engagement (M =4.46, SD =1.55), API person-like qualities (M =4.39, SD =1.56), API instructor-
like qualities (M =4.97, SD=1.16), and API credibility (M =4.68, SD = 1.58) reflect a generally positive
impression of the PA, as students perceived it to be human-like and capable of conveying important
learning information, along with a high level of credibility. These results confirm that participants
engaged meaningfully with the lecture and formed stable perceptions of the PA. Then we engaged in
the b) synthesized feedback garnered from student participants. Eighteen out of thirty-eight respondents
reported that the instructional materials were understandable and well-organized, while seventeen
expressed a desire for opportunities to continue learning related courses. Their feedback described the
course as “interesting,” “satisfying,” and “meaningful.” Fourteen respondents noted that the PA
resembled a real person, seven commented on the naturalness of its movements, and another seven
described the PA as amicable. Nineteen respondents perceived the PA as professional, with remarks
such as, “the degree of professionalism is the same as that of real people,” along with observations
about its organized speech and occasional humor. However, four respondents mentioned that the PA’s
hand movements were noticeably repetitive and exaggerated, using phrases like “very intelligent use of
a lot of body language.”

Following the analytic approach described above, the feedback categorization matrix presents our
findings across four distinct dimensions of the PA’s human-like characteristics: human-like and profes-
sional, human-like and amicable, professional yet divergent from human attributes, and amicable yet
distinct from human attributes. Students who perceived the PA as both human-like and professional
offered feedback such as, “He is very professional and has a calm personality” and “accompanied by rich
body movements, it can accurately convey information.” Conversely, certain students expressed that
while the PA possessed a professional demeanor, the semblance to a real human was not entirely con-
vincing. One student commented, “he is not similar to the real teacher. but it’s fine, because I can also
learn the knowledge from him.” Meanwhile, a majority of students conveyed that the PA remarkably
resembled a genuine human and projected an agreeable personality. They cited instances such as
“occasionally shows a slight sense of humor” and “body movements are coherent and can attract people
to listen.” However, a subset of students contended that the PA’s authenticity was compromised by
repetitive gestures, with one student noting, “the PA’s keeps moving, and the action continues to repeat,
which is a little hindering me from reading the words on the slides,” and by the absence of interactions
with the surrounding content, as voiced by another student, “there is no engagement between the PA
and the visual elements on the slides.”

Based on the matrix analysis, we deduced four distinct directions for further refinement. The initial
direction underscores that the integration of cohesive and beat gestures into the PA design can
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engender a heightened sense of professionalism among students. The synchronization between speech
rhythms and beat gestures effectively punctuates crucial information, mimicking the discernible behav-
ior of a genuine teacher. Secondly, cohesive gestures play a pivotal role in facilitating smooth transi-
tions and connections within the PA’s gestural repertoire, thereby cultivating a sense of approachability
among students. Thirdly, consideration should be accorded to the integration of the PA’s bodily move-
ments with instructional materials and the audience. This strategic alignment bolsters students’ engage-
ment and engenders a heightened sense of social involvement. Lastly, the tendency for repetitive
gestures to enhance visual awareness should be recognized. However, excessive use can negatively affect
students’ perceptions, leading to feelings of unreality and emotional detachment. Overall, incorporating
pedagogically grounded gestures into PAs enhances students’ social presence and perceived instruc-
tional quality, thereby enriching their learning experience and creating conditions conducive to engage-
ment and knowledge acquisition.

5. Insights for the design of instructional gesture generation

Building on the student feedback patterns identified above, this section synthesizes insights from our
four-stage methodology—from multimodal analysis of authentic teaching (Stage 1) through collabora-
tive prototyping (Stage 2), technical implementation (Stage 3), to student evaluation (Stage 4)—into
actionable design principles. Our approach offers a replicable process for developing pedagogically
grounded gestures: analyzing gesture patterns in authentic instruction, collaboratively externalizing edu-
cators’ tacit knowledge through rehearsal, navigating technical constraints during implementation, and
validating designs through student perceptions. Our focus on cohesive and beat gestures is grounded in
both empirical prevalence (these types dominated observed instructional discourse) and theoretical
transferability: unlike iconic or metaphoric gestures tied to disciplinary terminology (Masson-Carro
et al., 2017; Wei & Chow, 2023), cohesive and beat gestures serve fundamental communicative func-
tions—linking concepts, marking emphasis, regulating rhythm—applicable across domains (Belhiah,
2013; McNeill, 2011). What varies across contexts is the linguistic anchors (which words trigger
emphasis, where transitions occur) and timing parameters, not the gesture types themselves. The five
instructional functions we identify (emphasis, flow, emotion, rhythm, connection) and the methodology
for operationalizing them show potential for application across educational domains.

5.1. Teaching objectives and multimodal instruction design

The corpus analysis of 71,252 gesture samples from 13 design and art lectures (Stage 1) revealed that
cohesive (44.34%) and beat gestures (38.26%) dominated instructional discourse. This distribution
extends prior findings on word-synchronized gestures (Wei & Chow, 2023), providing further evidence
that these gesture types frequently accompany specific linguistic structures in teaching contexts. This
foundation informed our gesture selection for the PA design case. One of the first steps in the collabor-
ation was to clarify the teaching objectives, as these directly influence the type of gestures required.
Educators would articulate their instructional goals, such as explaining and emphasizing key concepts
or guiding students through a thought process. From a multimodal instruction design perspective,
instructional gestures structure information flow, regulate cognitive load (Mayer, 2002), and amplify
verbal content (Goldin-Meadow, 2015). Based on these goals, PA designers would translate them into
indexes and labels for instructional intents. The educator’s instructional intents can be categorized into
five key types. These include:

1. Emphasis on Key Concepts: This is achieved by varying the pace, size, and amplitude of gestures,
which helps draw attention to important knowledge or transitions.

2. Natural Flow of Communication: Changes in the direction of the gestures’ movement contribute to
a smooth and natural flow of interaction, facilitating better communication with the students.

3. Emotional Expression: The contrast between forward and backward gestures, as well as the direc-
tional movement of the gestures, helps convey emotional tone and intent, aiding in emotional
engagement and emphasis.
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4. Adjustment of Course Rhythm: Pauses or breaks in the gesture flow help regulate the pace of the
lesson, providing students with the opportunity to process information.

5. Connection Between Concepts: Smooth transition gestures are employed to link key points of the
lesson, maintaining continuity and coherence in the instructional flow.

For instance, when the educator needed to explain an abstract concept, the instructional gesture
could be labeled as an “emphasis gesture” by the LLM-based generative retrieval system, manifested
through an increase in amplitude and described as “hands moving vertically.” This gesture would signal
important knowledge points to the students, highlighting shifts in the educator’s communication and
helping students identify key concepts or transitions in the material, thus enhancing focus and compre-
hension. In another example, when the educator’s script indicated a semantic shift, such as “Now let’s
move on to the next step in the design process,” the LLM-based generative retrieval system could label
the gesture as a “cohesive gesture,” guiding students through the transition and helping them follow
the change in focus.

5.2. Translating student feedback into design specifications

Based on the feedback categorization matrix, we identified four main needs from students that can
guide the refinement of PA gestures. These needs span across gesture variability, engagement with con-
tent, professional demeanor, and human-likeness:

1. Gesture Variability: Some students noted that repetitive gestures hindered their engagement.
Therefore, there is a need for more varied gestures to maintain students’ focus and to enhance the
authenticity of the PA.

2. Engagement with Instructional Content: Students expressed a desire for the PA to interact more
dynamically with the instructional materials, such as slides. This would improve student engage-
ment and create a more interactive learning experience.

3. Professional Demeanor: Students who perceived the PA as professional yet lacking in human-like
qualities indicated the need for gestures that align more closely with human communication pat-
terns, enhancing both the professionalism and relatability of the PA.

4. Human-Likeness: While many students appreciated the PA’s friendly demeanor, they suggested
that more social and emotional cues, such as humor or varied gestures, would improve the overall
learning experience.

By addressing these needs—enhancing gesture variability, improving interaction with instructional
content, and balancing professional and human-like qualities—PA designs can be refined to better
engage students and support their learning process. For example, when students provide feedback such
as, “The gesture is unclear or confusing,” the LLM-based generative retrieval system can generate
prompts based on the semantic context to adjust the direction of the gestures. This ensures that the
gestures’ aiming direction is clearer and aligns with the visual content, enhancing the overall clarity
and effectiveness of the communication.

5.3. Synchronization with speech

Synchronizing gestures with speech was a key aspect of the collaborative design process. This involved
aligning gestures not only with the semantic content and instructional intent but also with temporally
appropriate moments in speech. Building on research correlating gesture types with parts of speech
(Wei & Chow, 2023), we developed operational heuristics through Stage 2 rehearsals that guided ges-
ture-speech integration. While the specific timing parameters emerged from English prosody and our
case context, the underlying principle—that gestures should synchronize with linguistic structure—
applies across languages, though local calibration may be needed for different rhythmic patterns. To
facilitate this, the gesture generation system should incorporate gesture timing annotations relative to
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PoS, enabling precise temporal alignment that allows gestures to integrate seamlessly with verbal com-
munication rather than appear disjointed.

5.4. Iterative refinement

Throughout the process, iterative testing and refinement were central to the collaboration. The PA
designer and the educator continuously worked together, conducting mock sessions and gathering feed-
back from students. This iterative approach allowed for fine-tuning both the gestures and their syn-
chronization with the lecture content. The PA designer’s shadowing process (Stage 2c) exemplifies this
iterative refinement: while the educator’s initial performance featured rich semantic content, some tran-
sitions appeared abrupt when isolated for animation. By mirroring the educator’s movements and
experimenting with interpolated transitions, the PA designer smoothed the gestural flow, ensuring each
movement had clear onset, stroke, and retraction phases—a principle rooted in gesture phase theory
(McNeill, 2011) that transcends specific instructional contexts. Feedback loops helped ensure that the
gestures were not only pedagogically effective but also culturally sensitive and contextually relevant to
the students’ learning environment.

5.5. Exploration of GenAl tools

We generated instructional gesture-based teaching videos using commercial text-to-video generation
tools (i.e., Sora and KlingAI) to explore their pedagogical applicability. In our iterative testing, we
observed that Sora produced highly realistic visuals with minimal body deformation and executed sim-
ple gestures like directional movements effectively, while KlingAlI offered motion trajectory brushes that
enabled finer control over gesture sequences. Through testing various educator-intent prompts and
researcher discussions, we found that prompt structure plays a critical role in shaping gesture rhythm,
transitions, and emphasis. Prompts specifying temporal phases, “performs an emphasizing gesture, briefly
pauses, slightly turns” - yielded significantly more coherent output than semantic labels alone. For
instance, “cohesive gesture” produced ambiguous results, but “a lateral hand sweep from left to right,
synchronized with a specific timepoint” generated recognizable transitions. This extends insights from
Stages 1-2: linguistic anchoring and temporal structuring improve GenAl output quality. As an
example, we produced a 5-second PA video in which the teacher explains an abstract concept using an
emphasis gesture followed by a directional body shift, enhancing communicative flow (see Figure 8).
Without such explicit structuring, generated videos often lack temporal coherence, reducing communi-
cative clarity. These findings suggest that future text-to-video systems should incorporate timing, transi-
tion, and emphasis cues as explicit prompt parameters to support pedagogically grounded generation.
To quantitatively evaluate these generation approaches and compare the effectiveness of different
prompt strategies, we conducted a controlled comparison of four generation methods: (1) trajectory-
augmented textual prompts (KlingAI 1.5 with motion paths), (2) structured textual gesture prompts

Al-generated PA ﬂ g
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Figure 8. KlingAl Generated PA in a sequence of gestures animated by using the prompt, “a male teacher is enthusias-
tically describing an academic definition. He performs an emphasizing gesture, briefly pauses, and slightly turns his upper
body to look toward the right side of the students. The shot only includes the teacher, with the camera fixed at a medium-
close range, and the teacher remaining stationary.” the first gesture highlights emphasis, and the second demonstrates
intent, as the PA slightly turns their upper body toward the right side, as if engaging with students on that side.
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(Sora), (3) structured textual gesture prompts (KlingAI 2.6), and (4) baseline with speech script only
(KlingAlI 2.6, no gesture instructions). Through online recruitment, we screened respondents based on
having at least one year of experience in educational practice and one year of familiarity with Al tools,
ultimately selecting 12 qualified experts (aged 29.67 +4.50 years; 4 male, 8 female). Each expert rated
the four videos on nine rating items using 7-point Likert scales; items were grouped into six dimen-
sions: gesture execution quality, prompt adherence, temporal coherence, visual realism, instructor
authenticity, and instructional suitability.

Repeated measures ANOVAs revealed significant main effects for all six dimensions (all F > 3.99,
p <0.05, partial 5*> =0.27), with prompt adherence showing the largest effect (F(3,33) = 15.26,
p <0.01, partial 2 = 0.58). Post-hoc pairwise comparisons with Bonferroni correction (= 0.008) indi-
cated that trajectory-augmented guidance (condition 1) significantly outperformed other methods on
multiple dimensions (all p < 0.008, d = 0.40-2.04). Critically, all gesture-enhanced conditions (1-3) sig-
nificantly surpassed the baseline (all p <0.008, d = 0.66-2.93). These findings are consistent with our
exploratory observations, providing quantitative evidence that structured gesture prompts (temporal
structuring, linguistic anchors, and motion trajectories) substantially improve instructional quality and
enable a human-in-control workflow for pedagogically grounded video generation.

5.6. Methodological contributions and scope

Advancing existing knowledge. First, while prior research documents gesture importance (Li et al,
2022; Schneider et al., 2022), systematic frameworks for translating pedagogical intent into implement-
able specifications remain limited—our framework operationalizes this through a structured method-
ology that encompasses corpus analysis, collaborative rehearsal, technical implementation, and student
validation. Second, existing synthesis research evaluates naturalness (Wolfert et al., 2022; Zhang et al.,
2024), yet few studies empirically link teaching behaviors to student perceptions of pedagogical dimen-
sions—our feedback matrix shows API ratings and qualitative evidence validate word-synchronized ges-
ture design. Third, our GenAl exploration reveals structured prompts (temporal phases and linguistic
anchors) produce more instructionally coherent output than semantic labels alone.

Contextual grounding. This methodology was developed and validated through one instructional
case: a 14-minute lecture on material-centered design processes, delivered in English to university stu-
dents (primarily undergraduate level) in a Hong Kong educational context where English serves as the
medium of instruction yet most students are second-language speakers. The educator explained a pro-
cedural workflow through step-by-step demonstration, using cohesive gestures to connect sequential
phases and beat gestures to emphasize key concepts. This linguistic context shaped both the lecture’s
moderate speaking rate (142 wpm) and the design emphasis on multimodal cues beyond verbal content.
The case reflects our human-centered approach: we began by observing authentic teaching to identify
prevalent patterns, captured an educator’s tacit pedagogical knowledge through collaborative rehearsal,
and validated designs through student perceptions of instructional quality. This case demonstrates how
the framework operationalizes HCAI principles—preserving educator agency while leveraging computa-
tional tools—and the design heuristics derived from this process inform future applications where simi-
lar collaborative, reflective practices can translate instructional intentions into embodied agent behavior.

6. Discussion

Our work, centered on designing and evaluating pedagogical agent (PA) gestures, is presented as a
methodological case study for the broader field of Human-Centered AI (HCAI). This discussion reflects
on our process and findings in relation to the core challenges of HCAI, particularly the need to bridge
the gap between high-level principles and the concrete, practical work of designing and implementing
intelligent systems. We structure our contributions into three main areas: the human-centered design
framework we developed, the empirical results of its application, and a critical assessment of how our
process informs the future of Generative Al
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6.1. Novel aspects of the pedagogical agent design process

6.1.1. Collaborative reflective practices

A distinctive feature of our process was the integration of collaborative reflection-in-action (Schon,
1992) during the Human PA Acting phase. While reflective practice traditionally centers on individual
cognition, our approach extended this to a dyadic context where the educator and PA designer engaged
in the iterative refinement of gestures, resembling an ongoing decision-making process. Within this col-
laborative setting, gestures were continuously explored, evaluated, and adjusted through real-time feed-
back and shared reflection. Although the educator worked from a pre-scripted presentation, multiple
rehearsal rounds proved essential for this reflective cycle. This process revealed a key benefit of collab-
orative reflection: the educator’s propensity for subconscious or extraneous gesturing was identified by
the PA designer, who, serving as an external observer, provided immediate feedback. This intervention
was crucial for mitigating unintended movements and suggesting enhancements for clarity. Through
this dynamic of observation and adjustment - a process reminiscent of collaborative human-AI inter-
action—the PA designer’s role was instrumental in ensuring that gestures were precisely aligned with
pedagogical goals, thereby enhancing their overall communicative efficacy.

6.1.2. Improvizational practices in gesture design

A core characteristic of our design process was the use of structured improvization for gesture creation.
In contrast to conventional teaching where educators’ gestures are often spontaneous and may lack
consistent alignment with verbal content, our methodology employed iterative rehearsals across the
Human PA Acting and EPA Acting stages. This was done to situate gestures meaningfully within the
instructional narrative. During the Human PA Acting phase, the rehearsal process afforded the educator
the flexibility to adapt and refine gestures in real time, fostering an alignment with the teaching content
that was both natural and intentional.

This improvizational flexibility ensured that gestures were not only synchronized with speech but
also contextually tailored to the educational material, thereby enhancing their pedagogical relevance.
This method established a robust foundation for the EPA Acting stage, generating a repository of
refined human movements that the PA designer could translate into a cohesive gestural performance
for the agent. While this approach ensures high fidelity between the human-performed gestures and
their EPAs’ embodiment, it introduces a practical tradeoff: the process is time-intensive, requiring mul-
tiple iterations to achieve the desired level of refinement in both gestures and posture.

6.1.3. Re-contextualizing role-playing as a design method

In our PA design process, we re-contextualized the established design research method of role-play-
ing—also known as “acting out” (Druin, 2002)—specifically for the design of PA gestures. Originally
employed to give designers an embodied understanding of the user experience, we adapted this method
to generate and refine gestural interactions. During the Human PA Acting phase (see Figure 3), the
educator engaged in an immersive enactment of the script, concentrating on the coherent and timely
synchronization of gesture with speech. This performance was augmented by multiple explorative
rehearsals aimed at discovering the most intuitive gestural expressions.

Concurrently, the PA designer adopted the dual roles of observer and proxy audience. In this cap-
acity, they provided critical feedback to calibrate the educator’s gestures for optimal precision and
expressiveness, preventing them from being either exaggerated or overly subtle. This interaction also
engendered a sense of social presence for the Educator, reinforcing the awareness that they were
addressing students and thereby sharpening their focus on effective gestural communication (Goldin-
Meadow, 2015). Ultimately, this application of role-playing fostered greater empathy with the prospect-
ive students’ experience and provided invaluable first-hand feedback integral to the design process.

6.2. Toward human-centered Al for gesture generation

A key contribution of this work is the presentation of a structured, four-stage methodology that guides
the design of PA with instructional gestures. This framework responds to the challenge identified in
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previous research (Xu & Gao, 2023) regarding the difficulty of translating abstract human-centered Al
principles—such as amplifying human capabilities (Ozmen Garibay et al., 2023; Shneiderman, 2020)—
into concrete and replicable design practices. By grounding the process in educators’ instructional
intents and fostering iterative collaboration, the approach provides a practical and flexible methodology
to operationalize these principles, offering valuable guidance for the design and development of embod-
ied AI systems. In doing so, it contributes to advancing human-centered AI by informing the creation
of PAs that have the potential to enhance teaching and learning experiences.

Our methodology is distinguished by two key features. First, it centers human expertise. In contrast
to purely data-driven approaches that train models on generic data, our method begins with and itera-
tively returns to the embodied, tacit knowledge of a human expert. The Human PA Acting stage is a
critical methodological step for eliciting and capturing nuanced performative requirements that are
otherwise difficult to articulate; Second, it provides a clear pathway from requirements to implementa-
tion. It establishes a transparent and traceable link from the initial analysis of human gestures (Stage 1)
to the final EPA (Stage 3). This ensures that the nuanced requirements identified during the ideation
and acting phases are faithfully carried into the downstream stages of design and development.

This four-stage process may offer a structured blueprint for developing future HCAI systems where
human expertise actively guides and refines Al-driven outputs. Here, Al serves not as a replacement
for the designer but as a powerful collaborative partner. Much of contemporary Al development, even
when labeled “human-in-the-loop,” remains data-centric, focusing on collecting vast amounts of data
where the human role is often reduced to that of a data producer. In contrast, our workflow advocates
for an intent-centric perspective. The primary input is not raw data, but the structured, embodied, and
articulated pedagogical intent of an expert. In Lee and See’s (Lee & See, 2004) terms, pedagogical intent
constitutes the purpose dimension of trustworthy PA design—the educator’s goals inherited by the sys-
tem through deliberate design. The framework makes this intent explicit and traceable: surfacing tacit
knowledge (Stage 1) through collaborative rehearsal (Stage 2), embedding it through motion transfer
(Stage 3), and validating it through student perceptions (Stage 4). The Human PA Acting stage is specif-
ically designed to capture a high-fidelity representation of this intent. For HCAI research, this marks a
crucial shift: it provides an epistemological basis for building AI systems that are not merely statistically
accurate relative to a dataset, but are semantically aligned with the goals and values of their human
collaborators.

The framework is structured as a human-Al collaboration in which educators and designers retain
authorship over instructional intent, while AI tools handle motion capture and gesture generation in
service of that intent. The human investment across stages is the means by which pedagogical intent is
extracted, formalized, and made available as a standard for automated systems to build upon. As
intent-aware generation tools mature, individual stages of this process become natural candidates for
progressive automation, guided by the pedagogical standards established through the human-centered
process.

The development of gestural PAs raises important questions regarding pedagogical authority and
student trust in Al instructors. Our study found positive ratings on credibility and professionalism, yet
responsible deployment requires transparency about Al involvement (Shneiderman, 2020), clear com-
munication of system limitations, and institutional frameworks that position PAs as supplementary
tools preserving human educators’ essential roles in mentorship and adaptive support. Research indi-
cates that trust in algorithmic systems depends critically on users’ understanding of system boundaries
and institutional context (Burton et al., 2020), highlighting the need for thoughtful implementation
policies.

6.3. Empirical validation and design insights

6.3.1. Impact of gesture types on student perceptions

Our findings affirm the potential impact of cohesive and beat gestures on students’ perceptions, sug-
gesting that these gestures can improve professionalism and approachability in PAs. This aligns with
previous research (Nakagawa et al, 2021; Schneider et al., 2022; Sinatra et al., 2021), which suggests
that gestures could enhance social engagement and learning experiences among students in educational
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settings. The findings also provide empirical evidence that extends the existing understanding of how
gestures contribute to enhancing the effectiveness of educational interactions (Beege et al., 2020; Davis,
2018; Schneider et al., 2022). In particular, the study’s identification of cohesive and beat gestures as
enhancing students’ sense of professionalism and a pproachability on PA expands upon the previous
research’s focus on the multifaceted functions of gestures in instructional communication.

6.3.2. Context as the core of human-centered Al gesture design

A key insight from our study is the necessity of designing for context, a dimension frequently over-
looked by current generative AI. While many AI models can generate realistic human motion, they
often lack an understanding of the situational factors that make a gesture meaningful. Our work dem-
onstrates that the synergy between a presenter’s bodily movements, the specific educational materials,
and the engagement of the audience is what fosters a vital sense of social involvement. This aligns with
previous findings that the educational environment itself shapes gestural communication (Wei & Chow,
2022).

Ultimately, both our study and prior work argue that for gestures to enhance the situated learning
experience, they cannot be generic; they must be contextually appropriate. This has profound implica-
tions for the design of human-centered Al, particularly for PAs in immersive settings like VR (Petersen
et al, 2021). The future goal must be to move beyond mere kinematic mimicry and toward creating
agents whose gestures are semantically rich and socially aware, thereby transforming an immersive
environment into a truly collaborative and intelligent educational space.

6.3.3. Balancing gesture frequency and variety

The study highlights the potential pitfalls of excessive repetitive gestures and the need for a balanced
approach to gesture design. This recognition of balance is reminiscent of studies that have examined
the optimal use of gestures to augment learning. For instance, Pi and her colleagues (Pi et al., 2022)
discussed the complexity and frequency of gestures in relation to their impact on student engagement
and perception. This contributes to the broader discussion on how gesture frequency and variety inter-
sect with learning experiences. Furthermore, the call for a balanced approach aligns with previous
investigations into gesture complexity and variability. Studies have shown that the use of gestures,
including both iconic and deictic gestures, can enhance students’ engagement with different concepts
(So et al, 2012). Similarly, the negative implications of excessive repetition resonate with concerns
raised in previous research regarding the potential cognitive overload caused by constant or monoton-
ous gestures. For further development of gestural PA design, PA designers should consider utilizing
various gestures and carefully balancing their frequency to enhance the sense of realism and meaning-
fulness while also avoiding cognitive overload for students.

6.4. Generative Al and future directions

6.4.1. Fields of application

The design and application of gestures in PAs have broad implications for various fields within and
beyond educational technology. Building upon the foundational insights provided by Petersen et al.
(Petersen et al., 2021), regarding the potential of PAs to improve educational experiences within VR
environments, we investigated and contributed to the intricacies of gesture design for PAs, specifically
focusing on word-synchronized gestures. For online education in particular, gesture-enabled PAs could
serve as virtual teacher clones designed to supplement educators during fatigue or technical difficulties.
This opens up the possibility for more engaging and authentic Al-driven presentations and addresses
practical problems such as teacher absenteeism. Another field is that of AI Spokespersons (e.g., Al
Humans (DeepBrain'', Synthesia'?)) for multimedia content, particularly in virtual platforms where the
agent serves as a stand-in for human presenters. Previous research in AI spokespersons has focused pri-
marily on vocal intonation and facial expressions, and gesture design could be an essential addition.
Another promising field is e-commerce, which engages in product promotions. However, the heavy reli-
ance on human streamers for constant endorsements can be problematic. This dependence creates a
significant manpower workload, misleading consumers with human streamers’ emotional cues and
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subtle behaviors. To address these issues, gesture-rich virtual agents could be leveraged as a substitute
for the real streamer. Given that behavioral cues can significantly impact online user engagement
(Ahmed et al, 2022), a gesture-rich agent could substantially improve customer interaction metrics.
This alleviates the workload on human presenters and provides a level of consistency and engagement
that can be programmed and fine-tuned for maximum impact.

6.4.2. Implications for generative Al teacher design

Building on our exploration of collaborative and reflective practices in PA gesture design, the future of
embodied Al teacher development holds promising opportunities for incorporating advanced technolo-
gies from HCI, such as Computer Vision (CV), Al-Generated Content (AIGC), and Large Language
Models (LLMs). These technologies offer untapped potential to enhance efficiency and flexibility in the
PA design process by automating or augmenting aspects of gesture creation and content delivery.

6.4.2.1. Toward transcript-prompted Al teacher synthesis. Tools that leverage AIGC in creative media,
as demonstrated by He et al. (2024), where an AI generative model can process the educator’s speech
transcripts and instructional intents as input, generating multiple options for Al-generated gesture syn-
thesis. Moreover, drawing inspiration from the combination of rule-based and learning-based techni-
ques to select naturalistic instructional gestures (Sadoughi & Busso, 2019; Zhang et al., 2024; Zhi et al.,
2023), this research offers valuable insights into crafting prompts for semantic motion generation. This
approach can augment the PA’s alignment with teaching intents, ultimately enhancing AT’s efficiency in
delivering multimedia instructions within a virtual learning environment.

Furthermore, our preliminary findings indicate that cohesive and beat gestures contribute positively
to students’ perceptions of engagement and enjoyment. This insight makes a strong case for additional
quantitative studies. One possible approach would be to use computer vision techniques to analyze the
relationship between gesture types and parts of speech within large video datasets such as TED Talks.
Insights from such analysis could inform the development of Generative Adversarial Network models
that optimize gesture and speech coordination, resulting in more authentic and engaging pedagogical
agents. Al-generated content technology also provides flexibility to design highly customizable and
diverse virtual agent appearances, surpassing the limitations of traditional 3D animation platforms.
While Al-generated content tools can handle complex visual customization, large language models
could generate responsive instructional content and support real time interaction, which would create a
more immersive and dynamic learning experience. Looking ahead in gesture design, a longer term tra-
jectory involves shifting from pre-scripted content to agents capable of adapting gestures in real time.
Future systems could utilize multimodal learner sensing, including gaze patterns, facial expressions, or
affective signals, to adjust gesture intensity, pacing, and type according to real time engagement states.
This would mark a transition from the human in control workflow featured here to a synchronous and
adaptive instructional system in which pedagogical intent is not simply encoded at the outset but is
continually negotiated between the agent and learner.

6.4.2.2. Toward highly controllable and versatile PA gestures. In this study, we primarily focused on
cohesive and beat gestures as foundational elements for PAs in interactive environments. However,
these gestures represent only the starting point of a broader exploration. Future research could expand
this foundation by incorporating a diverse range of gesture types, each providing unique functionality
depending on context and application. One promising direction involves deictic gestures, which can be
used to precisely identify, point to, or highlight specific elements within the user interface or learning
environment. These gestures are particularly useful in educational or interactive settings where users
need to focus attention on particular details. Another area of growth is the inclusion of iconic gestures,
which visually represent the content being manipulated or discussed. Such gestures could have immense
utility in domains that rely on visualization, such as science and engineering, where complex structures
and phenomena need to be depicted dynamically through PAs multimodal expressions. Additionally,
metaphoric gestures can enable abstract and symbolic representations, which would be valuable in fields
such as literature, social sciences, or philosophy, where concepts are often intangible and need a more
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creative and expressive mode of interaction. The future evolution of PA gestures can therefore offer
users a high degree of control and versatility, enhancing the richness and expressiveness of human-
computer interactions.

6.4.2.3. Enriching and diversifying training datasets. The use of diffusion-based models for generating
co-speech gestures has gained considerable attention. While existing studies predominantly rely on
TED talks or interview-style videos, these datasets primarily feature conversational content where ges-
tures are often spontaneous and context-dependent. This focus on informal or conversational settings
raises several concerns regarding the applicability and generalizability of the model in instructional or
scripted settings. To enhance the model’s performance and applicability, we propose expanding and
diversifying the training datasets, particularly by focusing on instructional videos that exhibit a broader
range of gesture types. In these instructional settings, gestures are typically more deliberate and serve
distinct communicative purposes—whether to emphasize key points, clarify instructions, or convey
emotions. Videos of educators, coaches, and instructors should be included in the dataset, as these set-
tings naturally offer a greater variety of gestures intended for clear communication. Moreover, includ-
ing content that specifically focuses on the role of gestures in conveying meaning could significantly
enhance the model’s understanding and generation of context-appropriate gestures.

6.5. Limitations

6.5.1. Experimental design and scope

This study employed a within-subjects design focused on perceptual validation, consistent with
Research-through-Design (RtD) methodologies that prioritize understanding user experience and
informing design principles (Zimmerman et al.,, 2007). We did not include a control condition (e.g.,
lecture without gestures or static slides), as our primary objective was to validate whether the collabora-
tively designed PA elicited coherent and positive student perceptions. The observed pre-post transfer
gains served as manipulation checks to confirm meaningful engagement, rather than to isolate gesture-
specific learning effects. Future controlled experiments with counterbalanced conditions (e.g., gesture-
based PA vs. static PA vs. slides-only) are necessary to isolate the specific causal contributions of
instructional gestures to learning effectiveness. Additionally, the 14-minute instructional duration, while
aligned with pedagogical recommendations for establishing stable agent persona perceptions (Castro-
Alonso et al., 2021; Lagerstrom et al., 2015), imposed practical limitations. The brief session restricted
the complexity and depth of content covered and may have prevented students from fully experiencing
sustained instructional interaction typical of authentic classroom settings. Future research should exam-
ine student perceptions and learning experiences in authentic classroom settings with extended instruc-
tional sessions. Additionally, our evaluation relied on self-reported perceptions and transfer test scores.
Complementing these with objective physiological measures, such as gaze-tracking or EEG-based cogni-
tive load assessment—would provide more direct empirical evidence of gestural contributions to learn-
ing processes. We recognize this as a meaningful direction for future work.

6.5.2. Sample population

Another limitation concerns the characteristics of the sample population. The sample exhibited gender
imbalance, which may influence perceptions of agent characteristics. The study findings, derived from a
specific age group and second language speakers in a Hong Kong educational context where English
instruction begins early, may not be generalizable to a broader or different demographic. Future
research should employ balanced gender sampling and recruit participants from diverse linguistic back-
grounds (e.g., native speakers of Japanese, Russian, or other languages) and educational systems. It is
crucial to explore how PAs interact with diverse age groups, cultural backgrounds, and learning styles
to gain more comprehensive insights.

6.5.3. Instructional material selection
The teaching material was selected for its pictorial format and procedural structure to ensure cross-disciplinary
accessibility. However, we did not explicitly analyze how disciplinary background might mediate
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comprehension across the diverse majors represented in our sample. Future research should systematically
assess materials’ disciplinary adaptability and test the framework with content from multiple knowledge
domains.

6.5.4. Pedagogical agent appearance design

The design of the PAs used in the study poses a limitation. We employed a minimalist virtual avatar
lacking facial features to isolate gesture-specific effects. However, this design choice was not compara-
tively evaluated against more realistic agent appearances. Given that agent appearance significantly
influences student perceptions (Beege et al., 2022; Shiban et al., 2015), the faceless design may limit the
external validity and generalizability of findings to real-world applications where more realistic agents
are common. Future research should examine how varying levels of agent realism interact with gesture
design across different instructional contexts.

6.5.5. Generative Al tool exploration and evaluation

Our exploration focused on two commercial platforms (Sora and KlingAl), representing a subset of
available technologies. Other tools and open-source models may exhibit different capabilities in instruc-
tional gesture generation. The quantitative evaluation compared specific model versions, providing ini-
tial evidence but limited by small sample size and tool-specific focus. Given rapid technological
evolution, findings reflect a particular moment. Future research should expand to diverse platforms,
larger samples, and longitudinal assessments to establish broader design principles.

6.5.6. Interactivity of pedagogical agents

The limitation on PA interactivity goes beyond technical issues to include methodological challenges in
gesture analysis. A key constraint is the limited gesture repository, which restricts PA diversity and user
experience. We addressed this by analyzing gestures from experienced teachers in real scenarios, but
future work should expand the gesture database and include more subjects.

7. Conclusion

In conclusion, our work addresses the critical gap between high-level principles and the practical design
of co-speech gestures for pedagogical agents (PAs). We introduced and validated a human-centered
design framework that empowers educators and designers to systematically translate instructional inten-
tions into meaningful agent gestures. Our evaluation, involving a 14-minute course module assessed by
38 university students, demonstrated the framework’s effectiveness. The findings confirmed that an
EPA with human-designed gestures was perceived as more professional and approachable, with stu-
dents describing enriched engagement and positive learning experiences. This research offers three
main contributions to the HCI community: (1) We provide a replicable four-stage design framework
that enables a reflective and collaborative process for embodying pedagogical goals in an agent. (2) We
offer empirical evidence that well-designed cohesive and beat gestures improve student perceptions and
support meaningful learning. (3) Through exploratory testing and quantitative evaluation of text-to-
video generation tools, we demonstrate that structured prompts with temporal phases and linguistic
anchors improve instructional coherence, providing concrete design principles for future Al-generated
instructional content.

Notes

1. Throughout this paper, we use PA (Pedagogical Agent) as the broader category that includes both non-
embodied and embodied instructional agents, and EPA (Embodied Pedagogical Agent) to refer specifically to
agents with a three dimensional physical or virtual form capable of producing body movements. When
describing the visual style of our specific design artifact, a minimalist and faceless 3D avatar, we use 3D
animated avatar as an appearance descriptor rather than a category designation.

2. DeepMotion. Available at: https://www.deepmotion.com/.

HeyGen. Available at: https://www.heygen.com/.

4. Synthesia. Available at: https://www.synthesia.io/.

bt
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5. iFlyTek. Available at: https://iflytek.com.

6. Parts of Speech refer to the grammatical categories used to describe the function of a word in a sentence,
including nouns, verbs, adjectives, and adverbs.

7. OtterAl Available at: https://otter.ai/.

8. DPlask. Available at: https://plask.ai/en-US.

9. MoveAl Available at: https://move.ai/.

10. See Note 2.
11. DeepBrain. Available at: https://docs.aistudios.com/.
12.  See Note 4.
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