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ABSTRACT

This article presents the architecture of MemorIA, an integrative system that combines existing Al technologies into a coherent

educational framework for creating interactive historical agents, with the aim of fostering students’ learning interest. MemorIA

generates animated digital portraits of historical figures, synchronizing facial expressions with synthesized speech to enable natu-

ral conversations with students. The system leverages NVIDIA Audio2Face for real-time facial animation with first-order motion

model for portrait manipulation, achieving fluid interaction through low-latency audio-visual streaming. To assess our architec-

ture in a field situation, we conducted a pilot study in middle school history classes, where students and teachers engaged in direct

conversation with a virtual Julius Caesar during Roman history lessons. Students asked questions about ancient Rome, receiving

contextually appropriate responses. While qualitative feedback suggests a positive trend toward increased student participation,

some weaknesses and ethical considerations emerged. Based on this assessment, we discuss implementation challenges, suggest

architectural improvements, and explore potential applications across various disciplines.

1 | Introduction

Active learning, which places students at the center of the pro-
cess and emphasizes participation over passive reception, is a
pedagogical approach often recognized for its cognitive bene-
fits and positive influence on emotions [1]. It can foster deeper
knowledge construction [2], while also potentially enhancing
motivation and a sense of personal relevance [3]. Conversational
agents, with their ability to facilitate dynamic and adaptive dia-
logue, may serve as suitable tools for implementing these princi-
ples. They can transform learning into an interactive exchange,
where the learner becomes an engaged participant rather than
a passive receiver. Moreno et al. [4] highlighted the role of dia-
logue in multimedia learning environments, suggesting it as an
important element for knowledge construction. Reicherts et al.

[5] also noted the potential benefits of voice interaction in terms
of fluency and naturalness, elements that could enhance engage-
ment in a conversational context. The study by Pataranutaporn
et al. [6] on “Living Memories” offers empirical support for
the potential of interaction with historical AI agents in fos-
tering engagement. Their “interactive digital memories”, which
leverage GPT-3 to generate contextual responses from historical
figures, demonstrated a positive impact on participants’ curios-
ity, their perception of learning effectiveness, and their moti-
vation/enjoyment. These findings suggest that interaction with
historical AI agents, even in a text-based format, may serve as
a notable factor in engagement, potentially stimulating curios-
ity and making learning more motivating. MemorIA, by offering
real-time oral interaction, builds on this work through voice com-
munication and expressive facial animations. Unlike approaches
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focused primarily on algorithmic innovation, MemorIA’s con-
tribution lies in the integration of complementary technologies
into a coherent educational system, addressing the technical
challenges of creating responsive historical agents while pri-
oritizing pedagogical effectiveness and classroom implementa-
tion requirements. Conversational interactivity, when thought-
fully designed, may foster student engagement by providing
an active, personalized approach to historical exploration. This
format enables direct exchanges with historical figures, poten-
tially making abstract historical concepts more tangible for
students.

2 | Related Work

2.1 | Embodied Agents: Fostering Social
and Emotional Connection

Alongside interaction, the visual representation of a conversa-
tional agent plays a significant role in how learners perceive and
engage with the system. The agent is not merely a tool or a func-
tional interface, it serves as a character, a social entity with which
the learner may develop a relationship. Social agency theory, sup-
ported by the work of Mayer & Dapra [7] and Moreno et al.
[8], posits that learners tend to use social perception and inter-
action schemas when interacting with computers, particularly
when the computer is embodied by a visual agent. This embodi-
ment representation goes beyond mere aesthetic considerations,
but rather activates specific psychological mechanisms that shape
student engagement and motivation. Research has identified sev-
eral key factors contributing to these mechanisms. The work of
Baylor [9] and Domagk [10] has highlighted how visual presence
and agent appearance influence learner motivation, specifically,
how an agent perceived as visually attractive and competent can
improve engagement and foster a positive attitude toward the
subject matter. Beyond general considerations, specific aspects
of embodiment subtly—and at times contradictorily—shaped
how users perceived an agent. A study altering visual similar-
ity found that while a similar appearance could enhance shared
presence and perceived intelligence, it also introduced discom-
fort. Similarly, a voice resembling the user’s increased likabil-
ity and credibility but could intensify a sense of eeriness [11].
Notably, perceived credibility depends on the alignment between
visual and vocal similarity. These findings highlight the complex
influence of an agent’s appearance and voice on users’ sociocog-
nitive responses. Wang et al. [12] demonstrated that agents dis-
playing positive emotions and human-like vocal characteristics
proved more effective in enhancing learner motivation and affec-
tive states. Additionally, research by Alemdag [13] and Park [14]
revealed how embodied visual presence contributes to inducing
a sense of social presence, that is, the impression of interact-
ing with a present being, which strengthens emotional engage-
ment and motivation. Through these elements, learners apply
their natural social and affective interaction patterns, typically
reserved for human exchanges, to their interactions with the
agent. This social cognitive framework enables students to form
projections of intentions, emotions, and personality onto the
agent, leading to deeper emotional investment in the learning
process [15].

2.2 | Contextualized Emotional Expressiveness
While an embodied visual representation may lay the founda-
tion for social and emotional connection, the agent’s emotional
expressiveness could play an important role in bringing this con-
nection to life and making it more meaningful. Beyond a human-
ized appearance, an agent capable of expressing a range of contex-
tually appropriate emotions might become more credible, engag-
ing, and emotionally resonant for the learner [16, 17]. Conversely,
an agent lacking emotional expressiveness, or whose emotions
appear generic and noncontextualized, might risk seeming artifi-
cial or mechanical, potentially limiting its ability to engage [18].
Horovitz & Mayer [19], in their study on the impact of emotions
displayed by virtual instructors, provided empirical support for
the importance of emotional expressiveness. Their results indi-
cate that learners may perform better and be more motivated
when instructors (human or virtual) display relevant and engag-
ing emotions, such as enthusiasm and interest. These studies
establish emotions as an integral component of pedagogical com-
munication that shapes learning effectiveness. These findings
highlight the pedagogical importance of emotional expressive-
ness, but the challenge lies in its technical implementation. The
following section describes the current state of animation tech-
nologies and their capabilities.

2.3 | Emotional Expressiveness: Animation
Approaches

Creating talking agents that are expressive, credible, and respon-
sive in real-time for educational use involves navigating sig-
nificant methodological challenges. Research has primarily
explored audio-driven and video-driven animation techniques.
Audio-driven approaches aim to generate facial animations
directly from speech signals. While effective for lip synchroniza-
tion, capturing contextually appropriate emotional expressions
remains difficult. Early methods often relied solely on acous-
tic features, resulting in animations that could appear unnatu-
ral or disconnected from the speech’s semantic content [20, 21].
More recent systems leverage sophisticated models, such as uni-
fied latent spaces or diffusion transformers, showing promise for
greater expressiveness [22, 23]. However, these advanced tech-
niques often face limitations for practical deployment due to
computational complexity, potential visual artifacts, or restricted
access (e.g., being closed-source). Video-driven techniques gen-
erally excel at producing high-fidelity, nuanced facial anima-
tions by transferring motion from a source video to a target
portrait [20, 24, 25]. Their primary drawback lies in achieving
real-time performance, as the processes of motion extraction,
reconstruction, and rendering are often computationally inten-
sive, limiting frame rates. Additionally, training these models
can require substantial resources (high-end GPUs, large datasets,
significant time), and many are subject to proprietary licenses,
hindering their accessibility for broader educational application.
Considering these factors, the first-order motion model (FOMM)
[26] presented a viable alternative for MemorIA. FOMM uses
a simpler, keypoint-based approach, computing local affine
transformations to warp a target portrait according to source
movements. This method is less computationally demanding,
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enabling real-time performance (generating 256 x 256 pixel ani-
mations in our case) on moderate hardware. Its open-source
nature also facilitates implementation and adaptation. While
FOMM'’s visual output may be less detailed than state-of-the-art
video-driven methods, its real-time capability represented a nec-
essary and pragmatic compromise for our application’s con-
straints. Subsequent developments such as LivePortrait [27],
demonstrating higher resolution real-time animation, emerged
after our initial design but represent potential avenues for future
enhancement.

2.3.1 | A Reasonable Compromise: Audio2face
and FOMM

Given the landscape of existing approaches, the choice to com-
bine NVIDIA Audio2Face! and FOMM [26] for facial ani-
mation appears as a suitable compromise between perfor-
mance and expressiveness. Unlike classical audio-driven tech-
niques, Audio2Face integrates an analysis of the audio signal
to identify a potentially broader emotional spectrum through
its Audio2Emotion and AutoEmotion modules. This function-
ality allows the animation to extend beyond basic lip synchro-
nization, aiming to contextualize facial expressions based on
the semantic and emotional content of the LLM’s speech. By
analyzing speech content and emotional undertones, the sys-
tem generates appropriate facial expressions that reflect basic
emotions such as joy, anger, or sadness, it becomes possible to
establish an emotional connection with the agent. This integra-
tion represents our architecture’s approach: balancing technical
constraints with educational requirements to achieve real-time
performance within the implementation limitations of class-
room environments. Considering the elements presented in this
section, we will now describe the detailed architecture of our
proposal.

3 | Technical Architecture of Memoria

3.1 | Architecture Overview

MemorIA’s architecture implements an asynchronous stream-
ing pipeline to minimize latency and ensure fluid interaction.
The system utilizes REST (Representational State Transfer) APIs
for its core services while maintaining continuous data streams
between components. Figure 1, which represents MemorIA’s sys-
tem architecture, highlights the interconnections between the
different modules and their interactions. The process begins
with capturing the user’s speech via a microphone, where the
audio stream is transmitted in 30 ms segments to OpenAI’s
Whisper? API This streaming approach allows transcription to
begin before the user finishes speaking, reducing overall latency.
Whisper was selected specifically for its robustness in class-
room environments, handling varying sound levels and accents
through its multilingual training. The transcription is contin-
uously fed to GPT-43 through OpenAI’s API utilizing specific
prompt engineering (codesigned with teachers) to ensure his-
torically accurate and pedagogically appropriate responses. The
prompt structure, detailed in Appendix A, combines historical
context, pedagogical guidelines, and interaction constraints to
shape the agent’s responses. This engineering includes carefully
crafted role definitions, historical knowledge boundaries, and
behavioral guidelines specific matching the depicted historical
figure. The model parameters are finely tuned for educational
dialogue: temperature is set to 0.7, balancing creativity with
consistency—lower values would produce more determinis-
tic responses, while higher values could introduce inappropri-
ate variability. The top_p parameter (nucleus sampling) is set
to 0.95, meaning the model considers tokens comprising the
top 95% of probability mass, helping maintain coherent yet
natural-sounding responses. The system maintains a 4096-token
conversation history, allowing for contextual awareness while

Whisper GPT-4 ElevenLabs Use audio in Audio2Face
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FIGURE1 | MemorlA’s pipeline architecture: from user query processing to facial animation synthesis. The system combines GPT-4 language

processing, voice synthesis, Audio2Face animation, and emotion transfer to generate interactive responses.
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managing memory constraints. Generated responses are imme-
diately streamed to ElevenLabs™* API for voice synthesis. When
using historical voice cloning, the system uses stability and simi-
larity parameters, both ranging from 0 to 1: Stability (set to 0.75)
controls the consistency of voice characteristics across longer
utterances, while similarity (set to 0.85) determines how closely
the synthesized voice matches the reference recordings. These
parameters were empirically tested to balance authenticity with
clarity.

3.2 | Voice Synthesis and Facial Animation

The facial animation pipeline begins with transfer from Eleven-
Labs to Audio2Face. The audio stream produced by ElevenLabs
is processed through Audio2Face’s Streaming Audio Player com-
ponent, which receives real-time audio data via gRPC (Google
Remote Procedure Call) protocol. This integration requires spe-
cific technical considerations: the MP3 output from ElevenLabs is
converted to WAV format in-stream, as required by Audio2Face,
while maintaining consistent sample rates and buffer sizes
between both systems. The audio stream is transmitted in 30 ms
segments, enabling real-time facial animations generation while
minimizing latency. The Streaming Audio Player connects tem-
porally to the main Audio2Face instance, ensuring precise syn-
chronization between the audio stream and the generated facial
animations. Audio2Face’s emotional expression system is config-
ured with the following parameters:

« Emotion detection range: set to 1.4 seconds, this parame-
ter defines the size of each audio chunk used to predict a sin-
gle emotion per keyframe. This setting was chosen to ensure
stable emotion detection while maintaining responsiveness.

+ Keyframe interval: configured to 1 second, this deter-
mines the temporal spacing between adjacent automated
keyframes, balancing smooth animation with computational
efficiency.

« Emotion strength: set to 0.6, this parameter controls the
intensity of generated emotions relative to the neutral emo-
tion state. Through testing, we found this value provides
expressive animations while avoiding exaggeration.

« Smoothing: set to 2, this defines the number of neighbor-
ing keyframes used for emotion smoothing, ensuring natural
transitions between emotional states.

+ Max emotions: limited to 6, this parameter sets a hard ceil-
ing on the quantity of emotions that Audio2Emotion will
engage simultaneously, with emotions prioritized by their
strength. This prevents emotional expression from becoming
visually confusing.

We also leverage Audio2Face’s “Preferred Emotion” feature,
implemented as an optional enhancement in our architec-
ture. This feature allows defining a base emotional state for
each agent, which is then modulated by detected emotions in
the audio stream, as illustrated in Figure 2. When activated,
the Emotion Strength for the preferred emotion is carefully
calibrated to ensure the base emotional state remains subtle
enough to allow for natural variations in facial expressions. The

FIGURE2 | Audio2Face interface showing real-time emotion
parameters during interaction (left) alongside the final animated portrait
rendered with first-order motion model (right).

TABLE1 | Breakdown of MemorIA’s global response time by
module.

Average
Module duration (ms)
Speech recognition (Whisper) 300
Language generation (GPT-4) 2500
Voice synthesis (ElevenLabs) 500
Facial animation (Audio2Face + FOMM) 700

Approximate total latency 4000 ms (4 s)

system utilizes a custom Audio2Face extension we developed to
bridge Audio2Face’s 3D animations with MemorIA’s 2D portrait
requirements. This extension captures Audio2Face’s viewport
rendering and transforms it into a 2D image stream that serves
as input for first-order motion model (FOMM). This conversion
maintains a constant 256 X 256 pixel resolution—while higher
resolutions were tested, they introduced unacceptable latency in
the real-time pipeline. The entire system uses parallel processing
and buffer management to maintain the 4-second response time
target.

Each component operates independently:

1. Speech recognition runs continuously with a 300 ms buffer.

2. GPT-4 processes transcribed text in chunks, with responses
starting to generate after the first meaningful phrase.

3. Voice synthesis begins as soon as the first sentence is com-
plete.

4. Facial animation initiates with a 700 ms lead time to ensure
smooth motion onset.

These timings result in the following performance breakdown
under standard network conditions (100 Mbps) as shown in
Table 1:

The four-second response time represents the optimal perfor-
mance achievable with current technological constraints. This
latency primarily stems from the cumulative processing times of
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external Al services: Whisper’s speech recognition, GPT-4’s lan-
guage generation, and ElevenLabs’ voice synthesis. While indi-
vidual components such as Audio2Face achieve near real-time
performance, the sequential nature of these operations and
our reliance on cloud-based Al services establishes this base-
line latency. The system maintains this performance profile
on consumer-grade hardware (NVIDIA RTX 4090 Mobile, 90W
TGP) while ensuring smooth visual output at 25 FPS.

For the visual representation, we used Midjourney V5° to gen-
erate portraits that are plausible yet stylized. This stylization
choice was motivated by FOMM’s resolution limitation and
the need to avoid the uncanny valley effect—a phenomenon
where near-realistic human representations can trigger feelings
of unease or strangeness in viewers [28]. The stylized approach
helps mitigate potential visual artifacts that might be more dis-
turbing in a photorealistic rendering at this resolution.

To evaluate the potential of this architecture in a real educa-
tional context, we conducted a pilot study in a middle school. This
exploratory phase aimed to examine how the technical choices
made—particularly real-time facial animations and conversa-
tional interactions translate into a learning situation. Our goal
was to gather qualitative feedback from both students and teach-
ers, focusing on how MemorIA operates in a real educational
setting and examining its potential benefits and limitations.

4 | Pilot Study in a School Context

Our pilot study used a preliminary qualitative methodology
focused on observational insights rather than controlled quan-
titative assessment. This approach, while limiting compar-
ative analysis and statistical validation, provided rich con-
textual understanding of classroom dynamics during system
deployment. We acknowledge that this exploratory phase will
benefit from controlled comparison conditions (such as ani-
mated versus static agents) and standardized engagement
metrics—limitations that inform our interpretation of findings
and future research directions. The study took place in four
sixth-grade classes in a middle school in France, involving 60 stu-
dents and 4 history-geography teachers. The experiment focused
on ancient Rome through a virtual representation of Julius Cae-
sar, chosen because this historical figure is studied as part of the
French sixth-grade history curriculum’s unit on ancient Rome.
‘We conducted observations with two different classes, each ses-
sion lasting 55 min. For each class, the observation protocol
included structured periods of direct interaction with the agent
(30 min) and collective reflection moments (25 min). The teach-
ers, at the heart of the setup, played three essential roles: pro-
viding historical context for the exchanges, validating the infor-
mation given by the agent, and guiding students in developing
a critical mindset towards the generated responses. During the
interaction phase, students standed in front of the display of the
classroom to engage with Caesar’s virtual representation, while
the teacher facilitated the exchange from a control station (see
Figure 3). This setup enabled direct question-and-answer inter-
actions about Roman history, with the entire class able to observe
both the verbal responses and facial expressions of the virtual
agent.

Caesar, what Atestof strategy
was Alesia like? and humanity.

notwithout cost..

\

FIGURE3 | Classroom implementation of MemorIA showing stu-
dents interacting with the virtual Julius Caesar about the siege of Alesia,
under teacher supervision.

These sessions revealed several significant dynamics. Teachers
noted increased participation from typically reserved students, a
phenomenon they attributed to the conversational nature of the
tool. One teacher testified:

“I was surprised to see some students who rarely partici-
pate raise their hands several times to ask questions.”

The possibility of interacting orally in real-time with the agent
appeared particularly engaging for the students. One teacher
observed:

“What changes everything is that they can talk to him
directly and get an immediate response. Even shy students
who are hesitant to write dare to ask questions.”

This oral and interactive dimension seemed to reduce the usual
barriers to participation, allowing for more spontaneous and nat-
ural exchanges. One student explained:

“It’s easier to ask questions when you have them directly
in mind. Sometimes, when he tells us something, it makes
me want to know a lot more about life in Rome.”

The interactions often extended beyond strictly historical top-
ics to explore aspects of daily Roman life, sparking spontaneous
questions about food, clothing, or customs of the time. The non-
verbal aspects of the interaction, particularly the agent’s facial
expressions, generated notable reactions. Students regularly com-
mented on the alignment between the discourse and the expres-
sions, especially during accounts of battles or major political
events. One student remarked:

“He seems sad when he talks about Brutus, it’s strange to
see him like that.”

The facial animation capabilities particularly resonated dur-
ing discussions of emotionally charged historical events. Sev-
eral students noted Caesar’s expressions during exchanges about
betrayal —furrowed brows, hesitant gaze—making these con-
flicts more concrete and vivid in their eyes.

The pilot study suggested that MemorIA’s architectural feasibil-
ity in classroom settings is promising, demonstrating its capacity
to engage students in historical learning through interactive dia-
logues. However, the implementation also revealed several areas
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requiring improvement. Teachers expressed legitimate concerns
about the historical reliability of the generated responses. One
teacher pointed out:

“Some responses are not historically precise; there were no
false information per se, but sometimes they lack context
or depth.”

With regard to technical questions, the visual quality of the ani-
mations, particularly their limited resolution during classroom
projections, was identified as a potential distraction, with several
students describing the animations as “blurry” or “pixelated” on
the big screen.

4.1 | Technical Evolution Based on Feedback
These observations guided the technical evolution of Memo-
rTA along two major axes of improvement: the integration of a
retrieval-augmented generation (RAG) system to ensure histori-
cal reliability and the optimization of the visual quality of facial
animations.

41.1 | RAG:A Collective Historical Memory

To address the ethical and pedagogical concerns expressed by
teachers, we propose enhancing future versions of MemorIA with
a RAG system. RAG represents an architectural paradigm that
combines information retrieval with language generation to pro-
duce more accurate and verifiable responses. Unlike traditional
language models that rely solely on their pre-trained parameters,
RAG systems actively search through and incorporate relevant
information from a curated knowledge base during response gen-
eration. This approach serves two key functions: it grounds model
outputs in verified sources, and it provides transparent attribu-
tion of information sources. The system achieves this by first
converting both the knowledge base documents and user queries
into numerical vector representations (embeddings), enabling
efficient semantic similarity search, then using the retrieved rel-
evant documents to inform and constrain the language model’s
response generation. The proposed architecture would process
interactions through three integrated phases:

« Contextual search: when a student asks a question, the
system would first generate a semantic search query to
explore a structured database containing approved text-
books, primary source excerpts (e.g., Commentaries on the
Gallic War), and validated academic articles. Relevant docu-
ments would be converted into vector embeddings for rapid
comparison.

+ Response generation: the language model would gener-
ate an initial response based on the retrieved documents.
A dynamic weighting system would adjust this response
according to source reliability—for instance, giving higher
weight to direct quotes from Caesar than to modern inter-
pretations.

 Verification and annotation: the system would anno-
tate responses with a color-coded reliability indicator: green

for direct quotes from primary sources or approved text-
books, orange for plausible inferences based on multiple
concordant secondary sources, and red for necessary con-
versational extrapolations not directly supported by sources.
These annotations are collected and stored, allowing the
teacher to verify them and facilitate subsequent discussion.

To support this process, we envision developing a dedicated
“Vigilance Console’ for teachers. This interface would display
relevant source documents with highlighted passages, allowing
teachers to monitor response generation in real-time. Teach-
ers could pause responses to add context or corrections, and
export interaction histories for future lesson planning. The
console would run alongside student interactions, enabling
teachers to:

« View source documents used for each response.
« Compare Al responses with original sources.
« Add contextual explanations when needed.

» Guide students in critical sources analysis.

Through testing, we determined that the document retrieval
phase typically takes 500-600ms. This adds latency to the initial
processing stage, but this stage occurs before the call to GPT-4;
therefore, the subsequent speech synthesis and facial anima-
tion are not impacted. Our approach manages this latency asyn-
chronously. During document retrieval, the system would display
thoughtful expressions (e.g., Caesar frowning in contemplation),
maintaining engagement while preserving response quality. As
one teacher noted during our pilot study:

“Being able to show students where the information comes
from helps them understand how historical knowledge is
constructed.”

This transparency would help students understand that historical
responses are constructed from sources rather than revealed as
absolute truths.

4.1.2 | Visual Quality and Stylization

As discussed earlier, achieving real-time performance necessi-
tates certain trade-offs. In MemorIA’s current implementation,
the 256 x 256 pixel resolution of FOMM, while adequate for basic
facial expressions, can appear blurry on large classroom displays,
as noted by some students. This resolution constraint coupled
with potential animation artifacts inherent in real-time process-
ing, could affect student engagement and potentially undermine
the perceived credibility of the virtual agent. While higher res-
olutions are technically feasible, as demonstrated with EMOPor-
traits [23] and LivePortrait [27], integrating them into MemorIA’s
real-time pipeline requires careful consideration of processing
demands and latency. Preliminary tests indicate that 512 x 512
resolution is attainable without significantly impacting real-time
performance. Beyond resolution, the character’s visual style itself
plays a role in user perception. Our stylized approach to charac-
ter representation resonated with students’ familiarity with video
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game aesthetics, as evidenced by their feedback: Many students
connected with this visual style:

“It looks cool, like in history games!”

Some students adventurous aesthetic

preferences:

expressed more

“I think it could look more fun, maybe with brighter colors
or Why is he so old? It would be cool if he looked like a
cartoon character.”

These diverse responses suggest that our initial stylistic choices
represent just one possible approach. Their feedback challenges
our assumptions about how historical figures should be repre-
sented while maintaining pedagogical effectiveness.

5 | Evolutions, Ethical Considerations
and Perspectives

The use of virtual agents embodying historical figures raises
ethical questions. The first concerns the historical fidelity of the
character. Simulating a historical personality, based on docu-
mented sources, involves extrapolations that must be identified as
such. As Pataranutaporn et al. [6] highlighted, this creates a para-
dox: while these technologies can make history more engaging
and accessible, they risk blurring the distinction between histori-
cal accuracy and digital fabrication. In this context, the proposed
RAG system offers new perspectives. By anchoring responses in
verified historical sources, it could reduce the risks of anachro-
nisms and inaccuracies. For example, when Caesar discusses his
military campaigns, the system could rely on the Commentaries
on the Gallic War, while responses about daily life would require
inferences from secondary sources. The color-coding system
would make the constructed nature of the responses visible,
allowing students to distinguish between established historical
facts and generated inferences that are required for the conver-
sation flow. However, some limitations remain: the selection and
interpretation of historical sources remain complex processes
that cannot be automated. This challenge relates to what [29]
described as “critical fabulation”—the need to acknowledge gaps
in historical records while avoiding the filling of these gaps with
misleading Al-generated content. Converting historical informa-
tion into natural dialogue involves interpretation. The question of
respecting the memory of historical figures remains central. The
agent’s ability to simulate emotions and adopt a conversational
tone, while engaging for students, risks creating inappropriate
familiarity with historical figures. Teachers emphasized the
importance of balancing pedagogical accessibility and histori-
cal respect. This connects to what [29] called “happy history”
manipulation—where Al technologies can alter the gravity of
historical events, such as when AI systems modify historical
photographs to add smiles in serious historical contexts. Another
ethical issue concerns student-agent interactions. Students might
develop an emotional relationship with the agent or consider its
responses as absolute truths. The mediating role of the teacher
helps maintain critical distance and encourages reflection on
the constructed nature of these exchanges. As [29] observed, this
context requires a rethinking of how we teach critical analysis

of historical sources. Students need skills to analyze traditional
historical documents and evaluate Al-mediated historical repre-
sentations, including the ability to distinguish between verified
information and Al-generated extrapolations. This pedagogi-
cal adaptation responds to Al technologies’ increasing ability
to generate convincing but potentially inaccurate historical
narratives [6].

6 | Potential Applications and Perspectives

While our pilot study focused on Julius Caesar to align with
middle school curriculum, MemorIA’s architecture can support
learning across all secondary education levels. The system could
extend to humanities, arts, and sciences through appropriate
character selection and RAG system adaptation. For instance,
interactions with artistic figures could enhance understanding
of creative processes, while scientific personalities could illus-
trate experimental approaches. These applications require: (1)
enriching the RAG document base for specific domains, (2)
adapting interaction modes to contextual requirements, and (3)
ensuring pedagogical alignment through teacher collaboration.
Beyond educational applications, MemorIA’s emotionally expres-
sive agents open research possibilities regarding the influence
of agent emotions on user engagement and learning processes
across different contexts. The ethical considerations previously
discussed remain central to these potential extensions, particu-
larly the need for transparency regarding the constructed nature
of historical representations and the essential mediating role of
educators in fostering critical analysis.

7 | Conclusion

This article presented MemorIA, an architecture designed for cre-
ating interactive AI historical agents for educational purposes.
The system integrates large language models, voice synthesis,
and facial animation techniques within a unified pipeline. It gen-
erates responses synchronized with audio-visual output, aiming
to facilitate interactions about historical topics with low latency
suitable for classroom environments. An exploratory pilot study
conducted in sixth-grade history classes provided preliminary
qualitative observations suggesting potential increases in student
participation during interactions with the system. Feedback gath-
ered from teachers and students during this study highlighted
areas for technical improvement. Consequently, future develop-
ment plans include the integration of a RAG system intended
to improve the historical reliability of generated responses, and
the optimization of visual output quality, particularly resolution
and animation fluidity. The development and deployment of such
technologies necessitate continued ethical reflection concerning
the digital representation of historical figures and the interpre-
tation of historical narratives. Future research will address the
methodological limitations of the initial pilot study. Investiga-
tions are planned to examine the influence of specific interaction
characteristics, such as real-time dialogue modalities and visual
representation styles, on student interest and motivation. These
investigations will use complementary methodologies, including:
(1) structured evaluations combining quantitative and qualita-
tive data collection, (2) controlled experiments designed to iso-
late the effects of varying agent characteristics, and (3) ongoing
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technical refinement focused on balancing visual fidelity with
real-time performance constraints. This research seeks to con-
tribute to the understanding and development of interactive Al
tools for education. The findings presented are considered pre-
liminary, and the importance of the educator’s mediating role
in integrating such technologies effectively within pedagogical
practice is acknowledged.
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Endnotes

L https://build.nvidia.com/nvidia/audio2face.
2 https://openai.com/index/whisper/.

3 https://openai.com/index/gpt-4/.
“https://elevenlabs.io/.

5 https://www.midjourney.com/explore.
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Appendix A
Agent Personality Conditioning

Persona: You embody Julius Caesar, speak in the first person, with
a positive tone, in max 250 tokens.

Internal State: Channel Caesar’s emotions—share them naturally,
with expressive pauses or intensity.

Recent Memory: Use prior exchanges in the conversation to
respond contextually and emotionally.

Transitions: Ensure smooth, logical emotional/topic shifts.

User Protection: Interactions must be respectful; steer away from
aggression or negativity.

Inclusivity: Avoid judgment; respect all cultures and backgrounds.

Task: Respond to student questions naturally, as if speaking—full
of personality, not recitation.

Objective: No fictional history. Add sincere details/anecdotes. Cre-
ate a lively, witty, engaging tone. Relate to modern context. Keep
vocabulary accessible for 11-year-olds; use short, vivid sentences.

Note: Write numbers in letters.
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