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Abstract

Foreign language learning is a cognitively and affectively demanding process, in which fluctuations in attention and
motivation can negatively impact learner engagement. Emotions play a central role in this process, yet they are
rarely modelled in a systematic, data-driven manner in authentic learning environments. This paper presents a
prototype affective computing architecture that incorporates various modalities (audio, video, biosignals) to facilitate
real-time or near-real-time emotion recognition in an educational scenario; the architecture is integrated within an
emotion-aware and adaptive Language Learning application that harnesses Large Language Models in view of
providing appropriate educational scenarios to learners. The system comprises modules for acquiring data for
each modality and a processing pipeline for synchronizing and analyzing heterogeneous affective signals. We
demonstrate both the feasibility and applicability of the approach through a proof-of-concept implementation and
discuss its relevance for studying learner affect and supporting affect-aware educational scenarios. The results
highlight both the applicability of multimodal affective data in educational settings and the need for further research
on their pedagogical interpretation and use.

Keywords: affective computing, emotion recognition, educational application, affect-aware language learn-
ing

1. Introduction

Foreign language learning is a demanding pro-
cess for both learners and educators, requiring sus-
tained attention and concentration. Empirical stud-
ies show that students often experience negative
emotions such as stress, anxiety, fatigue, and short
lapses during instruction, which lead to reduced en-
gagement and distraction (Hlas et al., 2019). At the
same time, research has shown that positive emo-
tions - such as enjoyment and satisfaction - play a
significant role in shaping learners’ motivation and
sustained engagement (Dewaele and MacIntyre,
2014; Dewaele and Macintyre, 2016; Kantaridou
and Psaltou-Joycey, 2023).

The paper presents a multimodal affective com-
puting module integrated into EmoBot (Kallipolitis
et al., 2026), an agentive language learning sys-
tem that employs Large Language Models (LLMs)
to deliver CEFR1-aligned practice and formative
assessment activities within an interactive educa-
tional environment. While the system includes safe-
guards for detecting and pedagogically addressing
toxic or inappropriate language, its primary contribu-
tion lies in the integration of a multimodal affective
computing module. This module enables the inves-
tigation of learners’ affective states during language

1Common European Framework of Reference for Lan-
guages (Council of Europe, 2001)

learning interactions, positioning it not merely as an
adaptive tutor but as a platform for computational
affective science in education, capable of shedding
light on affective engagement, emotional regulation,
and learner behavior over time.

The rest of the paper is structured as follows:
Section 2 outlines the aim and scope of the re-
search; Section 3 presents the related work, focus-
ing on multimodal emotion analysis and affective
computing in foreign language learning, and iden-
tifies the literature gap that highlights the need for
a biosignal-enabled multi-modal dual approach ar-
chitecture for efficient emotion analysis in foreign
language learning contexts. The system design,
the architecture of the incorporated modules, em-
phasizing biosignals, and the technical implemen-
tation of the proposed system along with the adap-
tive affect-aware mechanisms, are detailed in Sec-
tion 4. Section 5 demonstrates the system in prac-
tice, providing valuable insights into the proof-of-
concept application and into a theory-driven quali-
tative evaluation. The challenges of the approach
are discussed in Section 6 followed by conclusions,
lessons learned, and directions for further research,
in Section 7.
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2. Aim and scope of the research

Recent advances in Natural Language Processing
(NLP) have enabled increasingly accurate senti-
ment and emotion detection from textual and au-
dio data. Neural architectures and LLMs have
improved the modelling of affective cues in writ-
ten and spoken language, supporting a range of
applications in dialogue systems that enable hu-
man–computer interaction.

Parallel progress in affective computing has ex-
panded both the methodological scope and the
range of modalities through which emotional states
can be inferred, especially in the field of health
(Wang et al., 2024a). Computational emotion anal-
ysis increasingly relies on multimodal approaches,
incorporating textual information, visual data, audio
signals, and, more recently, physiological measure-
ments recorded in real time or near-real time (NRT).
The integration of heterogeneous yet complemen-
tary modalities has significantly enhanced the ro-
bustness of affective inference systems. Within
this context, advanced human-computer interaction
methods are aimed at identifying emotion through
various sources. By utilizing intelligent pattern
recognition techniques, like Neural Networks (NNs)
and Support Vector Machines (SVMs), the latest
emotion recognition trends include image analysis
(Kundu and Saravanan, 2017) or textual analysis
(Alslaity and Orji, 2024) with encouraging results.

At the same time, progress in mobile and wear-
able technologies has enabled the recognition of
users’ physiological signals through comodity de-
vices (Dias and Cunha, 2018) or their incorpora-
tion into self-assessment procedures (Saganowski
et al., 2023). Such wearable biosensor technolo-
gies are increasingly explored in learning appli-
cations, significantly impacting the field and pro-
viding insights regarding learners’ performance
(Hernández-Mustieles et al., 2024). More broadly,
when multiple heterogeneous yet informative data
sources are available, multimodal frameworks are
widely adopted to support more comprehensive
modelling of affective states (Lyons, 2015).

Within educational settings, various modalities
have been used to monitor learner interaction and
behavior. In most cases, systems, however, rely on
a single interaction interface (e.g., text and audio
capture during online instruction), typically perform-
ing modality-specific analysis followed by feature-
level fusion (Miao, 2025). Nevertheless, the inte-
gration of multimodal affective inference into peda-
gogically grounded tutoring systems remains com-
paratively under-explored.

Addressing this gap, the EmoBot project
(Kallipolitis et al., 2026) proposes a multimodal
affective module integrated into an LLM-based,
CEFR-aligned intelligent tutoring system. The sys-

tem is currently tailored to learners of German as
a foreign language. Rather than presenting the tu-
toring system as a whole, this work focuses specif-
ically on the design and integration of the affective
module within an agentive, NLP-driven architec-
ture. The study therefore concentrates on the oper-
ationalization, synchronization, and fusion of mul-
timodal affective signals, as well as on how these
signals can inform adaptive interaction in foreign
language learning scenarios.

A novelty of this work lies in the inclusion of
various data sources through different user inter-
action points and the application of a dual data
analysis architecture. The affective module is en-
hanced with the modalities of text, audio, and vi-
sual inputs from the learner’s computer and biosig-
nals, from the learner’s already-owned smartwatch,
offering a complete example for an end-to-end
emotion-analysis-enabled language learning sys-
tem (Koulouris et al., 2025). In this work, we high-
light the importance of applying intelligent multi-
resource and multimodal methods by implement-
ing the proposed novel EmoBot architecture into
an emotion recognition paradigm fed by textual,
vocal, visual, and biosignal data. The proposed
system uses the dual-architecture approach to col-
lect, isolate, sync, and manipulate the data types
of each modality and provide user feedback. This
feedback is vital for learning, as evidenced by this
proof-of-concept technical implementation.

One step further, a key contribution of the work is
the transfer of intelligent mHealth-inspired method-
ologies to the domain of education, combining dis-
tributed systems, commodity wearable devices, AI,
advanced data manipulation, and data fusion tech-
niques to support affect-aware interaction in foreign
language learning contexts.

3. State of the art

This section reviews the existing literature on emo-
tion analysis in educational contexts. It focuses on
multimodal approaches and their application to for-
eign language learning (FLL) and highlights current
methodologies and technological trends. Finally, it
identifies existing limitations and, thereby, estab-
lishes the research gap addressed by the present
study.

3.1. Multimodal emotion analysis
Multimodal sentiment analysis is currently a cen-
tral topic of research, enabling advanced human-
machine interaction (Zhu et al., 2024) and provid-
ing a robust source of information (Ezzameli and
Mahersia, 2023). The most common approaches
include the use of visual analysis combined with
NLP methods, either at neutral time (Hu and Flax-
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man, 2018) or in real time. Real time examples
include the utilization of speech (Kim et al., 2007),
images or health-oriented data (Huang et al., 2016)
such as electroencephalograms, respiratory belts,
and electrodermal activity monitors (Nandi et al.,
2021).

While these solutions provide classification for
valence and arousal, they still require sophisticated,
and particularly expensive, hardware and cannot
run on commodity mobile devices. Other mHealth-
oriented solutions include the utilization of feature
extraction from textual and visual modalities, by uti-
lizing Convolutional Neural networks (CNNs), and
relying only on the commodity device hardware
(Poria et al., 2016). Some approaches utilize text
sentiment analysis, usually using SVM text classifi-
cation models (Song, 2021).

Nevertheless, the integration of such multimodal
architectures into pedagogically grounded educa-
tional systems remains comparatively limited.

3.2. Affective Computing in Language
Learning

Intelligent Tutoring Systems (ITSs have been in-
creasingly adopted in instructional settings, includ-
ing language education, as tools for supporting in-
teractive and personalized learning (Belda-Medina
and Calvo-Ferrer, 2022; Barrot, 2023; Antoniou-
Kritikou et al., 2024). Empirical research indicates
that their integration into educational contexts can
enhance learner performance, foster critical think-
ing skills, and provide targeted and individualized
instructional support (Davar et al., 2025), while also
contributing to positive learner experiences and
increased satisfaction (Kuhail et al., 2022). De-
spite acknowledged limitations, several studies re-
port that the pedagogical benefits of conversational
agents generally outweigh their drawbacks for both
learners and educators (Huang et al., 2022).

Recent advances in LLMs have further enhanced
the capabilities of ITSs by enabling adaptive inter-
action, flexible guidance, automated educational
content generation - especially in low-resource set-
tings (Samuel et al., 2024), and instruction tailored
to individual learner needs. In the context of FLL,
conversational agents have been shown to offer
particular advantages for learners who are reluctant
to engage in classroom interaction due to stress,
anxiety, or lack of confidence, suppressing nega-
tive emotions and providing a low-pressure envi-
ronment for language practice and experimentation
(Alwazzan, 2024).

In the field of education, various emotion analysis
methods have been proposed. Emotion recogni-
tion was used for sentiment analysis in learning,
focusing on identifying emotions and having learn-
ing as the centre of interest (Barrón Estrada et al.,

2019). This method is also implemented in dis-
tant learning environments, where it monitors learn-
ers’ perception, learning processes, and commu-
nication methods and highlights the importance of
knowledge acquisition and decision-making (Du-
raes et al., 2021). Within the FLL context, there
are systems that monitor the emotions experienced
by learners (MacIntyre and Gregersen, 2012), the
dynamics of which affect the learning outcome and
proficiency (Wang et al., 2024b). Anxiety is a metric
that is also measured in foreign language e-learning
systems (Ismail and Hastings, 2019).

The utilization of the biosignal modality for emo-
tion recognition is applied in web-based e-learning
scenarios and provides the tutor with insights tai-
lored to providing appropriate learning assistance
or modifying guidance (Chen and Lee, 2011). Fi-
nally, camera-based systems with capabilities to
recognize facial expressions using CNNs are stud-
ied in classrooms for assessing students’ engage-
ment, providing promising results (Pabba and Ku-
mar, 2021).

Although the literature reports multimodal ap-
proaches in educational settings, there is lim-
ited work addressing languages other than En-
glish—such as German—particularly in systems
that integrate biosignal-enabled emotion and sen-
timent analysis within affective computing frame-
works. Existing approaches tend to rely either on
single-modality inference or on multimodal fusion
techniques that require sophisticated and often
costly hardware. Our work addresses this gap by
proposing a multimodal emotion analysis system
that incorporates intelligent mHealth architectures
and methods, enabling real-time or near-real-time
estimation of learners’ emotional states using com-
modity devices.

4. Methodology

The methodological approach adopted in this work
aims to use affective signals in an authentic FLL
setting in view of monitoring how learners’ affective
states emerge and evolve during interaction with an
agentive educational system. Rather than treating
emotion recognition as an end in itself, affective
inference is used as a means for studying learner
affective states and regulation within CEFR-aligned
learning activities that support written production,
reading comprehension, and use of German, oral,
and listening comprehension. To this end, a multi-
modal affective analysis framework is embedded
within EmoBot, enabling the continuous observa-
tion of affective signals during learning sessions.

The proposed system methodology is structured
into three subsections: system design specifica-
tions, architectural details, and the implementation
of the prototype.
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4.1. System Design

The system is designed to facilitate efficient emo-
tion analysis in the educational scenario of lan-
guage learning through simultaneous utilization
of biosignal, visual, and audio modalities. The
pilot implementation is tailored to the needs of
learners of German as a foreign language, as a
proof-of-concept. The data inputs are recorded
through handheld commodity devices, such as
smartwatches and personal computers. A Cloud
Processing Platform (CPP) retrieves the input sig-
nals, performs data processing and per-modality
emotion classification, before fusing the data to ex-
tract an overall emotional status. In addition to the
ML methods that are used, the CPP integrates an
alternative LLM approach for analysing emotion, of-
fering a dual architecture approach that recognizes
emotion in real-time or NRT. The system design is
shown in Figure 1.

Figure 1: Overview of EmoBot. Data from different
modalities (biosignals, audio, and visual) are trans-
mitted to a cloud processing platform. Methods like
feature extraction, data fusion, and LLMs are uti-
lized to infer emotion in real-time or near-real-time.

4.2. System Architecture

The design of EmoBot follows a high-level inter-
action pipeline in which learner input is mediated
through human–computer interaction, analyzed for
affective cues, and used to inform adaptive peda-
gogical responses. Language understanding and
generation are implemented through LLM-based
NLP modules that support CEFR-aligned activity
generation as well as feedback and explanation
via retrieval-augmented generation. Within this
pipeline, the emotion recognition module is aimed
at providing affective signals that guide interaction
flow and adaptation, enabling the system to adjust
feedback, pacing, and task selection in a pedagog-
ically appropriate manner.

The architecture of the proposed system fulfils
the requirements of monitoring biosignals, along
with recording the user expressions, importing the
data in real time through a streaming bus service,
synchronizing, extracting emotion from each modal-
ity and fusing. Hence, the system consists of a web
e-Learning platform, which includes the learning
interface and handles the visual and audio data
input. Moreover, a smartwatch app is developed
for biosignals recoding and a cloud environment
incorporates a data input stream, an Affective Pro-
cessing Unit (APU), an LLM unit and a Late Fusion
Engine. An overview of the proposed architecture
is shown in Figure 2.

Figure 2: The EmoBot emotion analysis system
architecture. Data relevant to each modality are re-
trieved from the educational platform (audio, visual
data) and from a smartwatch application. These
data are then fed into a unified input stream and
transmitted to a cloud-based service for processing.
Therein, the Affective Processing Unit (APU) han-
dles the synchronization, feature extraction, and
prediction generation. Data fusion is, then, per-
formed through a Late Fusion Engine, enhanced
and evaluated alternatively by LLMs, before return-
ing a single emotional status to the educational
platform.

The data input stream retrieves data from the
three modalities in real time and transfers them to
the APU. Therein, the Audio Analysis Component is
responsible for extracting audio waveform data and
performing emotion-based feature extraction. The
Facial Analysis Component handles camera frames
and the Biosignal Analysis Component analyses
vital signs and IMU 2 data, performing also feature
extraction. The results are synced and fused, in-
corporated alternatively by LLMs, contributing to a
dual architecture approach.

2Intertrial Measurement Unit – A sensor which in-
cludes accelerometer and gyroscope and calculates ac-
celerations and rotation rates.
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4.3. Implementation

The system implementation is divided into three
platforms: web, smartwatch and cloud.

4.3.1. Web

The web system initiates once a learning session
begins and utilizes WebRTC to send video and
audio to the cloud platform. It is implemented in
the NodeJS environment. Moreover, through a
data streaming service implemented using Fire-
base Database, the web platform awaits emotion
data from the cloud in NRT.

4.3.2. Smartwatch

The smartwatch application is developed in
watches that allow the custom application develop-
ment, such as iOS WearOS and Android WatchOS.
The recording session is initiated by the user by
entering a 5-digit code generated over the web and
retrieving the current session data. Recorded mea-
surements include heart rate, SpO2, HRV calcu-
lated on device, accelerations, and rotation rates.

4.3.3. Cloud

The cloud service exposes the data input stream
through an API and an event-based data streaming
functionality. The input interface retrieves the data
from the aforementioned modalities and initiates
the appropriate analysis component. The Audio
Analysis Component utilizes a CNN-LSTM architec-
ture with MFCC features and bidirectional temporal
modelling to extract emotion from speech. The Fa-
cial Analysis Component utilizes methods for real-
time facial expression recognition, with planned
extensions using MediaPipe for landmark detec-
tion and 3D-CNNs for temporal expression anal-
ysis. The Biosignal Analysis Component utilizes
datasets like the WESAD dataset (Schmidt et al.,
2018)r or SVM approaches (Hakim et al., 2018) to
efficiently calculate emotions of stress, happiness,
anger, or sadness.

Finally, an alternative LLM-based architecture is
designed to extract fused affective information from
audio and visual modalities. It is currently under de-
velopment, and no fully operational prototype has
been implemented to date. However, preliminary
integration experiments have been conducted to
assess its feasibility.

4.4. Adaptive Tutoring and
human-computer interaction

The adaptive tutoring layer of EmoBot leverages af-
fective inference by translating multimodal emotion

predictions into pedagogically meaningful interac-
tion strategies. Crucially, this affect-driven adap-
tation is tightly integrated with the system’s abil-
ity to generate CEFR-aligned instructional content
through an LLM-based educational module. Thus,
adaptation occurs not only at the level of feedback
style and tone but also at the level of task design,
linguistic complexity, and progression across profi-
ciency levels.

This CEFR-aware generation mechanism pro-
vides the structural backbone upon which affective
adaptation operates. Rather than dynamically gen-
erating arbitrary content, the system selects or gen-
erates tasks within a constrained proficiency band
and then modulates their complexity and scaffold-
ing intensity in response to affective signals.

5. Evaluation

This section highlights the results of the proof-of-
concept prototype, including the system in practice
as a paradigm validation and a qualitative evalua-
tion.

5.1. System in practice
For the proof-of-concept smartwatch prototype, a
WearOS application is developed that can measure
heart rate and SpO2 in real time, as well as HRV
in NRT. Additionally, the data from the onboard
IMU sensor are included in a batch that is sent to
the cloud every 30 seconds. The authentication is
performed by entering a 5-digit code bound to the
current user session. Snapshots of the system in
the authentication and measurement screens are
shown in Figure 3.

Figure 3: The mobile interface, including the au-
thentication screen (A) and the live measurement
screen (B), indicating the current heart rate and
SpO2.

For the web interface, an HTML and JS-based
iframe was created, including an interface for the
camera and audio feed, and was included in the
E-Learning platform. The platform is also respon-
sible for showing the 5-digit code and rendering
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the emotion result from the streaming output of the
cloud service. A snapshot of the web interface is
shown in Figure 4

Figure 4: The web interface, including a camera
preview utilizing WebRTC for audio and video in-
put streams and multimodal analysis results in real
time.

The components of the cloud service are built
using a decoupled approach, in Python, dividing the
data handling and the model inference. An LLM
is utilized in the Late Fusion Engine to fuse the
prediction of each modality into a general output,
before notifying the E-Learning platform.

5.2. Paradigm evaluation
This proof-of-concept prototype acts as an example
of the proposed architecture’s implementation. The
three modalities are validated using state-of-the-art
experimental protocols. For the audio modality, a
comprehensive evaluation across eight datasets
(English and German) identified the CNN-LSTM
architecture as the superior model, achieving up to
81.3% accuracy on German speech with high sta-
bility and cross-lingual generalization, significantly
outperforming complex alternatives like Efficient-
Net.

For the visual modality, the DeepFace library
(Serengil and Ozpinar, 2021) was employed for
facial emotion recognition. DeepFace utilizes the
Mini-Xception architecture (Arriaga et al., 2017),
a lightweight CNN based on depthwise separa-
ble convolutions, trained on the FER-2013 dataset.
The model achieves approximately 66% accuracy
on the FER-2013 benchmark, which is comparable
to human-level performance on the same dataset
( 65 ± 5%). With only around 60,000 parame-
ters, Mini-Xception is highly efficient and well-suited
for real-time or near-real-time deployment on com-
modity hardware, making it a practical choice for
the visual emotion recognition component of the
proposed system. These independent validations

prove that the system uses the best possible meth-
ods and mitigates individual modality risks.

The alternative LLM-based architecture is under
development and has not yet been fully deployed.
It is designed to perform valence and arousal es-
timation from both audio and visual modalities, to
produce a multimodal fused output. Preliminary
integration experiments suggest that BERT-based
models, particularly DistilBERT (Sanh et al., 2019),
show promise in meeting the defined requirements.
However, its evaluation falls outside the scope of
this study, which focuses on biosignal-based affec-
tive computing in distributed systems using com-
modity devices.

5.3. Qualitative evaluation

In addition to component-level quantitative valida-
tion, and in the absence of a user study, a structured
qualitative evaluation was conducted to assess the
theoretical coherence, pedagogical interpretability,
and instructional consistency of the affect-aware
tutoring system within a CEFR-aligned FLL context.

Theoretical coherence: representation of af-
fect and FLL theory. Our system models affect
along the valence-arousal dimensions following
Russell (1980) and Bradley and Lang (1994). This
dimensional representation is consistent with the
data captured via the various modalities includ-
ing biosignals, while it also aligns with SLA re-
search distinguishing positive (enjoyment, satis-
faction) and negative (anxiety, fear of evaluation)
affect (Dewaele and MacIntyre, 2014) in language
learning contexts. Moreover, observed affect tra-
jectories during task escalation (e.g., increasing
arousal during time-constrained production tasks)
correspond to theoretical expectations regarding
foreign language anxiety (FLCA). Similarly, stabi-
lized valence during scaffolded support aligns with
positive psychology perspectives in SLA (MacIn-
tyre and Gregersen, 2012). In this regard, the di-
mensional model produces affect patterns that are
theoretically consistent with established emotion
research in FLL contexts.

Pedagogical interpretability. The recognition
and modelling of learners’ emotional states pro-
vide an insight into variations in emotional states
throughout the learning process. SLA literature
identifies anxiety, fear of negative evaluation, and
reduced motivation as key adult learner constraints
(Schumann, 1975; Gao and Liu, 2022). System-
level affect trajectories plausibly correspond to ele-
vated arousal in difficult tasks, stabilized valence
following immediate formative feedback, and re-
duced activation during highly scaffolded compre-
hension tasks. These patterns align with both anxi-
ety research and positive psychology perspectives
in SLA (MacIntyre and Gregersen, 2012).
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Affect-aware adaptation and feedback. Sys-
tematic and timely feedback has been found to
enhance performance and sustain learner engage-
ment and system retention (Katinskaia et al., 2018;
de Haas et al., 2020), while encouragement con-
tributes to progression across CEFR proficiency lev-
els (Council of Europe, 2001). Formative feedback
is widely regarded as a major determinant of learn-
ing outcomes (Hattie and Timperley, 2007) and is
particularly critical for the development of written
communicative language competence. Feedback
should be immediate, transparent, and explicitly
linked to CEFR can-do descriptors, guiding learners
toward greater alignment with targeted proficiency
levels and enabling iterative performance regula-
tion in relation to descriptor-based performance
criteria (Hattie and Timperley, 2007).

In the proposed architecture, affect-aware adap-
tations are embedded implicitly within the peda-
gogical interaction. The system does not explicitly
label learners’ emotional states (e.g., “You seem
anxious”); instead, it modulates tone, pacing, task
difficulty, and linguistic complexity. This approach
implements affect-informed scaffolding by adjust-
ing instructional support according to inferred va-
lence–arousal patterns and gradually reducing as-
sistance as learners stabilize, consistent with theo-
retical principles (Vygotsky, 1978).

These adaptations remain aligned with CEFR de-
scriptors to ensure structured proficiency progres-
sion. This approach is grounded in SLA literature,
which highlights the importance of fostering psy-
chological safety and learner autonomy within a
non-threatening interactional environment (Pachler
et al., 2009), thereby reducing anxiety and promot-
ing active participation in communicative language
activities (Council of Europe, 2001).

Moreover, emotional variables, particularly
learner self-confidence in communicative tasks, in-
fluence task completion and sustained engagement
(Council of Europe, 2001), especially in evalua-
tive contexts marked by perceived inadequacy or
anxiety. Instructional design in our system sup-
ports learner agency and strategic competence
through interactive scenarios and systematic pos-
itive reinforcement. Such affective engagement
underpins persistence and successful progression
across learning trajectories.

One step further, beyond real-time inference,
the system maintains session-level and cross-
session affective profiles indexed to task categories
and CEFR descriptors. This longitudinal mod-
elling enables detection of recurring task-affect cou-
plings, such as elevated negative valence during
reading comprehension at a specific proficiency
level or reduced activation in written production;
identified patterns guide medium-term adaptation
through targeted reinforcement and controlled task

re-sequencing. This approach is consistent with
SLA evidence linking learning efficiency to sus-
tained attention, structured repetition, and strategic
competence deployment (Council of Europe, 2001).

Overall, this systematic account of emotions is
essential for identifying their contributing factors
and for guiding research methodologies designed
to mitigate their effects. From a computational per-
spective, the system can be interpreted as a multi-
modal affect-adaptive control architecture in which
valence and arousal estimates function as state
variables governing pedagogical adaptation.

6. Discussion

In this section, we discuss challenges that arise
from this work. Although many affective computing
applications are grounded in basic emotion typolo-
gies (Ekman, 1992; Plutchik, 1980), the affective
constructs that are pedagogically salient in educa-
tional settings only partially overlap with these pre-
defined emotion categories. Basic emotion frame-
works were primarily developed to describe evo-
lutionarily grounded, universally recognizable af-
fective expressions (e.g., anger, fear, happiness),
often associated with discrete and prototypical fa-
cial configurations. In contrast, educational con-
texts frequently involve more subtle, cognitively in-
tertwined affective states such as confusion, cogni-
tive overload, sustained engagement, frustration,
boredom, or curiosity. These states cannot always
be mapped onto single discrete categories and may
reflect blends of arousal, valence, and task-related
appraisal.

This conceptual gap is also attested in the struc-
ture of widely used benchmark datasets, which pre-
dominantly annotate prototypical facial expressions
corresponding to basic emotions under controlled
conditions. In the present work, emotion categories
were harmonized into a unified eight-class scheme,
namely, Anger, Disgust, Fear, Happiness, Neutral,
Sadness, Contempt, and Surprise (Ekman and
Friesen, 1986), to reconcile discrepancies across
source datasets (see Section 5.2). While this har-
monization improves cross-dataset consistency for
model training and evaluation, it does not fully ad-
dress the broader issue that these categories only
partially capture educationally meaningful affective
states.

Two methodological challenges arise from this
discrepancy. First, a label mismatch problem
emerges: models trained on basic or general emo-
tion datasets must rely on indirect or heuristic
mappings when applied to pedagogical scenar-
ios. Second, benchmark datasets often contain
expressions recorded in controlled environments,
whereas classroom or self study interactions in-
volve low intensity, context dependent affective fluc-
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tuations embedded within complex cognitive pro-
cesses.

These limitations highlight the need for domain-
specific datasets that go beyond discrete ba-
sic emotion labels and incorporate pedagogically
grounded taxonomies. Such datasets should ide-
ally include temporally aligned signals, task meta-
data, and dimensional affect annotations (e.g., va-
lence–arousal trajectories), enabling the study of
affect as a dynamic and context-sensitive process.
Developing and validating such resources remains
an important direction for advancing affect-aware
educational systems.

7. Conclusion

To conclude, we have presented a multimodal affec-
tive computing architecture integrated into an intel-
ligent language learning system delivering CEFR-
aligned activities within an interactive environment.
The focus is on the design and system-level val-
idation of a distributed framework that combines
audio, visual, and physiological signals acquired
through commodity devices to support real-time or
near-real-time affect inference.

The proposed architecture and the empirical re-
sults demonstrated by the working prototype un-
derscore opportunities for further research. As a
future direction, different methods can be used for
modality-based predictions. Moreover, additional
hardware such as IMU sensors or cameras can
be tested. A larger-scale deployment of the sys-
tem is underway, and, hence, results from apply-
ing the system to real students will be carried out.
The state-of-the-art affective emotion recognition
architecture, along with the developed paradigm,
validates its applicability within the context of com-
putational emotion recognition. The contribution
directs towards continued research in the field, par-
ticularly in relation to its pedagogical and cognitive
implications for Foreign Language Learning, with
specific relevance to the acquisition of languages
other than English.

Finally, future work is also underway to empiri-
cally validate the system with end-users and to de-
velop a pedagogically grounded multimodal dataset
designed to support reproducible research in affect-
aware educational applications. All data will be
made publicly available for reproducibility purposes,
subject to ethical and privacy constraints.

8. Limitations and ethical
considerations

At the time of submission, the proposed framework
has undergone system-level validation but has not
yet been deployed in a large-scale learner study.

No learner self-reports, expert annotations, or con-
trolled comparative experiments were conducted
at this stage. Consequently, affect inference ac-
curacy and measurable learning gains remain to
be empirically validated. A controlled evaluation
with learners of German as a foreign language is
currently in progress.

Furthermore, biosignals are probabilistic indica-
tors of affective states and may be sensitive to indi-
vidual variability, contextual noise, and model bias.
Although temporal smoothing and bounded adap-
tation reduce instability, misclassification of affect
may lead to suboptimal instructional modulation.

From an ethical perspective, affective computing
in educational settings raises concerns related to
privacy, transparency, and autonomy. The system
processes multimodal signals that may be consid-
ered sensitive data; therefore, data minimization,
secure storage, and explicit informed consent are
required.
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