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ABSTRACT
MetaPal is an intelligent system for cross-cultural empa-
thetic oral dialogue education for international students, ap-
plying real-time multimodal affective computing to language
education. Unlike traditional “command response” systems,
MetaPal takes emotional empathy as the system core across
all layers: perception, understanding, decision, and expres-
sion. The system fuses visual, audio, and text modalities,
driving digital human interaction through an emotion-centered
architecture that achieves a paradigm shift from “command
response” to “emotional empathy.” Through asynchronous
processing, model lightweighting, and streaming transmis-
sion, the system achieves smooth real-time interaction. Small-
scale user trials show positive feedback in oral confidence,
cultural awareness, and emotional expression appropriate-
ness. This demo presents the complete technical architec-
ture, interaction process, and preliminary evaluation.

Keywords
Paradigm Shift, Affective Computing, Multimodal Fusion,
Digital Human, Cross-Cultural Education

1. INTRODUCTION
1.1 Problem Background
Globalized education has intensified cross-cultural adapta-
tion challenges for international students. Research shows
that international students face significant challenges in learn-
ing and adjustment during their study abroad experiences
[19]. Language learning presents specific challenges:

0* Corresponding author.

• Emotional misunderstanding: Reserved East Asian ex-
pressions are misinterpreted as indifference in Western
contexts

• Non-verbal cues: Cultural differences in eye contact
and facial expression create barriers

• Vocal emotion: Native tone transfer makes second lan-
guage expressions seem emotionally flat

Traditional language tools focus on vocabulary and gram-
mar, ignoring emotional and cultural dimensions. Existing
affective computing research remains laboratory-based with-
out systematic integration. Critically, current systems fol-
low the “command response” paradigm, processing speech
without perceiving emotional states—emotion is merely op-
tional.

1.2 Related Work
As surveyed in [16], affective computing has established solid
foundations for emotion-aware systems. Application of Af-
fective Computing in Education: D’Mello et al. [4] analyzed
emotional states during learning, showing emotion-cognition
synergy is crucial. However, most studies use single modal-
ity without real-time multimodal fusion [3, 2]. Picard’s foun-
dational work [13] established affective computing as a field,
while Pantic and Rothkrantz [11] pioneered affect-sensitive
multimodal interaction.

Multimodal Learning Analytics: Existing classroom multi-
modal analysis frameworks have high latency, limiting real-
time interaction support [12, 1]. Blikstein and Worsley [1]
demonstrate computational approaches for measuring com-
plex learning tasks.

Cross-Cultural Communication Theory: Hofstede’s cultural
dimension theory [8] provides a framework for quantifying
cultural differences, but few studies have computationalized
it for educational systems. Gao et al. [7] examine how cul-
tural epistemologies influence emotional experience and reg-
ulation.
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Figure 1: MetaPal architecture: Four-layer framework inte-
grating perception, understanding, decision, and expression
layers.

1.3 Research Gap and Contributions
Research Gap: Existing systems lack real-time multimodal
fusion, cross-cultural adaptation, and complete engineering
implementation. Fundamentally, they follow “command re-
sponse” logic with emotion as an add-on, while MetaPal
takes “emotional empathy” as the operating system core
across all layers.

Contributions:

1. Theoretical: Propose a new interaction paradigm with
emotion as the underlying core—from “command re-
sponse” to “emotional empathy.”

2. Technical: Implement emotion-permeating architecture
across perception, understanding, decision, and expres-
sion layers, with open-source reference.

3. Practical: Validate feasibility in real educational sce-
narios with user feedback and deployment solutions.

Positioning within EDM: While MetaPal draws on HCI and
affective computing, its core contribution is educational data
mining: real-time multimodal affective data as educational
data to model cross-cultural emotional states in oral dia-
logue. Unlike prior EDM work on clickstreams or quizzes,
MetaPal treats emotion as a first-class educational data stream
addressing EDM 2026’s “Crossing Boundaries” theme.

2. SYSTEM ARCHITECTURE
2.1 Overall Design: Empathetic Architecture
MetaPal implements a four-layer emotion-permeating archi-
tecture: perception, understanding, decision, and expres-
sion. The perception layer captures multimodal user data
for emotion detection. The understanding layer integrates
visual, audio, and text features through ViT-based emo-
tion recognition [5], OpenSMILE audio analysis [6], and
BERT semantic processing, all centered on emotional com-
prehension. The decision layer dynamically selects inter-
action strategies based on emotional states, while the ex-
pression layer generates emotionally appropriate responses
through digital human feedback (Figure 1).
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Figure 2: Perception layer: Real-time video capture with
picture-in-picture slicing for emotion recognition.
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Figure 3: Understanding layer: Three parallel processing
paths for multimodal emotional feature extraction and fu-
sion.

2.2 Perception Layer: Emotion Capture
The perception layer captures user video in real-time through
camera input, performs picture-in-picture slicing, and trans-
mits the video stream to the backend affective computing
module (Figure 2). Following large-scale video-based FER
benchmarks [17], our system captures micro-expressions in
real-time. Users’ expressions, eye contact, and expressions
are incorporated into the core processing flow as the starting
point of interaction.

2.3 Understanding Layer: Emotion-Semantic
Integration

The understanding layer achieves multimodal emotional fea-
ture extraction and fusion through three parallel paths: ViT-
based visual emotion recognition, OpenSMILE audio emo-
tion analysis, and BERT text semantic analysis (Figure 3).
To handle real-world noise, we draw on dual-stage purifica-
tion methods [14]. Emotion is integrated with semantic pars-
ing—for example, when a user says “I’m fine” with a tense
expression, the system interprets it as “tense fine” rather
than “calm fine.” This approach builds on multimodal af-
fect detection research [3, 10] and affective body expression
recognition [9].

2.4 Decision Layer: Emotion-Based Strategy
Selection
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Figure 4: Decision layer: Dynamic strategy selection based
on emotional states and learning context.
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Figure 5: Expression layer: Emotion-driven generation of
TTS audio, digital human animations, and visual effects.

The decision engine uses a finite state machine and rule
library to dynamically select teaching strategies based on
emotional states, cultural background, and learning progress
(Figure 4). Emotion forecasting techniques [15] inspire our
strategy selection engine. When users are tense, the system
slows speech and encourages; when confused, it simplifies
and provides scaffolding; when joyful, it increases difficulty
and initiates challenges.

Cross-Cultural Parameterization: Hofstede’s dimensions [8]
are mapped to decision engine weights: power distance, in-
dividualism, uncertainty avoidance, and high/low-context
communication preferences.

2.5 Expression Layer: Emotion-Driven Out-
put

The expression layer generates TTS audio, digital human
animations, and visual effects based on decision results (Fig-
ure 5). Audio tone, speed, and rhythm, along with digital
human expressions, postures, and interaction methods, are
all driven by emotional states to ensure responses are both
semantically correct and emotionally appropriate.

3. EVALUATION AND PRELIMINARY FEED-
BACK

3.1 Deployment
Figure 6 shows MetaPal deployment in a laboratory envi-
ronment. Users participate in video calls with the digital

Figure 6: MetaPal deployment: Video calls with real-time
emotion capture via picture-in-picture.

human, while the system captures facial expressions in real-
time via picture-in-picture for empathetic response.

3.2 Trial Status
MetaPal is in laboratory prototype verification stage, val-
idated through internal testing and small-scale user trials.
The system operated stably with smooth real-time interac-
tion, accurate multimodal emotion recognition, and good
audio-visual synchronization.

Participants: International students (N=limited, B1-B2 En-
glish) from multiple Asian cultural backgrounds. This di-
verse sample enables examination of cultural differences in
emotional expression [18, 7].

Cross-Cultural Validation: To evaluate the system’s cross-
cultural adaptation capability, we compared user responses
across participants from different cultural backgrounds (Chi-
nese, Korean, Vietnamese). Hofstede’s cultural dimension
scores [8] for each country were used as reference baselines.
Preliminary analysis showed that the system’s emotion recog-
nition thresholds appropriately shifted: for example, users
from high-context cultures received higher sensitivity weights
on facial expression and prosody features, while users from
low-context cultures relied more on semantic content analy-
sis. This alignment between system parameters and cultural
dimension predictions suggests the feasibility of computa-
tionalizing cross-cultural communication theory.

Ethics and Privacy: All trials were conducted with informed
consent from participants. As this was a minimal-risk pro-
totyping study, facial expression data were processed in real
time and not stored beyond the session; only anonymized
behavioral logs were retained for analysis.

Process: Participants completed several weeks of cross-cultural
dialogue training with real-time feedback. User experience
was collected through questionnaires and interviews, follow-
ing established methods for evaluating affective educational
systems [2].

707



3.3 Preliminary Results
Small-scale trials showed positive feedback in oral confi-
dence, cultural awareness, and emotional expression. In one
case, a user said “Thank you for your help” with a flat ex-
pression. The system detected the mismatch and the digital
human smiled while explaining gratitude customs in West-
ern culture. User feedback:

“The system taught me that in Western culture,
’Thank you’ needs a smile to be sincere. I wasn’t
aware of this before.”

This demonstrates the paradigm shift—the system “felt” the
user’s expression and responded emotionally, not just pro-
cessing the words.

4. DISCUSSION AND CONTRIBUTIONS
4.1 Theoretical Contributions

1. Paradigm Shift: MetaPal reconstructs human-computer
interaction with emotion as the operating system core
across all layers. Command response becomes a sub-
function, while emotional empathy drives the inter-
action, shifting from task-completion to relationship-
building.

2. Emotion-Culture Interaction Model: Integrates Hofst-
ede’s cultural dimension theory [8] into real-time emo-
tion recognition, enabling culturally adaptive expres-
sion interpretation.

3. Multimodal Emotion Fusion: Verified synergistic effects
of visual, audio, and text modalities in language learn-
ing.

4.2 Technical Contributions
1. Emotion-Permeating Architecture: Implemented four-

layer architecture with emotion integrated throughout,
providing technical reference for real-time emotional
feedback.

2. Open-source Implementation: System architecture and
core code will be open-sourced on Gitee after accep-
tance.

3. Emotional Decision Engine: Real-time emotion recog-
nition via video calls with dynamic cross-cultural feed-
back strategies.

4.3 On System Integration as Contribution
We acknowledge that MetaPal builds on established com-
ponents (ViT, BERT, OpenSMILE, FSM). However, for a
Demo Track paper, the contribution lies not in proposing
new base models, but in demonstrating how existing tech-
nologies can be systematically integrated to solve a real, under-
addressed educational problem. In MetaPal’s case, this in-
tegration requires: (1) real-time fusion of three modalities
under latency constraints, (2) cross-cultural adaptation of
emotion recognition thresholds, and (3) driving a digital hu-
man’s empathetic response. We argue that system-level in-
novation—making working, deployable systems that address
genuine educational gaps—is a distinct and valuable form of
contribution, complementary to model-level advances, and
precisely what EDM’s Demo Track is designed to showcase.

4.4 Practical Contributions
1. Prototype Validation: Demonstrated technical feasibil-

ity in laboratory environment, with real-time multi-
modal processing under 500ms latency.

2. Training Solution: Provided cross-cultural empathetic
oral training for international students, addressing emo-
tional expression gaps often overlooked by traditional
language tools.

3. Cross-disciplinary Model: Demonstrated collaboration
across computer science, education, linguistics, and
psychology, offering a reusable blueprint for emotion-
aware educational systems.

4. Real-time Fusion Pipeline: Achieved synchronized pro-
cessing of video, audio, and text streams with <500ms
end-to-end latency, enabling natural turn-taking in cross-
cultural dialogue.

5. DEMO CONTENT
A demonstration video is submitted as supplementary mate-
rial, showing live interaction between a user and the MetaPal
digital human. The complete system will be open-sourced
after acceptance.

6. CONCLUSIONS
MetaPal demonstrates the feasibility of emotion-centered
human-computer interaction, providing cross-cultural empa-
thetic oral training for international students. The system
bridges computer science and education, with core contribu-
tions including:

1. Paradigm Shift: Emotion as the operating system core
across all layers, redefining interaction from command
completion to emotional understanding.

2. System Completeness: Complete technical architecture:
real-time multimodal perception, emotion-semantic un-
derstanding, strategy decision, and empathetic expres-
sion generation with full pipeline integration.

3. Scalability: Foundation for future large-scale applica-
tions with plug-and-play modules for emotion recogni-
tion and strategy selection.

4. Cross-Cultural Adaptability: Demonstrated real-time
parameterization of Hofstede’s cultural dimensions for
personalized emotion recognition and dialogue strat-
egy adjustment.

Future work will conduct larger-scale experiments to verify
educational effectiveness, extend the framework to more cul-
tural contexts (e.g., Latin American, Middle Eastern), and
integrate LLM-based open-domain dialogue capabilities.
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