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Abstract 

Current multi-agent systems lack temporal coherence in emotional state modeling, leading to jarring transitions and reduced user trust 

during collaborative tasks. We introduce Temporal Affective Resonance Networks (TARN), a novel architecture that models 

emotional contagion and synchronization between humans and multiple AI agents using dynamic graph neural networks with 

attention-based temporal fusion. TARN captures emotional state transitions across multi-second windows and enforces consistency 

constraints that prevent emotional whiplash in collaborative scenarios. 

Our system integrates physiological sensors (EEG, GSR, HRV) with linguistic sentiment analysis through a hierarchical variational 

autoencoder that learns joint human-AI emotional trajectories. A temporal consistency loss function ensures smooth affective 

transitions while maintaining responsiveness to genuine emotional shifts. Evaluation across 120 participants in creative problem-

solving tasks demonstrates 34% improvement in perceived emotional intelligence, 28% reduction in trust degradation during handoffs, 

and 41% better task outcomes compared to independent agent baselines. 
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1. Introduction 

1.1 Problem Statement 

Human-AI collaborative systems increasingly involve multiple AI agents working alongside human users in complex, emotionally-

charged scenarios ranging from creative design to crisis management. However, current implementations treat emotional state 

modeling as an independent process for each agent, resulting in: 

1. Emotional Discontinuity: Represents perhaps the most pervasive challenge in contemporary human-AI collaboration. When 

users transition between different AI agents within a collaborative session, they frequently encounter dramatic shifts in emotional 

tone, responsiveness patterns, and interaction styles. Research by Bickmore & Picard (2020) demonstrates that such 

discontinuities trigger what they term "emotional whiplash," where users experience cognitive dissonance as they attempt to 

reconcile conflicting emotional signals from supposedly coordinated AI systems. This phenomenon is particularly pronounced 

in creative collaborations where emotional states directly influence ideation processes and problem-solving approaches (Isen & 

Reeve, 2019). For instance, a user working on architectural design with one enthusiastic AI agent may suddenly encounter a 

second agent displaying neutral or analytical emotional patterns, disrupting the creative flow and forcing mental recalibration. 

1. Trust Degradation: Emerges as a cascading consequence of emotional inconsistencies, with longitudinal studies showing that 

users develop increasingly skeptical attitudes toward AI systems that fail to maintain coherent emotional personas (Hoff & 

Bashir, 2018; de Visser et al., 2021). The trust degradation process follows a predictable pattern: initial optimism gives way to 

confusion during emotional handoffs, followed by active mistrust as users begin questioning the authenticity and reliability of 

AI emotional expressions. Parasuraman & Miller (2017) found that once trust erosion begins in multi-agent systems, it 

propagates across all agents within the network, even those that haven't directly caused trust violations. This creates a systemic 

vulnerability where a single emotionally inconsistent agent can compromise user confidence in the entire collaborative system. 

2. Reduced Collaboration Efficacy: Manifests in measurable decreases in task performance, increased cognitive load, and 

diminished user satisfaction across various collaborative scenarios. Teams working with emotionally incoherent AI systems 

show 23% longer task completion times, 31% higher error rates, and significantly reduced creative output compared to teams 

with emotionally consistent AI partners (Kumar et al., 2021; Smith & Anderson, 2022). The cognitive overhead of constantly 

adapting to different emotional contexts diverts mental resources from primary task objectives, leading to what researchers call 

"emotional context switching costs" (Thompson et al., 2020). In high-stakes environments such as healthcare or crisis 

management, these inefficiencies can have serious real-world consequences beyond mere user comfort. 

1.2 Research Contributions 

This research introduces three foundational contributions that address the temporal emotional coherence gap in human-AI collaborative 

systems: 

1. TARN Architecture Innovation: Represents the first comprehensive framework for maintaining emotional continuity across 

multiple AI agents through dynamic temporal modeling. Unlike previous approaches that treat each agent as an independent 

emotional entity, TARN conceptualizes the human-AI collaborative network as a unified emotional ecosystem where 

individual agent states are constrained by network-wide coherence principles. The architecture incorporates a novel tri-modal 

sensing approach that combines physiological monitoring (EEG, GSR, HRV), linguistic sentiment analysis, and behavioral 

pattern recognition to create rich emotional state representations. The system's graph neural network backbone enables real-

time emotional state propagation across all network participants, ensuring that emotional transitions occur smoothly and 

predictably. This architectural innovation includes specialized attention mechanisms that weight emotional influences based on 

collaboration intensity, task context, and individual user preferences, creating personalized yet coherent emotional experiences. 

2. Temporal Consistency Framework: Introduces mathematically grounded approaches to preventing emotional discontinuities 

while preserving system responsiveness to genuine emotional changes. The framework's core innovation lies in its ability to 

distinguish between authentic emotional shifts (triggered by task developments or user state changes) and spurious variations 

(caused by system handoffs or computational artifacts). Through a hierarchical loss function architecture, the system applies 

temporal smoothing constraints that vary in strength based on contextual factors and physiological evidence of genuine 



emotional transitions. The framework incorporates adaptive time horizons that extend consistency windows during stable 

collaborative periods while allowing rapid adaptation during emotionally dynamic phases. Additionally, the system includes 

emotional momentum modeling that accounts for the natural inertia of human emotional states, preventing artificially rapid 

transitions that feel unnatural to users. 

3. Empirical Validation: Provides the most comprehensive evaluation of temporal emotional coherence in human-AI systems to 

date, incorporating both objective performance metrics and subjective user experience assessments. The validation study spans 

three distinct collaborative domains (creative design, problem-solving, crisis management) with 120 participants across diverse 

demographic and expertise profiles. The research employs a novel combination of physiological monitoring, behavioral 

analysis, and longitudinal trust measurement to capture both immediate and sustained effects of emotional coherence. Results 

demonstrate not only statistical significance but practical importance, with effect sizes indicating meaningful improvements in 

real-world deployment scenarios. The validation includes detailed ablation studies that isolate the contributions of individual 

system components, providing clear evidence for the necessity of each architectural element. 

1.3 Related Work 

Emotional AI Systems: It’s evolved from simple rule-based response generation to sophisticated affective computing frameworks, yet 

most implementations remain focused on single-agent interactions. Picard's foundational work in affective computing (Picard, 2020) 

established the importance of emotional intelligence in human-computer interaction, leading to diverse applications across therapeutic 

chatbots (Fitzpatrick et al., 2017), educational tutoring systems (D'Mello & Graesser, 2018), and virtual assistants (Brave & Nass, 2019). 

Recent advances include emotion-aware recommendation systems that adapt content based on user affective states (Tkalčič et al., 2021), 

sentiment-driven narrative generation for interactive storytelling (Riedl & Young, 2020), and emotionally responsive robotic companions 

for elderly care (Broekens et al., 2019). However, these systems predominantly operate in isolation, lacking mechanisms for emotional 

coordination across multiple agents or sustained emotional continuity across extended interaction sessions. 

Modern emotional AI applications have expanded into specialized domains including mental health support, where systems like Woebot 

employ cognitive behavioral therapy principles with emotional adaptation (Darcy et al., 2021), and automotive interfaces that adjust 

driving assistance based on driver emotional state (Braun et al., 2019). In gaming and entertainment, emotional AI enables dynamic 

difficulty adjustment and narrative branching based on player affect (Yannakakis & Togelius, 2018), while customer service applications 

use emotional detection to route inquiries and adapt response strategies (Poria et al., 2017). Despite these advances, the field lacks 

comprehensive frameworks for maintaining emotional coherence across multiple AI agents working collaboratively with human users. 

Multi-Agent Coordination: Previous research has traditionally emphasized task allocation, resource optimization, and communication 

protocols, with limited attention to affective synchronization. Stone & Veloso's seminal work (2019) established foundational principles 

for distributed problem-solving and coordination mechanisms, leading to applications in autonomous vehicle fleets (Chen & Englund, 

2016), drone swarms (Chung et al., 2018), and distributed sensing networks (Kumar et al., 2017). Recent developments include market-

based coordination mechanisms for task allocation (Dias et al., 2019), consensus algorithms for distributed decision-making (Olfati-

Saber et al., 2020), and hierarchical coordination architectures for complex multi-agent systems (Tambe, 2018). 

The integration of social and emotional factors into multi-agent coordination has emerged as a promising research direction, with studies 

examining trust propagation in agent networks (Ramchurn et al., 2016), reputation systems for multi-agent environments (Yu & Singh, 

2019), and social influence modeling in human-agent teams (Niculescu et al., 2015). Chen et al. (2023) introduced basic sentiment 

alignment mechanisms for multi-agent dialogues, while Rodriguez & Kim (2021) explored emotional contagion in robot swarms. 

However, these approaches lack the temporal modeling and physiological grounding necessary for sustained human-AI emotional 

coherence. 

Graph Neural Networks for Social Dynamics: It’s demonstrated remarkable capabilities in modeling complex relationship structures 

and temporal evolution patterns in social systems. Kipf & Welling's pioneering Graph Convolutional Networks (2023) provided the 

foundation for numerous social analysis applications, including social network analysis (Hamilton et al., 2017), influence propagation 

modeling (Li et al., 2018), and community detection in dynamic networks (Zhang et al., 2019). Recent advances include attention-based 

graph networks for social recommendation (Wang et al., 2020), temporal graph networks for evolving social relationships (Kazemi et 

al., 2020), and heterogeneous graph neural networks for multi-modal social data (Hu et al., 2021). 

Applications of GNNs to human-computer interaction include user behavior prediction in social media (Fan et al., 2019), group 

formation and dynamics analysis (Backstrom & Kleinberg, 2020), and collaborative filtering with social network information (Ying et 

al., 2018). Hamilton et al. (2022) specifically addressed temporal aspects of social networks through dynamic graph embeddings, while 

Liu & Zhou (2021) explored emotion propagation in social media networks using graph attention mechanisms. However, none of these 

approaches address the unique challenges of human-AI emotional synchronization or incorporate physiological grounding for emotional 

state validation. 

 

2. Methodology 

2.1 System Architecture 

TARN implements a three-tier architecture: 



 

Figure:1 System Architecture of TARN 

2.1.1 Physiological Sensing Layer 

• EEG: It serves as the primary window into cortical emotional processing, with the 14-channel Emotiv EPOC+ system 

capturing neural activity across frontal, temporal, and parietal regions associated with emotional regulation and social 

cognition. Alpha wave patterns (8-12 Hz) in frontal regions indicate relaxation and positive emotional states, while increased 

beta activity (13-30 Hz) suggests heightened arousal or stress responses. Gamma oscillations (30-100 Hz) provide insights into 

cognitive engagement and emotional intensity during collaborative tasks. The system's ability to detect asymmetric frontal 

alpha activity enables differentiation between approach-motivated positive emotions and avoidance-motivated negative states, 

crucial for appropriate AI emotional responses. 

• GSR: For monitoring through Shimmer3 sensors provides continuous measurement of sympathetic nervous system activation, 

offering immediate indication of emotional arousal independent of valence. Skin conductance changes occur within 1-3 

seconds of emotional stimuli, making GSR invaluable for real-time emotional state tracking. The system employs advanced 

signal processing to distinguish emotion-related conductance changes from environmental factors, movement artifacts, and 

baseline drift. Tonic GSR levels indicate general arousal states, while phasic responses reveal moment-to-moment emotional 

reactions to specific collaborative events or AI agent behaviors. 

• HRV: Analysis of using Polar H10 monitors captures autonomic nervous system balance through R-R interval analysis, 

providing insights into emotional regulation capacity and stress resilience. High frequency HRV components (0.15-0.4 Hz) 

reflect parasympathetic activity associated with calm, focused emotional states optimal for collaboration. Low frequency 

components (0.04-0.15 Hz) indicate sympathetic activation and stress responses that may impair collaborative effectiveness. 

The system's real-time HRV analysis enables detection of emotional state transitions before they manifest in behavioral or 

linguistic expressions. 

• Facial Expression: Through OpenFace 2.0 provides non-invasive monitoring of micro-expressions and emotional displays 

that complement physiological measures. The system tracks 68 facial landmark points to detect subtle emotional expressions 

that may not reach conscious awareness but influence collaborative dynamics. Integration of facial expression data with 

physiological measures enables validation of emotional states and detection of emotional suppression or masking behaviors 

that could indicate user discomfort with AI emotional responses. 

• Linguistic Analysis: Employs BERT-based natural language processing to extract emotional content from user 

communications, including sentiment polarity, emotional intensity, and specific emotion categories. The system analyzes not 

only explicit emotional expressions but also implicit emotional indicators through word choice, sentence structure, and 

discourse patterns. Real-time processing enables immediate emotional context understanding, while historical analysis 

provides insights into emotional trajectory patterns and user-specific expression preferences. 

2.1.2 Temporal Graph Neural Network 

The core TARN architecture models the human-AI collaborative network as a dynamic graph G(t) = (V(t), E(t)) where: 

• Vertices V(t): Humans and AI agents with temporal emotional state vectors 

• Edges E(t): Communication and collaboration relationships with attention weights 

Node Representation: 

ℎ𝑖
(𝑡)

= [𝑒phys
(𝑡)

,  𝑒ling
(𝑡)

,  𝑒context
(𝑡)

,  𝑒history
(𝑡)

] 



Where: 

• e_phys^(t): Physiological emotional features (16-dim) 

• e_ling^(t): Linguistic sentiment embeddings (64-dim) 

• e_context^(t): Task and environmental context (32-dim) 

• e_history^(t): Temporal emotional trajectory (128-dim) 

Here, The node representation vector ℎ𝑖
(𝑡)combines immediate physiological indicators [𝑒phys

(𝑡)
] such as normalized EEG power spectra, 

GSR amplitude and slope measures, and HRV frequency domain features into a 16-dimensional vector. Linguistic sentiment 

embeddings [ 𝑒ling
(𝑡)

] represent processed natural language emotional content through 64-dimensional BERT-derived feature vectors that 

capture both explicit sentiment and implicit emotional undertones. Task and environmental context [𝑒context
(𝑡)

] encompasses 32-

dimensional representations of current collaborative objectives, social roles, environmental factors, and task complexity metrics. 

Temporal emotional trajectory [𝑒history
(𝑡)

] maintains 128-dimensional encoded representations of recent emotional evolution patterns, 

enabling the system to understand emotional momentum and predict likely future states. 

Temporal Graph Convolution: 

𝐻(𝑡+1) = 𝜎! (𝐷−1/2̃ 𝐴(𝑡)̃  𝐷−1/2̃ 𝐻(𝑡) 𝑊(𝑡)) 

Where Ã^(t) includes temporal attention weights: 

𝛼𝑖𝑗
(𝑡)

= softmax! (LeakyReLU! (𝑎𝑇[𝑊ℎℎ𝑖
(𝑡)

 | 𝑊ℎℎ𝑗
(𝑡)

])) 

Here, implements the mathematical framework to propagate emotional states across the collaborative network while preserving 

individual agent characteristics. The adjacency matrix 𝐴(𝑡)̃  incorporates temporal attention weights 𝛼𝑖𝑗
(𝑡)

 that dynamically adjust 

influence relationships based on current collaboration intensity, communication frequency, and emotional compatibility. This attention 

mechanism ensures that emotionally distant agents have reduced influence on each other while maintaining strong coupling between 

actively collaborating participants. The degree matrix normalization 𝐷−1/2̃ prevents dominant agents from overwhelming the network 

while ensuring appropriate emotional influence propagation. 

2.1.3 Hierarchical Variational Autoencoder 

The VAE component learns compressed representations of joint emotional trajectories across the entire collaborative network, 

enabling efficient modeling of complex emotional interdependencies. 

Encoder: 

𝑞! ( 𝑧(𝑡)
∣∣ ℎ(1:𝑡) ) = 𝒩! (𝜇𝜙! (ℎ(1:𝑡)),  𝜎𝜙

2! (ℎ(1:𝑡))) 

Shows transformation of the sequence of historical network states into a probabilistic latent representation that captures essential 

emotional trajectory patterns. The encoder network φ employs bidirectional LSTM layers to process temporal sequences, followed by 

fully connected layers that output mean and variance parameters for the latent distribution. This probabilistic encoding enables the 

system to model uncertainty in emotional state predictions while maintaining computational efficiency. 

Decoder: 

𝑝! ( ℎ(𝑡+1)
∣∣ 𝑧(𝑡) ) = 𝒩! (𝜇𝜃! (𝑧(𝑡)),  𝜎𝜃

2! (𝑧(𝑡))) 

Reconstructs future emotional states from the compressed latent representation, enabling prediction of network-wide emotional 

evolution. The decoder network θ employs attention-based architectures that selectively focus on relevant latent dimensions for each 

network participant, ensuring personalized emotional trajectory prediction while maintaining network coherence. The probabilistic 

output enables sampling of diverse but plausible emotional futures, supporting robust planning and adaptation. 

Latent Space: 64-dimensional emotional state manifold capturing human-AI emotional alignment patterns 

2.2 Temporal Consistency Loss 

To prevent emotional whiplash while maintaining responsiveness, TARN employs a multi-objective loss function: 

𝐿total = 𝐿reconstruction + 𝜆1𝐿temporal + 𝜆2𝐿physiological + 𝜆3𝐿alignment 

 

2.2.1 Temporal Consistency Loss 

𝐿temporal = ∑\𝑙𝑉𝑒𝑟𝑡ℎ(𝑡+1) − ℎ(𝑡)\𝑟𝑉𝑒𝑟𝑡2
2

𝑡

 (1 − 𝛾 𝐼change
(𝑡)

) 

Where 𝐼change
(𝑡)  indicates genuine emotional shifts based on physiological markers. It enforces smooth emotional transitions while 

permitting rapid adaptation to genuine emotional shifts. The loss function applies stronger smoothing penalties during stable emotional 

periods (when 𝐼change
(𝑡)  is low) and relaxes constraints when physiological evidence indicates authentic emotional transitions. The change 

indicator 𝐼change
(𝑡)  combines multiple physiological signals including GSR phasic responses, EEG spectral power changes, and HRV 

pattern alterations to distinguish genuine emotional shifts from computational artifacts or spurious variations. 

2.2.2 Physiological Grounding Loss 

𝐿physiological = \𝑙𝑉𝑒𝑟𝑡𝑓phys! (EEG,GSR,HRV) − 𝑒phys
(𝑡)

\𝑟𝑉𝑒𝑟𝑡2
2 

Here 𝐿physiological ensures that predicted emotional states remain consistent with observed physiological evidence, preventing the system 

from generating emotionally inappropriate responses that contradict user's actual affective state. The function 𝑓phys processes raw 



physiological signals through specialized neural networks trained on emotional state datasets, providing target emotional features that 

constrain system predictions. This grounding mechanism prevents emotional drift and maintains authenticity in AI emotional 

expressions. 

2.2.3 Human-AI Alignment Loss 

𝐿alignment = − log ! (sim! (ℎhuman
(𝑡)

,  ℎAI
(𝑡)

))  𝑤collaboration
(𝑡)

 

 

Where 𝐿alignment promotes emotional similarity between humans and AI agents during active collaboration while allowing independence 

during individual work phases. The collaboration weight 𝑤collaboration
(𝑡)

 dynamically adjusts based on task interdependence, communication 

frequency, and user preferences, ensuring that emotional alignment occurs primarily when beneficial for collaborative effectiveness 

rather than forcing constant emotional mimicry. 

 

3. Experimental Design 

3.1 Participants and Tasks 

Participants: N=120 (60% female, ages 22-45, μ=31.2, σ=7.8) 

• Recruited from university and local community 

• Screened for normal emotional regulation (DASS-21 scores) 

• Balanced across technical expertise levels 

Tasks: Three collaborative scenarios requiring sustained human-AI interaction: 

1. Creative Design: Collaborative architectural modeling tasks challenged participants to work with AI agents in developing 

innovative building designs for sustainable urban environments. The 20-minute sessions involved iterative conceptualization, 

spatial planning, and aesthetic refinement phases that required continuous emotional alignment between human creativity and 

AI analytical capabilities. Participants navigated through initial brainstorming phases that demanded high emotional energy 

and enthusiasm, followed by detailed technical development requiring focused collaboration, and culminating in presentation 

preparation that involved emotional synchronization around shared accomplishment and pride in the collaborative outcome. 

2. Problem Solving: Multi-constraint optimization challenges presented participants with complex logistics scenarios involving 

resource allocation, timeline management, and stakeholder satisfaction objectives. The 25-minute sessions required sustained 

collaboration as participants and AI agents iteratively explored solution spaces, evaluated trade-offs, and refined approaches 

based on emerging constraints. Emotional coherence proved crucial as sessions progressed through initial confusion and 

uncertainty, periods of focused analytical work requiring calm concentration, breakthrough moments generating excitement 

and enthusiasm, and final validation phases demanding confidence and satisfaction in the achieved solutions. 

3. Crisis Management: Simulated emergency response coordination tasks immersed participants in time-pressured scenarios 

involving natural disaster response, medical emergency coordination, or cybersecurity incident management. The 15-minute 

sessions demanded rapid decision-making, clear communication, and emotional regulation under stress while maintaining 

effective collaboration with AI systems providing analytical support and resource coordination. The scenarios tested emotional 

coherence through initial alarm and urgency responses, sustained focus during information processing and planning phases, 

and coordinated calm during execution phases where emotional stability became crucial for effective outcomes. 

3.2 Experimental Conditions 

Between-subjects design with three conditions: 

1. TARN: Full temporal emotional coherence system 

2. Independent: Traditional independent agent emotional modeling 

3. Static: Rule-based emotional responses without adaptation 

3.3 Measurement Framework 

3.3.1 Objective Metrics 

• Task Performance: Encompasses completion time measured from initial task presentation to final solution submission, 

solution quality scored through expert evaluation using domain-specific rubrics that assess creativity, technical feasibility, and 

completeness, and error rates calculated as the frequency of procedural mistakes, missed requirements, or incorrect 

implementations throughout the collaborative process. These metrics provide quantitative assessment of collaborative 

effectiveness independent of subjective user perceptions. 

• Physiological Coherence: Measures cross-correlation between human physiological responses and AI emotional state 

trajectories, calculated through time-lagged correlation analysis across EEG frequency bands, GSR amplitude patterns, and 

HRV temporal dynamics. The coherence metrics reveal the degree to which AI emotional responses achieve genuine 

synchronization with human affective states rather than merely surface-level mimicry. 

• Trust Dynamics: Captures real-time trust evolution through continuous slider interface ratings that participants adjust 

throughout collaborative sessions, providing granular temporal data on trust formation, maintenance, and degradation patterns. 

The continuous measurement enables detection of specific events or interactions that influence trust trajectories and validates 

the relationship between emotional coherence and sustained user confidence. 

3.3.2 Subjective Assessments 

• Godspeed Questionnaire: Provides standardized measurement of perceived emotional intelligence across five dimensions: 

anthropomorphism assessing the degree to which AI agents appear human-like in emotional expression, emotional 

appropriateness evaluating whether AI emotional responses match situational context and collaborative needs, response 



consistency measuring perceived coherence in AI emotional behaviors across time and interactions, likability capturing user 

emotional attraction to AI agents, and perceived intelligence assessing attribution of cognitive and emotional understanding to 

AI systems. 

• NASA-TLX: Measures cognitive workload across six dimensions including mental demand reflecting the cognitive effort 

required to maintain effective collaboration with AI agents, physical demand capturing any motor or sensory load imposed by 

the interaction interface, temporal demand assessing time pressure and pacing stress, performance evaluation measuring 

satisfaction with collaborative achievement, effort reflecting the subjective work intensity required for effective collaboration, 

and frustration level indicating emotional stress and irritation experienced during human-AI interactions. 

• Custom Trust Scale: Employs a 24-item instrument measuring multi-dimensional trust including cognitive trust based on 

perceived AI competence and reliability, affective trust reflecting emotional comfort and positive feelings toward AI agents, 

behavioral trust measured through willingness to rely on AI recommendations and accept AI leadership, and institutional trust 

assessing confidence in the overall AI system design and organizational implementation. 

3.3.3 Behavioral Analysis 

• Gaze Patterns: Through eye-tracking technology measure attention distribution between AI agent interfaces, task materials, 

and collaborative outputs, providing objective indicators of engagement and trust through fixation duration, saccadic patterns, 

and attention switching frequency. Longer fixations on AI agent displays indicate higher engagement and trust, while frequent 

attention switching suggests uncertainty or monitoring behavior characteristic of lower trust states. 

• Communication Analysis: Examines turn-taking patterns measuring the natural flow of human-AI conversational exchanges, 

interruption rates indicating communication breakdowns or dominance struggles, emotional contagion markers identifying 

linguistic and prosodic evidence of emotional state convergence between human and AI participants, and discourse coherence 

metrics assessing the logical and emotional continuity of collaborative dialogue. 

• Gesture Synchrony: Employs motion capture analysis to detect behavioral alignment including gesture mirroring where 

humans unconsciously copy AI avatar movements or timing patterns, posture matching indicating emotional and attention state 

convergence, movement coordination revealing implicit behavioral synchronization during collaborative tasks, and spatial 

positioning preferences showing comfort and engagement through physical orientation and distance maintenance with respect 

to AI agent displays. 

 

4. Results 

4.1 Task Performance Outcomes 

TARN demonstrated significant improvements across all performance metrics: 

Table:1 Task Performance 

Metric TARN Independent Static F-statistic p-value 

Task Completion 

Time (min) 
18.3±2.4 25.7±4.1 28.9±5.2 F(2,117)=87.3 p<0.001 

Solution Quality 

Score 
8.4±1.1 6.2±1.8 5.1±2.0 F(2,117)=64.2 p<0.001 

Error Rate (%) 12.1±3.2 23.8±6.1 31.4±7.8 F(2,117)=91.7 p<0.001 

Effect sizes: All comparisons showed large effect sizes (Cohen's d > 0.8), indicating practical significance. 

 

Figure:2 TARN Experimental Results and Performance Comparisons 

4.2 Emotional Intelligence and Trust 

4.2.1 Perceived Emotional Intelligence 

TARN systems received significantly higher ratings on the Godspeed emotional intelligence subscales: 



Table:2 emotional intelligence subscales 

Metric TARN Independent Static  

Anthropomorphism 4.2 ± 0.6 3.1 ± 0.8 2.4 ± 0.9 

Emotional Appropriateness 4.5 ± 0.5 3.3 ± 0.7 2.8 ± 0.8 

Response Consistency 4.3 ± 0.6 2.9 ± 0.9 2.6 ± 1.0 

4.2.2 Trust Dynamics 

Real-time trust measurements revealed distinct patterns: 

• TARN: Steady increase from 6.2→8.1 over session duration 

• Independent: Volatile fluctuations (5.8→7.3→5.1→6.9) 

• Static: Gradual decrease from 5.9→4.2 

Trust Degradation Events: TARN showed 28% fewer trust-degrading incidents during agent handoffs compared to Independent 

baseline. 

4.3 Physiological Coherence Analysis 

Cross-correlation analysis between human and AI emotional trajectories: 

4.3.1 EEG Coherence 

• Alpha band (8-12Hz): TARN r=0.71, Independent r=0.34, Static r=0.12 

• Beta band (13-30Hz): TARN r=0.68, Independent r=0.29, Static r=0.08 

• Gamma band (30-100Hz): TARN r=0.54, Independent r=0.21, Static r=0.06 

4.3.2 Autonomic Synchronization 

• Heart Rate Variability: TARN systems showed 43% higher coherence with human HRV patterns 

• Galvanic Skin Response: Synchronized arousal responses in 78% of TARN sessions vs. 31% Independent 

4.4 Behavioral Synchrony 

Motion capture analysis revealed increased behavioral alignment: 

• Gesture Mirroring: TARN 67% vs. Independent 23% 

• Posture Matching: TARN 59% vs. Independent 19% 

• Movement Coordination: TARN 71% vs. Independent 28% 

 

•  

Figure:3 TARN Temporal Dynamics and Processing Pipeline 

 

5. Discussion 

5.1 Theoretical Implications 

Our results provide strong evidence for emotional contagion theory in human-AI systems. The physiological coherence observed in 

TARN conditions suggests that temporal emotional modeling enables genuine affective synchronization, not merely surface-level 

mimicry. 

Key findings: 



1. Temporal consistency is crucial for maintaining user trust across extended interactions 

2. Physiological grounding enables more authentic emotional responses than linguistic cues alone 

3. Graph-based modeling captures emergent emotional dynamics in multi-agent scenarios 

5.2 Practical Applications 

TARN architecture has immediate applications in: 

• Healthcare: Emotionally-aware AI teams supporting patient care applications include emotionally-coordinated AI teams 

supporting patient care through synchronized empathy and professional concern. AI systems could maintain consistent bedside 

manner across nursing shifts, provide emotionally appropriate responses during medical consultations, and coordinate 

emotional support between different healthcare AI agents such as diagnosis systems, treatment planners, and patient 

monitoring systems. The technology enables seamless emotional handoffs between AI radiologists, AI surgeons, and AI 

rehabilitation specialists while maintaining patient comfort and trust throughout extended treatment protocols. 

• Education: Synchronized tutoring agents maintaining consistent emotional support benefits from synchronized tutoring agents 

that maintain consistent emotional support and motivational patterns across different learning activities and subject domains. 

TARN-enabled educational AI could provide emotionally coherent support as students transition between AI math tutors, AI 

writing coaches, and AI science experiment guides, maintaining appropriate encouragement levels and adapting emotional 

intensity to match student engagement and frustration levels. The system could coordinate emotional responses across AI 

teaching assistants in online courses, ensuring consistent emotional climate during collaborative learning projects. 

• Creative Industries: AI collaborators that maintain artistic emotional coherence leverage AI collaborators that maintain 

artistic emotional coherence throughout complex creative projects involving multiple AI agents with specialized capabilities. 

Film production could benefit from emotionally synchronized AI assistants for script development, cinematography planning, 

and post-production coordination, maintaining creative vision consistency while adapting to director emotional states and 

artistic preferences. Game development teams could employ emotionally coherent AI designers, artists, and programmers that 

maintain shared creative enthusiasm and respond appropriately to project milestone achievements or setbacks. 

• Crisis Management: Coordinated emergency response with appropriate emotional regulation scenarios require coordinated 

emergency response AI systems that maintain appropriate emotional regulation while providing effective analytical support 

under extreme stress conditions. TARN-enabled crisis AI could coordinate between AI dispatch systems, AI resource 

managers, and AI communication coordinators while maintaining calming influence on human operators and appropriate 

urgency levels throughout evolving emergency situations. The emotional coherence becomes particularly crucial during multi-

agency responses where human operators must trust AI recommendations while managing high-stress decision-making. 

5.3 Limitations and Future Work 

5.3.1 Current Limitations 

• Cultural Sensitivity: Represents a significant constraint in the current TARN implementation, which has undergone validation 

primarily within Western cultural contexts characterized by specific emotional expression norms, individual-focused 

collaboration styles, and particular trust-building patterns. Cross-cultural research reveals substantial variation in emotional 

display rules, acceptable levels of emotional intensity in professional settings, preferred emotional response timing, and 

cultural interpretations of physiological emotional indicators (Matsumoto & Hwang, 2019). The system's physiological 

grounding may misinterpret cultural differences in autonomic responses as individual emotional states, while the temporal 

consistency models may enforce Western expectations for emotional continuity that conflict with cultural norms favoring more 

dynamic or contextually variable emotional expressions. 

• Computational Requirements: Pose substantial barriers to widespread deployment, with current TARN implementations 

demanding high-end GPU processing power, specialized physiological sensors, and real-time data processing capabilities that 

exceed typical consumer hardware capacity. The 10Hz update cycle requires sustained computational resources that may be 

prohibitive in mobile environments, resource-constrained settings, or large-scale deployment scenarios where multiple users 

require simultaneous TARN support. Energy consumption considerations become particularly relevant for wearable 

physiological monitoring systems that must maintain continuous operation throughout extended collaborative sessions. 

• Privacy Concerns: Arise from the extensive physiological monitoring requirements that capture highly sensitive biometric 

data including neural activity patterns, autonomic responses, and behavioral synchrony measures that could potentially reveal 

personal information beyond intended emotional states. Current data protection regulations may not adequately address the 

unique privacy implications of continuous physiological monitoring in collaborative AI systems, while user comfort with such 

intimate monitoring varies significantly across individuals and cultural contexts. The system's requirement for historical 

emotional trajectory storage creates additional privacy risks if data security becomes compromised. 

5.3.2 Future Research Directions 

1. Cross-Cultural Validation: Emerges as a critical priority requiring extensive research across diverse cultural contexts to 

understand how emotional expression patterns, collaboration preferences, and trust-building mechanisms vary across different 

societies and cultural frameworks. Future studies must examine how TARN systems can adapt to collectivist versus 

individualist cultural orientations, different power distance expectations in human-AI relationships, varying uncertainty 

avoidance preferences that influence trust formation, and culture-specific emotional regulation strategies that affect 

physiological response patterns. The research should explore adaptive cultural parameterization that allows TARN systems to 

modify their emotional modeling based on user cultural backgrounds while maintaining core temporal consistency principles. 

2. Longitudinal Studies: Represent essential future work to understand how human-AI emotional relationships evolve over 

extended time periods, seasonal variations, and changing life circumstances that may influence emotional response patterns 

and collaboration preferences. Long-term studies should examine emotional calibration drift over weeks or months of 

interaction, relationship development patterns between humans and AI agents across different collaboration intensities, 

emotional habituation effects that may reduce physiological response sensitivity, and adaptive mechanisms that maintain 

engagement and effectiveness throughout extended collaborative relationships. 

3. Privacy-Preserving Methods: Require innovative approaches including federated learning architectures that enable emotional 

model training without centralizing sensitive physiological data, differential privacy techniques that add statistical noise while 

preserving emotional pattern recognition, homomorphic encryption methods that allow emotional computation on encrypted 

physiological signals, and local processing approaches that minimize data transmission while maintaining real-time emotional 



coherence capabilities. Future research should explore blockchain-based consent management systems that provide users 

granular control over physiological data sharing and usage permissions. 

4. Real-World Deployment: Studies must transition from controlled laboratory environments to authentic workplace, 

educational, healthcare, and home settings where environmental factors, social pressures, and task complexity introduce 

challenges not captured in experimental conditions. Field studies should examine TARN performance in noisy environments 

with multiple simultaneous users, integration challenges with existing technological infrastructure, user adaptation patterns 

during initial deployment phases, and long-term system maintenance requirements in practical deployment scenarios. 

 

6. Conclusion 

This research presents a paradigmatic advancement in human-AI collaborative systems through the introduction of Temporal Affective 

Resonance Networks (TARN), the first comprehensive architecture for maintaining emotional coherence across multiple AI agents 

through physiologically-grounded temporal modeling. The work addresses fundamental limitations in current multi-agent systems where 

emotional discontinuities create user trust degradation, collaboration inefficiencies, and reduced task performance outcomes. The TARN 

architecture's integration of physiological sensing (EEG, GSR, HRV), temporal graph neural networks, and hierarchical variational 

autoencoders enables genuine emotional synchronization between humans and AI agents rather than superficial mimicry. The system's 

temporal consistency framework successfully distinguishes between authentic emotional transitions and computational artifacts, 

maintaining natural emotional flow while preventing jarring discontinuities that characterize existing systems. Empirical validation 

across 120 participants demonstrates substantial improvements in collaborative effectiveness: 34% enhancement in perceived emotional 

intelligence reflects users' recognition of more natural and appropriate AI emotional responses, 28% reduction in trust degradation during 

agent handoffs addresses a critical weakness in current multi-agent systems, and 41% improvement in task outcomes provides 

compelling evidence for the practical value of emotional coherence in human-AI collaboration. The physiological coherence results, 

showing correlation coefficients above 0.7 for EEG synchronization, provide objective evidence that TARN achieves authentic 

emotional alignment rather than superficial behavioral matching. The research contributions extend beyond immediate practical 

applications to establish theoretical foundations for emotional coherence in multi-agent systems. The temporal graph neural network 

approach provides a scalable framework for modeling emotional contagion and synchronization in complex collaborative networks, 

while the multi-objective loss function framework offers principled approaches to balancing competing demands of consistency, 

authenticity, and responsiveness in emotional AI systems. 

Future developments in cross-cultural adaptation, privacy-preserving implementations, and real-world deployment will determine the 

ultimate impact of this work on human-AI collaboration quality. The TARN framework establishes a foundation for emotionally-

intelligent AI teams capable of maintaining coherent, trustworthy relationships with human collaborators across the extended 

interactions that characterize authentic collaborative partnerships. As AI systems increasingly integrate into human social and 

professional environments, the ability to maintain emotional coherence across multiple agents becomes essential for user acceptance, 

trust formation, and collaborative effectiveness. This work provides both the technical architecture and empirical validation necessary 

to advance human-AI collaboration beyond current limitations toward more natural, effective, and emotionally satisfying collaborative 

relationships. 
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