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Abstract

Despite rapid advancements in artificial intelligence, existing symbolic and non-symbolic automated
reasoning engines typically assume an emotionally neutral environment, failing to reflect emotional
contexts critical to human cognition. To design a human-friendly and sophisticated Al system, this study
proposes the Knowledge Emotion Network (KEN), a computational framework that structurally integrates
knowledge structures with emotional elements. The proposed model employs the 3D VAD
(Valence-Arousal-Dominance) emotional vector to dynamically adjust the activation thresholds of
knowledge nodes and the inference weights of edges, thereby generating situation—sensitive Chains of
Thought (CoT). Simulation results demonstrated that positive emotional states lead to deeper and broader
exploratory reasoning paths, whereas negative emotions restrict inference to initial stages as a form of
risk—aversion behavior. By structurally bridging affective computing and knowledge-based reasoning, this
framework is expected to serve as a core intelligence engine for future human-computer interaction (HCI)
agents and personalized Al counseling systems.
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Fig. 1 VAD model
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Table. 1. Normalized VAD values for
selected Emotions
Emotion |Valence (V)|Arousal (A)Dominance (D)
Joy 0.90 0.75 0.65
Trust 0.85 0.40 0.70
Fear 0.15 0.85 0.20
Anger 0.10 0.80 0.40
Sadness 0.10 0.30 0.25
Surprise 0.60 0.95 0.50
Disgust 0.05 0.60 0.35
Anticipation 0.70 0.65 0.60
Calmness 0.80 0.25 0.75
Shame 0.20 0.40 0.10
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Activation Algorithm
1. Initialize: Set a, =1 for a stimulus node ny.
2. For each node n; reachable from ny, caleulate modulated threshold # and
effective weights w;;.
3. Propagate activation recursively.
4. Terminate when activation fails to meet H’f
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Fig. 2. Node Activation Algorithm
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=== Step 1:Emotion-driven threshold and weight modulation ===

=== Step 2:Initial activation of nodes ===
[Activated] Node ni1 (Input: 1.00, Threshold: 0.40)
=== Step 3:Propagation of activation ===
[Activated] Node n2 (Input: 0.92, Threshold: 0.68)
[Activated] Node n3 (Input: 0.67, Threshold: 0.37)
[Activated] Node n4 (Input: 0.97, Threshold: 0.86)

=== Step 4: Reasoning Chain ===
Reasoning Chain of Thought: n1 -> n2 -> n3 > n4

=== Step 5: JSON export ===
[v] Network state exported to network_state.json

=== Step 6: Visualization ===

a8 3 AlZelold ZI :FE Al Mol MY
Fig. 3 : Simulation Result : Reasoning Chain
of Thought Generation
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Fig. 4. The activated Knowledge Emotion
Network
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