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Abstract

Current affective computing systems focus on recognizing emotions but struggle to use them
for reasoning, which limits human-AI interaction. We introduce Affect2Act, a graph atten-
tion model that represents emotions as interconnected nodes and learns context-dependent
relationships. This structure enables flexible reasoning over emotional states. In a synthetic
decision-making benchmark, Affect2Act achieves 87.67% accuracy with an emotional bal-
ance of 65.47%, slightly exceeding Graph Convolutional Networks (86.73%) and clearly
surpassing the attention-only (70.67%) and MLP (45.67%) baselines. These findings sug-
gest that graph-structured emotional representations can support more robust, emotion-
informed AI systems and open new directions for affective reasoning.

Keywords: Graph Neural Networks, Affective Computing, Attention Mechanisms,
Emotion Modeling

1. Introduction

Modern AI systems largely overlook emotional context, despite its central role in human
cognition (Barrett, 2017). While significant progress has been made in emotion recognition
from facial expressions (Ekman, 1971), speech (Cowie et al., 2001), and multimodal signals
(Kollias et al., 2019; Zhang et al., 2018), the ability to use emotions for reasoning remains
an open challenge. This limitation is critical as AI systems increasingly operate in human-
centered environments.

Most existing methods treat emotions as independent features, in contrast to psycho-
logical evidence that emotions form structured, interdependent systems (Plutchik, 1980;
Russell, 1980). For example, fear and surprise often co-occur in threat assessment, while
joy and trust interact differently in social contexts. Capturing these relationships requires
models that move beyond flat feature representations.

Graph Neural Networks (GNNs) provide a natural framework for modeling such rela-
tional structures (Kipf and Welling, 2016; Veličković et al., 2018). They have been applied
successfully across domains such as molecules (Gilmer et al., 2017) and social networks
(Hamilton et al., 2017), yet they remain underexplored in affective computing. Psychologi-
cal models like Plutchik’s emotion wheel and Russell’s circumplex (Plutchik, 1980; Russell,
1980) suggest that graph-based approaches could capture context-dependent links between
emotions more effectively than traditional methods.

In this work, we introduce Affect2Act, a Graph Attention Network that represents
emotions as interconnected nodes and learns their context-sensitive relationships through
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multi-head attention. This enables more flexible emotion-informed decision making com-
pared to approaches that assume fixed or independent emotion structures.

Our contributions: (1) a graph-based representation of emotions grounded in psy-
chological theory; (2) a multi-head Graph Attention Network integrating emotional and
environmental context; (3) regularization strategies that encourage balanced use of emo-
tions and improve decision performance.

2. Method

We frame emotion-informed decision making as learning a mapping f : (E , C) → A, where
E are emotional states, C is environmental context, and A are possible actions. Emotions
are represented as a graph G = (V,E) with six fundamental emotions (joy, fear, anger,
sadness, surprise, trust) as nodes, grounded in psychological theory (Plutchik, 1980). Each
node is associated with features encoding contextual activations, intensity, valence, and
emotion-specific profiles. Edges model relationships between emotions and are refined dur-
ing training.

To capture both intrinsic and context-dependent emotion relationships, we employ a
multi-head Graph Attention Network (GAT) (Veličković et al., 2018). For each layer l,
node representations are updated via attention-weighted message passing:

h
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i = σ

 K∑
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(k)
ij W (k)h
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j
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where α
(k)
ij denotes attention coefficients computed from concatenated features of nodes

i and j. Stacked GAT layers yield emotion-specific embeddings that preserve relational
structure.

Environmental context is encoded separately and fused with emotional embeddings using
cross-modal attention:

o = MultiHeadAttention(Qenv,Kemotion, Vemotion),

allowing decisions to depend on both situational cues and relational emotion dynamics. A
feedforward decision network maps the fused representation to discrete actions.

A common failure mode in affective models is collapse to dominant emotions. To mit-
igate this, we apply lightweight regularization encouraging (i) higher entropy of predicted
emotion distributions, (ii) balance across emotions, and (iii) variance across samples. These
penalties prevent over-reliance on a single emotion and promote richer emotional reasoning.
Full formulations are provided in our code1.

We evaluate Affect2Act on a synthetic dataset of six scenario types (e.g., emergency,
social, analytical), where each sample defines environment features, emotion activations,
and a ground-truth decision label. The generator introduces structured variability, noise,
and scenario-specific emotion patterns, providing a controlled testbed for studying emotion-
informed reasoning.

1. Code available in supplement.
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3. Experiments

We evaluate Affect2Act on a synthetic benchmark spanning six scenario types (emergency,
social, analytical, conflicted, creative, and supportive). Each dataset contains 10,000 sam-
ples, split into 70% training, 15% validation, and 15% test. Each sample specifies environ-
mental features, emotion activations, and a ground-truth decision label.

We compare against: (1) GCN, using the same emotion graph but without attention;
(2) Multi-Head Attention, treating emotions as independent sequences; (3) MLP, using
concatenated features without explicit structure.

The model is trained with a combined objective:

Ltotal = Lclassification + λreg Lregularization,

where Lclassification is standard cross-entropy and Lregularization encourages entropy, bal-
ance, variance, and low correlation across emotions. This prevents collapse to dominant
emotions and promotes diversity. We set λreg = 0.1 with fixed weights for each component.
A learnable temperature parameter τ is applied to adjust the sharpness of emotion dis-
tributions. Full definitions of all regularization terms are provided in the supplement and
released code.

We report two complementary metrics: - Decision Accuracy (↑): proportion of cor-
rect action predictions. - Emotional Balance (↑): normalized entropy of predicted emo-
tion distributions, measuring diversity in emotional activation.

4. Results

Table 1 shows that our approach achieves superior performance across both metrics.

Table 1: Performance Comparison

Model Decision Accuracy Emotional Balance

Affect2Act (GAT) 0.8767 0.6547
GCN 0.8673 0.4053
Multi-Head Attention 0.7067 0.6619
MLP 0.4567 0.4737

Affect2Act achieves the highest decision accuracy (87.67%) while maintaining a balanced
use of emotions (65.47%). GCN reaches comparable accuracy but collapses to dominant
emotions (40.53% balance), showing that fixed graph structures cannot sustain diversity.
Multi-Head Attention preserves diversity (66.19%) but suffers in accuracy (70.67%), sug-
gesting that sequential modeling is insufficient. MLP performs the weakest overall, un-
derscoring the limitations of unstructured features. While the improvement in decision
accuracy over GCN is modest (+0.94%), Affect2Act achieves a substantially higher emo-
tional balance (+25 points). This joint optimization highlights that our model reaches a
more stable equilibrium between decision accuracy and emotional diversity which crucial
for robust and interpretable affective reasoning.
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Discussion and Future Work

Our findings show that graph-structured representations enable richer, emotion-informed
reasoning in AI systems. Although the numerical improvement over GCN is modest, the rise
in emotional balance demonstrates that attention-based modeling enhances diversity and
stability in emotional reasoning—something fixed-structure models fail to capture. The
emotional balance metric thus emerges as a key indicator of reasoning robustness rather
than a secondary measure. Affect2Act achieves strong accuracy while maintaining balance,
demonstrating that both can coexist through regularization-driven equilibrium.

Attention analysis also reveals interpretable patterns: fear–anger links during emer-
gencies reflect fight-or-flight responses, while joy–trust interactions align with theories of
positive emotions. A visual and quantitative analysis of these emotional graphs would
further support the interpretability claims.

Future Directions: While Affect2Act shows consistent gains, its scope is limited by the
fixed six-emotion design and synthetic setting, which we acknowledge as current limitations.
Future work will explore richer or data-driven emotion taxonomies, multimodal extensions,
and real-world evaluations while considering computational and ethical aspects such as bias
amplification.

5. Conclusion

We presented Affect2Act, a Graph Attention Network for emotion-informed decision mak-
ing. By modeling emotions as interconnected nodes with context-dependent attention,
Affect2Act achieves strong decision accuracy (87.67%) while preserving emotional balance
(65.47%). Compared to baselines that either collapse to dominant emotions or neglect
relational structure, our approach demonstrates that graph-structured emotional represen-
tations open new directions for interpretable and emotionally intelligent AI.
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Appendix A. Appendix

A.1. Full Training Objective
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Ltotal = Lclassification + λreg Lregularization, (1)
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where the classification component is standard cross-entropy:

Lclassification = −
N∑
i=1

C∑
c=1

yi,c log(ŷi,c). (2)

A.2. Regularization Terms

The regularization term is defined as a weighted sum of four components:

Lregularization = αLentropy + βLbalance + γLvariance + δLcorrelation, (3)

with coefficients λreg = 0.1, α = 1.0, β = 0.3, γ = 0.2, δ = 0.1 in all experiments.

Entropy Regularization. Encourages non-degenerate emotion distributions by penaliz-
ing low entropy:

Lentropy =

∣∣∣∣∣∣
E∑

j=1

pj log pj + 0.7 logE

∣∣∣∣∣∣
2

. (4)

Balance Regularization. Prevents dominance of specific emotions by aligning average
activations with a uniform distribution:

Lbalance =
E∑

j=1

p̄j log

(
p̄j
1/E

)
. (5)

Variance Regularization. Encourages sample-wise diversity across the dataset:

Lvariance =
E∑

j=1

max(0, 0.01−Var(p·,j)). (6)

Correlation Regularization. Discourages highly correlated emotion activations:

Lcorrelation =
1

E(E − 1)

∑
i ̸=j

|Corr(p·,i, p·,j)|. (7)

Here, pj represents predicted probabilities for emotion j, p̄j is the dataset mean activa-
tion, and E = 6 is the number of emotion nodes.

A.3. Temperature Scaling

We apply a learnable temperature parameter τ to control the sharpness of emotion proba-
bility distributions:

pscaledj =
exp(zj/τ)∑E
k=1 exp(zk/τ)

. (8)

Lower τ sharpens distributions, while higher τ smooths them.
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Input Graph G = (V, E)
Node features: X ∈ Rn×12, Edges: A

GAT Layer 1: H(1) = GAT(X,A)

12
heads=4,concat−−−−−−−−−−−→ 64, Dropout=0.2

Ĥ(1) = ELU(LayerNorm(H(1)))

GAT Layer 2: H(2) = GAT(Ĥ(1),A)

64
heads=4,concat−−−−−−−−−−−→ 64, Dropout=0.2

Ĥ(2) = ELU(LayerNorm(H(2) + Ĥ(1)))

GAT Layer 3: H(3) = GAT(Ĥ(2),A)

64
heads=2,mean−−−−−−−−−−→ 32, Dropout=0.2

Z = ELU(LayerNorm(H(3))) (Final node embeddings)

Emotion-Specific Transformers (Parallel Processing)
ei = fi(Z) for i ∈ {Joy, Anger, Fear, Sadness, Surprise, Trust}

Each: 32 → 16 → 16 with LayerNorm, ReLU, Dropout

Feature Concatenation: E = [e1, e2, . . . , e6]
Reshape: 6 × 16 → 96-dimensional vector

Emotion Aggregator: r = g(E)

96
Linear, LN, ReLU−−−−−−−−−−−−→ 64

Linear−−−−→ 6

Learnable Interaction Matrix: r̃ = Softmax(W) · r
W ∈ R6×6 captures emotion interdependencies

Final Emotion Prediction: y = 1
τ · r+r̃

2
Temperature-scaled average of raw and interacted emotions

Skip Connection

Multi-Head Attention:
αij =

softmax(aT [Whi∥Whj ])

Learns edge importance dy-
namically

Emotion Processing:
Each transformer specializes
in one emotion category
Parallel computation for effi-
ciency

Emotion Interactions:
Models emotion correlations
(e.g., joy-surprise, anger-
disgust)
Learnable soft attention ma-
trix

Key Parameters:
n: Number of nodes
τ: Temperature (0.1-1.0)
Heads: Multi-head attention
Dropout: Regularization
LayerNorm: Stabilization

Notation:
H(l): Layer l hidden states
Z: Final node embeddings
fi: Emotion i transformer
g: Aggregation function
W: Interaction matrix

Figure 1: Affect2Act architecture with GAT layers, emotion-specific transformers, and an
interaction matrix for decision prediction.

A.4. Model Architecture Details

Figure 1 outlines Affect2Act. The model applies three GAT layers with residual connections
to encode context-dependent emotion nodes. Each node is then refined by emotion-specific
transformers, and their outputs are aggregated into a joint representation. A learnable 6×6
interaction matrix further adjusts relationships between emotions, with the final decision
derived from a temperature-scaled blend of the aggregated and interaction-enhanced vectors.
This design combines relational modeling, emotion specialization, and interaction reasoning
in a compact architecture.
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Figure 2: Layer-wise representation learning in GAT. (A-C) PCA projections of emotion
embeddings across three GAT layers, colored by decision class. (D) Silhou-
ette scores showing progressive class separability. (E) Feature variance evolution
demonstrating representation refinement through successive layers.

A.5. Layer-wise Representation Learning

Figure 2 visualizes how emotion representations evolve through successive GAT layers.
The PCA projections (A–C) show that emotion embeddings become increasingly separated
by decision class as they pass through deeper layers, with principal component variance
gradually concentrating (PC1: 85.2% → 64.2%). The silhouette score analysis (D) confirms
progressive improvement in class separability, rising from 0.249 at the input to 0.374 after
the third GAT layer. Feature variance (E) initially decreases as the model filters noise, then
increases as discriminative patterns emerge. This progression demonstrates that the GAT
architecture successfully refines emotion representations for decision-making, with each layer
contributing to more structured and task-relevant embeddings.

A.6. Implementation Notes

All models are implemented in PyTorch with torch-geometric. Affect2Act uses three GAT
layers followed by emotion-specific transformations, and a decision network integrating en-
vironmental context via multi-head attention. We optimize with AdamW, use cosine an-
nealing learning-rate schedules, and apply gradient clipping for stability. Synthetic datasets
are generated with scenario-specific emotion patterns, controlled variance, and reproducible
seeds. Full implementation details are provided in the released code.
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