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' Vehicular Ad hoc NETwork (VANET)
' Long Short-Term Memory
¥ Convolutional Neural Network
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1 Proximal Policy Optimization

2 Deep Q-Network

3 Trust Region Policy Optimization
¢ Advantage Actor-Critic
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' Random Forest (RF)

" Ensemble Learning (EL)
¥ Overfitting

¥ Machine Learning (ML)
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" K-Nearest Neighbor - KNN

¥ Logistic Regression - LR

¥ Support Vector Machines (SVM)
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' Encoder-Decoder
¥ Gated recurrent unit (GRU)
¥ Mean Squared Error (MSE)
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' Deep Reinforcement Learning

¥ Convolutional neural network (CNN)
¥ Multilayer perceptron (MLP)

¥ Hybrid Models

® Genetic Algorithm (GA)
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