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Weight Space Trajectory

Source: Sam Abrahams (https://goo.gl/tKOvr7)

Each update is based on a mini-batch of m patterns
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to the current amount of weight change at time t
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Many Variations on Gradient Descent

● SGD (Stochastic Gradient Descent) with Momentum

● Adagrad (Adaptive Gradient Descent)

● RMSprop

● Adam (Adaptive Moment Estimation)

● Nesterov Accelerated Gradient

● Nadam (Nesterov-accelerated Adaptive Moment Estimation)

More info:  https://ruder.io/optimizing-gradient-descent
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Binary Cross-Entropy Cost Function
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Categorical Cross-Entropy Cost Function
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Rectified Linear Unit (ReLU)
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