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Note: Instead of the gradients with respect to the neurons, we are actually interested in the gradients of the loss function with
respect to the parameters, because we are updating the parameters during training. But, we need the neuron gradients to
compute the parameter gradients: Once we have the neuron gradients, we compute the parameter gradients with another
application of the chain rule.

The power of the linear algebraic view is that we can use hardware specialized for matrix multiplication to efficiently compute
the gradients!

Neural networks are a powerful tool for learning complex functions, but notoriously difficult to understand because of their
many parameters and nonlinearities. The big surprise of deep learning is that, even though they are not convex functions,
gradient descent works remarkably well to train them. We don’t have good intuition for what happens in high-dimensional
space (the loss function depends on the number of parameters, which can be very large), but it seems like there’s almost
always a parameter update that at least slightly improves the loss function so we rarely get stuck in a bad local minima.



