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Batch gradient descent
Stochastic gradient descent i z’*{“’_’_ |
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Batch gradient descent
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for 1 in range(nb_epochs
params_grad = evaluate _gradient(loss function, data, params
params = params - learning rate * params_grad



Stochastic gradient descent
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for 1 in range(nb_epochs
np.random.shuffle(data
for example in data
params_grad = evaluate gradient(loss function, example, params
params = params - learning_rate * params_grad
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for 1 in range(nb_epochs):
np.random.shuffle(data)
for batch in get batches(data, batch size=50):
params_grad = evaluate gradient(loss function, batch, params)
params = params - learning rate * params_grad
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\esterov accelerated gradient (NA
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\esterov accelerated gradient (NA
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Image 4: Nesterov update (Source: G. Hinton's lecture 6¢)
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# Adagrad 8%
def adagrad(params, sqrs, lr, batch_size):
eps_stable = le-7
for param, sqr in zip(params, sqrs):
g = param.grad / batch_size
sqr[:] += nd.square(g)
div = 1r * g / nd.sqrt(sqr + eps_stable)
param[:] -= div
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« Downpour SGD, tensorflowFi &
* Delay-tolerant Algorithms for SGD
* TensorFlow

* Elastic Averaging SGD
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* Early stopping

— Geoff Hinton: "Early stopping (is) beautiful free lunch”
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An overview of gradient descent optimization algorithms
http://www.julyedu.com/video/play/69/646
http://cs231n.github.io/

http://zh.gluon.ai/chapter _optimization/index.html
http://www.cs.toronto.edu/~tijmen/csc321/
https://www.jigizhixin.com/articles/2017-12-06
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