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MACHINE INTELLIGENCE
UNIT- 5

Optimizers
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Mini-Batch Gradient Descent
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@ 1 epoch = one pass over the entire data
e 1 step = one update of the parameters
@ N = number of data points

e B = Mini batch size

Algorithm # of steps in 1 epoch

Vanilla (Batch) Gradient Descent
Stochastic Gradient Descent
Mini-Batch Gradient Descent
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- 8GD tode W keras

# creating a model
model = keras.Sequential([
keras.layers.Flatten(input_shape=x_train[@].shape),
keras.layers.Dense(250, activation='relu'),
keras.layers.Dense(18, activation='softmax')])
# optimizer - sgd
opt = SGD(learning_rate=0.001)
# compile the model
model.compile(loss="categorical_crossentropy', optimizer=opt, metrics=["'accuracy'])
# fit a model
history = model.fit(x_train,y_train, validation_data=(x_test, y_test), epochs=200, verbose=0)

https://drive.google.com/file/d/1zk5-sAsJIM-5rc20nnEyFOjPVzBLWIJu/view
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https://heartbeat.comet.ml/an-empirical-comparison-of-optimizers-for-machine-learning-models-b86f29957050
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https://drive.google.com/file/d/1wEQ1R025PLL85QgMnIR76BJx8De9FKCD/view
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