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T MXnetfaf2 TRt 43

L

» data = mx.symbol.Variable('data’)

© #HE—TERE

* conv1 = mx.sym.Convolution(data=data, kernel=(5,5), num_filter=20)
* tanh1 = mx.sym.Activation(data=conv1, act type="relu")

* pool1 = mx.sym.Pooling(data=tanh1, pool_type="max", kernel=(2,2), stride=(2,2))

. #HEZINEFE
* conv2 = mx.sym.Convolution(data=pool1, kernel=(5,5), num_filter=50)
* tanh2 = mx.sym.Activation(data=conv2, act type="relu")

* pool2 = mx.sym.Pooling(data=tanh2, pool_type="max", kernel=(2,2), stride=(2,2))

© HE—TZEEE
» flatten = mx.sym.Flatten(data=pool2)
* fc1 = mx.symbol.FullyConnected(data=flatten, num_hidden=500)

* tanh3 = mx.sym.Activation(data=fc1, act_type="relu")

s HECIE2ERE
* fc2 = mx.sym.FullyConnected(data=tanh3, num_hidden=10)
«  # softmax#7%/Z

* lenet = mx.sym.SoftmaxOutput(data=fc2, name="'softmax’)
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* # code from https://github.com/zackchase/mxnet-the-straight-dope

num_fc =512

net = gluon.nn.Sequential()

with net.name_scope():
net.add(gluon.nn.Conv2D(channels=20, kernel_size=5, activation="relu"))
net.add(gluon.nn.MaxPool2D(pool_size=2, strides=2))
net.add(gluon.nn.Conv2D(channels=50, kernel_size=5, activation="relu'))
net.add(gluon.nn.MaxPool2D(pool_size=2, strides=2))
# The Flatten layer collapses all axis, except the first one, into one axis.
net.add(gluon.nn.Flatten())
net.add(gluon.nn.Dense(num_fc, activation="relu"))

net.add(gluon.nn.Dense(num_outputs))

* # Handy class available here

* https://github.com/sunilmallya/dI-twitch-series/blob/master/cnn_mnist_gluon_simplified.ipynb
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