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RelLU Layer

f __init_ (self):

self.mask = None

f forward(self, x):
self.mask = (x <= 0)
out = x.copy()
out[self.mask] = ©

return out

f backward(self, dout):
dout[self.mask] = ©




Sigmoid Layer

Sigmoid:
- init_ (self):
self.out = None

- forward(self, x):
out = sigmoid(x)
self.out = out

return out

- backward(self, dout):
dx = dout * self.out * (1-self.out)




Attine Layer
lass Affine:
- __init_ (self, W, b):
self.W = W
self.b = b
self.x = Nc
self.original x_shape
self.dW = None
self.db = Non

- forward(self, x):

self.original x shape = x.shape
x = x.reshape(x.shape[0], -1)

self.x = x

out = np.dot(self.x, self.W) + self.b
return out

backward(self, dout):

dx = np.dot(dout, self.W.T)

self.dW = np.dot(self.x.T, dout)
self.db = np.sum(dout, axis=90)

dx = dx.reshape(*self.original x shape)

return dx




Softmax With Loss Layer

f backward(self,

F__init_ (self):

self.loss = None
self.y =1
self.t = None

- forward(self, x, t):

self.t = t
self.y = softmax(x)

self.loss = cross_entropy_error(self.y, self.t)
return self.loss

dout=1):
batch_size = self.t.shape[0]
if self.t.size == self.y.size:
dx = (self.y - self.t) / batch size

e

dx = self.y.copy()
dx[np.arange(batch size), self.t] -= 1
dx = dx / batch size

return dx

- softmax(x):

if x.ndim ==
—0yeh

= np.exp(x) / np.sum(np.exp(x), axis=0)

X
X = x - np.max(x, axis=0)
y
%

1 y_T

I
eturr

x = x - np.max(x)

return np.exp(x) / np.sum(np.exp(x))




Two Layered Neural Network (1)

s TwolLayerNet:

- init_ (self, input size, hidden size, output size, weight init std=0.01):

self
self
self
self
self

.layers|[’

.params = A

.params['W weight init std * np.random.randn(input_size, hidden_size)
.params['b np.zeros(hidden size)

.params|[ ‘W2’ weight init std * np.random.randn(hidden size, output size)
.params|[ ‘b2’ np.zeros(output_size)

.layers =

= Affine(self.params['W1'], self.params['bl’'])
)

.layers[ 'Affine 2 Affi elf.params|[ 'W2'], self.params|'b2
.lastlayer = Sof




Two Layered Neural Network (2)

- predict(self, x):
for layer in self.layers.values():

x = layer.forward(x)

loss(self, x, t):
y = self.predict(x)
return self.lastlayer.forward(y, t)

accuracy(self, x, t):

y = self.predict(x)
y

= np.argmax(y, axis=1)
if t.ndim != 1:

t = np.argmax(t, axis=1)

accuracy = np.sum(y == t) / float(x.shape[©@])

return accuracy




Two Layered Neural Network (3)

f gradient(self, x, t):

self.loss(x, t)

dout = 1
dout self.lastlayer.backward(dout)

layers = list(self.layers.values())
layers.reverse()
for layer in layers:

dout = layer.backward(dout)

grads = {}

grads[ "W1'] self.layers[ 'Affine 1

grads[ 'b1" ] self.layers[ 'Affine 1 b

grads[ "W2" ] self.layers[ 'Affine 2
)

b

7.
7.d
7.
.

grads[ 'b2'] = self.layers['Affine_

return grads




Train Data (1)

(x_train, t_train), (x _test, t test) = load mnist(normalize=True, one_hot_label=True)

network = TwolayerNet(input size=784, hidden size=50 ,output size=10)

iters num = 10000

train_size = x_train.shape[0]
batch size = 100

learning rate = 0.1

ts = datetime.datetime.now()

train_loss_list = []
train_acc_list =

test acc list

iter per_epoch = max(train_size / batch _size, 1)



Train Data (2)

for 1 in range(iters _num):
batch mask = np.random.choice(train_size, batch size)
x_batch = x _train[batch mask]
t _batch = t_train[batch _mask]

grad = network.gradient(x _batch, t batch)

for key in ('W1', 'b1', 'W2', 'b2'):

network.params[key] -= learning rate * grad[key]

loss = network.loss(x_batch, t batch)

train_loss list.append(loss)

if 1 % iter_per_epoch == @:
train_acc = network.accuracy(x train, t train)

test acc = network.accuracy(x test, t test)

train_acc_list.append(train_acc)

test acc_list.append(test_acc)

, train_acc, "test acc :", test_acc)

print("train_acc:

iter_per_epoch == 0:
= datetime.datetime.now()
=-%tFf = %s

print(i, te)

ts = datetime.datetime.now()



iteration = np.arange(®, iters num, 1)

plt.
plt
plt.
plt.

.xlabel("iteration")

plot(iteration, train_loss list)
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