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Input: 0.35x0.1+0.9%0.8=0.755
Output: 0.68
Error: el=g*wl*0*(1-0)=-0.0406*0.3*0.68*(1-0.68)=-2.650*103

W3+:W3+¢e1*A:O.1+ (-2.650*10%)*0.35=0.0991

Input

A=0.35 ; .SJ/1+:W1+Q*0120.3+ (-0.0406)* 0.68=0.2724
Output=0.5
: Input: 0.3x0.68+0.9x0.6637=0.80133
Input : _ Output: 0.69
B=0.9 Error: g=(t-0)(1-0)0=(0.5-0.69)(1-0.69)0.69=-0.0406
w2 =w2+g*02=0.9+ (-0.0406)* 0.6637=0.8731

w6 =w6+e2*B=0.6+ (-8.156*10-3)*0.9=0.5927
Input: 0.35x0.4+0.9x0.6=0.68

Output: 0.6637
Error: e2=g*w2*0*(1-0)=-0.0406*0.9*0.6637*(1-0.6637)=-8.156*10-3
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https://keras.io/examples/

from keras.models import Sequential
from keras.layers import Dense, Activation
from keras.optimizers import SGD

model = Sequential()
model.add(Dense(output_dim=64, input_dim=100))
model.add(Activation("relu"))

model.add(Dense(output_dim=10))
model.add(Activation("softmax"))

model.compile(loss='categorical_crossentropy', optimizer='sgd’, metrics=['accuracy'])
model.fit(X_train, Y_train, nb_epoch=5, batch_size=32)

loss = model.evaluate(X_test, Y_test, batch_size=32)



PytorchiREAI]

class NeuralWet({nn.Module}):
def __init_ (self, input_size, hidden_size, num_classes):
super{MzuralMet, self).__init_ ()}
self.fcl = nn.Linear{input_size, hidden_size)

self.relu = nn.RelU()

self.fc2 = nn.linear{hidden_size, num_classes)
def forward(self, x): model = NeuralNet(input_size, hidden_size, num_classes).to(device)
out = self.fcl(x)
out = self.relu(out) # Loss and optimizer
out = self.fc2(out) criterion = nn.CrossEntropyLoss()
return out

optimizer = torch.optim.Adam(model.parameters(), Ir=learning_rate)

# Train the model

total_step = len(train_loader)

for epoch in range(hum_epochs):

for i, (images, labels) in enumerate(train_loader):

# Move tensors to the configured device
images = images.reshape(-1, 28*28).to(device)
labels = labels.to(device)
# Forward pass
outputs = model(images)
loss = criterion(outputs, labels)
# Backward and optimize
optimizer.zero_grad()
loss.backward()
optimizer.step()
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Learning rate cannot be one-size-fits-all
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train loader = torch.utils.data.DatalLoader (dataset=train dataset,

batch size=batch size,
shuffle=True)

test loader = torch.utils.data.Dataloader (dataset=test dataset,

batch size=batch size,
shuffle=False)
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A small learning rate
requires many updates
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minimum point

Too large of a learning rate
causes drastic updates
which lead to divergent
behaviors
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Learning Learning

Rate 1 Rate

Iterations [tarations

BdER, (step decay) =R (Linear Decay) 1/t (1/t decay)



IEM{E (Regularization)
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IEM{E (Regularization)
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I280421E (Early Stop)
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Dropout—iJIl&RA3AYSEIR

p = 0.5 # probability of keeping a unit active.

def train_step(X):
"v® X contains the data ""

H1 = np.maximum(©, np.dot(Wl, X) + bl)

Ul = np.random.rand(*Hl.shape) < p # first dropout mask
H1 *= Ul # drop!

H2 = np.maximum(©, np.dot(W2, H1l) + b2)

U2 = np.random.rand(*H2.shape) < p # second dropout mask
H2 *= U2 # drop!

out = np.dot(W3, H2) + b3

S NERTTR EFEIER/90.8, FEiEiERIT/90.5
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1Z MR (R BB fEE 2R
p=0.5 B g RER 1g a unit active. higher

def train_step(X):
""" X contains the data """

|
(

I
(

)
N
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~<
J
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# forward pass for example 3-layer neural network
= np.maximum(©, np. dot(w1 X) + bl)
U1 = np.random.rand(*Hl.shape) < p # first dropout mask
H1 *= Ul # drop!
H2 = np.maximum(©, np.dot(W2, H1l) + b2)
U2 = np.random.rand(*H2.shape) < p # second dropout mask
H2 *= U2 # drop!
out = np.dot(W3, H2) + b3

def pred1ct(X)

P - o~

# ensembled forward pass

= np.max1mum(0, np.dot(Wl, X) + bl) * p # NOTE: scale the activations
H2 = np.maximum(©, np.dot(W2, H1l) + b2) * p # NOTE: scale the activati
out = np.dot(W3, H2) + b3
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DropConnect

r=a((M.*W)uv)
DropOut Network DropConnect Network

DropConnect: 15 RAFRIE N SEEERNEAYELAL-pAIBIEREE KO

Dropout: FEHLAIREERET RATHHZERK0
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a; = f(wi1x1 + wa1x, + by) = £(0)
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OGaussian #1844
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W = ¢ * np.random. randn(fan_in, fan_out)
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AT = V302

W = r * np.random. rand(fan_in, fan_out)
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