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Biz ortogonal olmalarini bekliyoruz
Boyle bir teorem var
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yumusak baz fonksiyonlariyla mikemmel olarak tahmin edebiliriz
teorik olarak
universal approximator
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bdyle bir sikinti var  sonsuza giderken tirev O o yUzden back propagation iyi galismaz
bu yUzden genelde softmax en son katmanda kullanilir
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ax + b seklinde gdstermiyoruz
non linear

negatif tarafta yine tirevi O, dead neuron sorununa yol agryor
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nonlinearity daha az oldugu igin daha fazla katman gerekiyor
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Derin 6Grenmede katmanlar artar
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DataScaler() — Standart Scaler()
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sonra TensorDataset

random split

Dataloader

class ANNmodel(nnModule)  « bunun inherit ediyoruz
init : super().__init__()

pytorch linear
torch.nnlinear(in_features, out_features, bias=True, device=None, dtype=None)
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parametre sayisi = N x 1 + N
in out

net = nn.Sequential
BatchNormld
Dropout
optim.Adam
nn.Crossentropyloss

def forward(selfx):
x = x.to(self.device)
x = xto(Tfloat32)

Perceptron, backpropagation, aktivacyon ve PyTorch

out_ = Fone_hot(T.argmax(out,dim=1), num_classes=? k)

def learn:

self.optimizer.zero_grad()
y_pred = selfforward(x)
loss = selfloss(y_pred, y)
loss.backward

Normalization layer
BatchNormld
Dropout layers
overfit etmemek icin bazi verileri dUsiririz

Cosine similarity

K

xYy
X1l Nyl

Loss Functions
L1 loss
MSE loss
KLDivLoss
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