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x_data = torch.Tensor([[2.1, ©.1], Y=
[4.2, ©.8],
[3.1, ©.9],
[3.3, ©.2]])
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torch.nn.Linear(2, 1)
linear(x_data)

linear
y_pred
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sigmoid = torch.nn.Sigmoid()

linl |= torch.nn.Linear(2) 4)
1lin2 = torch.nn.Linear(4, 3)
1lin3 = torch.nn.Linear (3 (1)

rvl = sigmoid(linl(x_data))
rv2 = sigmoid(lin2(rvl))
y_pred = sigmoid(lin3(rv2))
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Backpropagation

Deep Neural Network
Vanishing Gradient
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Identity

RelU

Binary

Inverse Square Root Linear

Linear

Sigmoid

Leaky ReLU

Exponentional Linear Unit

Square Non-Linearity

(Activation function)

TanH

Randomized ReLU

Soft Sign

Bipolar RelLU

A

ArcTan

Parameteric ReLU

Inverse Square Root Unit (ISRU)

Soft Plus

Activation function Equation

(Heaviside) 05, z=0,

Unit step 0, z<0,
Pz) =
1, z> 0,

Sign (Signum)

Piece-wise linear
P(z) =

Logistic (sigmoid)

Hyperbolic tangent z
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Rectifier, ReLU
(Rectified Linear &(z) = max(0, z)

Rectifier, softplus

Example 1D Graph

Perceptron
variant

Perceptron
variant

Adaline, linear
regression

Support vector
machine

Logistic
regression,
Multi-layer NN

Multi-layer
Neural
Networks

Multi-layer
Neural
Networks

Multi-layer
Neural
Networks

http://rasbt.github.io/mixtend/user_guide/general_concepts/activation-functions/




Activation function

behaviours. As most neural networks are optimised using some form of gradient descent,
activation functions need to be differentiable (or at least, almost entirely differentiable- see
ReLU). Furthermore, complicated activation functions may produce issues around vanishing
and exploding gradients. As such, neural networks tend to employ a select few activation

functions (identity, sigmoid, ReLU and their variants).

Select an activation function from the menu below to plot it and its first derivative. Some

properties relevant for neural networks are provided in the boxes on the right.

Note: You are recommended to view it on Chrome for the best experience. On Firefox and IE

the equations in the boxes may not render.

Linear

Range: (0. 1)

Monotonic: [

Identity at Origin: 3§

Symmetry: Asymmetrical
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759 rows x 9 columns
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Xy _data = np.loadtxt('../Data/diabetes.csv', delimiter="',"', dtype = np.float32)

X_data
y_data

torch.from_numpy(xy_data[:, ©:-1])
torch.from_numpy(xy_data[:, [-11])

print(x_data.shape)
print(y_data.shape)




