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2. Activation Function (BuERED
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2. Activation Function (BuERED
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2. Activation Function (BuERED
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3.An Artificial Neuron (AN THZIC)
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4. Several Neurons Connected (JLANMHZ TCHIEEE)
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4. An Artificial Model ( A\ T HE#I)
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4. An Artificial Model ( A\ T )
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4. An Artificial Model ( A\ T HE#I)
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b.Following Signals Through A Neural Network
(BRFE(E S F M E ML)
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b.Following Signals Through A Neural Network
(BRFEE S F M E ML)
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FATE S RIEL2Z R A L
/E'\# H/(J Eﬁﬁ)\ y\j : x = (output from first node * link weight) + (output from second node * link
weight)

x = (1.0 * 0.9) + (0.5 * 0.3)
x=0.9+0.15

. . = x = 1.05
activation function

y=17(1 +0.3499) =1/ 1.3499. So y = 0.7408.
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activation function x = 0.6
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6. Matrix Multiplication is Useful .. Honest!
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6. Matrix Multiplication is Useful .. Honest!
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7. A Three Layer Example with Matrix Multiplication
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Ohidden = sigmoid( Xhidden )
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8. Learning Weights From More Than One Node
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8. Learning Weights From More Than One Node
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8. Learning Weights From More Than One Node
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8. Learning Weights From More Than One Node
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9. Backpropagating (ZHEiH 3 S & AEE)
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10. Backpropagating Errors To More Layers (ZEHI R ML)
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10. Backpropagating Errors To More Layers (ZEHI R ML)
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10. Backpropagating Errors To More Layers (ZEKI X
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11. Backpropagating Errors with Matrix Multiplication
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12. How Do We Actually Update Weights?
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______ -2(t, -0,) - L sigmoid ( Zj W " 0, )
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Weight Update Worked Example
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Tinker With a Neural Network Right Here in Your Browser.
Don't Worry, You Can't Break It. We Promise.

Epoch Learning rate Activation Regularization Regularization rate Problem type
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