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© MZENFIIOARTEWET, F— 0 MNEEKENHEITHMN
© AR, fHEITHISEFE800{ZE]1000{Z 2 (8],

B AR SHER (H7)

1 LeNet-5 0.06
2 AlexNet 60
3 VGG-16 138
4 Inception-v1 (GooglLeNet) 6

5 ResNet-50 25
6 BERT-base 110
7 BERT-large 340
8 GPT-3 1750
9 EfficientNet-BO0 5.3
10 EfficientNet-B7 66

EEZMNSUEREMAT UFIMRTEREANIREER, BELFTEE
Z MR ERIERI.
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1 —»(b) Bias
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E,‘Jiﬁjllfl input ) Z function = output
2

. \‘-.
.
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Xn

Synaptic
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Output = f(wyxg + wyixy + wyox, + -+ wyx, + b)
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o = FHAYBUERREX (Sigmoid, Tanh, RelU)
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f'(2)=f)(1 = f(2)) (2)=1- f32)
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layer1 layer2 layer3

input layer hidden layer output layer
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1. i RIEEAMNBRE A FEE:
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A0 — w4 4 p®
o PEREEEE Y
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Hrh o 2Sigmoid§iERE, B o(z) = 2.
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1. Fiefe XNEFNRE

2. B[] {5 #&(forward propagation)
3. T E 1R BY35 25 (Loss function/cost function)
4. ; [a11%# (back propagation)
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HIRHEMZE (CNN)

* BOMHATLUAFE—1EE mE—EI'BR" (%K)
* B EELAFENE mEa—1MER%
* BIIANE A SR

Convolution Max-pooling Convolution Max-poaling

Features extraction

Classification

QOutputs
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© SEBRMER
© BIRIZE3*3HIRSIR

Center element of the kernel is placed over the (0x0)
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearby pixels.

Source pixel

Convolution kernel
(emboss)

New pixel value (destination pixel) L
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o LeNetE—Ff R HIFNEFRH L2 (Convolutional Neural Network,
CNN) , HYannLeCunT1998F et . E—MATFEIFIR7!
HIFE MK EN . RELeNetEE HSRUREF I N AR 8 HIAAE
MR REARE BESEIRMAMNETIENARTE 7T EE N,
W AREEEE MM EEMEE 7 B,

C3:f. maps 16@10x10

INPUT gg@ 2fgat2Lge maps S4: 1. maps 16 @5x5
32x32 X S2:f. maps C5: layer
6@14x14 p 120 Fo:layer QUTPUT

|
Full conAection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

LeNet, 1998
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AlexNetE—FRELEFIHZ ML (Convolutional Neural Network,
CNN) , FAlex Krizhevsky. Ilya Sutskever#F1Geoffrey Hintonf£20125E 32
H ., BEEYERIImageNet Large Scale Visual Recognition Challenge

(ILSVRC) ELFEAEVE 7 RIS, KEERES TERERDEES
FUERRER, MBI &R T HRE SR S TUE A IRE & R .
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AlexNet, 2012
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* Dropout
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(a) Standard Neural Net (b) After applying dropout.
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« Data augmentation (Z(}E135)

- ZIEIESR (Data Augmentation) R—MATH RIIGEHEE
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Original Image

De-texturized

Data Augmentation

Edge Enhanced
4 Salient Edge Map

4 Flip/Rotate
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