HMEE (Perceptron) &

MLP (Multi-Layer Perceptron)
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w/o PyTorch

(. o 2=l T =
#ERTHI7|X], 2F $10{ 27

import math

import random

# 2ot gt 8l 0| &
def sigmoid(x):
return 1 /(1 + math.exp(-x))

def sigmoid_deriv(x):
return -x * (1 - x)

#ot50] Eact Moy
X =1[0,0], [0,1], [1,0], [1,1]]
y=1[0,0,0, 1]

# 7S K| 27|21 (THEH)
random.seed(42)
W = [random.uniform(-1, 1), random.uniform(-1, 1)] # random.uniform(-1, 1): -10| A| 1A}0| 2| & ==Z uniform random S} |

b = random.uniform(-1, 1)
L J
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w/o PyTorch

St 2o
#efg £

for epoch in range(1000):
total loss=0
foriin range(len(X)):
# Forward
z = X[i][0]*WIO] + X[i][1]*W][1] + b
a = sigmoid(z)

# =4 A4 (0.5 * MSE)
loss = 0.5 * (y[i] -a) ** 2
total_loss +=loss

# Backpropagation (EEH S0 U2 B = ThE)
error = (y[i] - a) * sigmoid_deriv(a)

# 7tsX| (MOl E

WI[0] -= 0.1 * error * X[i][O]
WIJ[1] -=0.1 * error * X[i][1]
b-=0.1*error

g2 ==
if epoch % 100 == 0:

print(f"Epoch {epoch}, Loss: {total_loss/4:.4f}")
. y,
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w/o PyTorch

fEELEER
print("\nFinal Predictions:")
foriin range(len(X)):
z = X[i][0]*W]O] + X[i][1]*W][1] + b
a = sigmoid(z)
out=1lifa>=0.5else0
print(f"Input: {X[i]}, Predicted: {out}, Target: {y[i]}")
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w/ PyTorch

#0: 2R I{7|X], 2& §0{27|

#1: HO|E Al
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#3: MBS & SEIOLOIK
#a:5l5 FX
# =71} gradient 7|2}
# =T I} (forward propagation)
#=a AL
# ST IOt (backward propagation, gradient A|41)

# Otet0|H YO0l E
# validation=Ql

#s: Q7L FE
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w/ PyTorch

(40 LR IY7|X|, 25 Y027
import torch
import torch.nn as nn
import torch.optim as optim

#1: OO A (Y=t EE
X = torch.tensor(][[0.,0.], [0.,1.], [1.,0.], [1.,2.1])

Y = torch.tensor([[0.], [0.], [0.], [1.]])
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w/ PyTorch

(2. 28 Hol
class Perceptron(nn.Module):
def __init__ (self):
super(Perceptron, self). _init_ ()
self.layer = nn.Linear(2, 1)
self.sigmoid = nn.Sigmoid()

def forward(self, x):
return self.sigmoid(self.layer(x))

model = Perceptron()
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w/ PyTorch
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#3: =Agh & FE|OHO A
criterion = nn.MSELoss()
optimizer = optim.SGD(model.parameters(), Ir=0.1)
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w/ PyTorch

(4480
model.train()
epochs = 1000
for epoch in range(epochs):

optimizer.zero_grad() # =TI} gradient 7|2t

outputs = model(X) # 7= I} (forward propagation)

loss = criterion(outputs, Y) # =4 AL

loss.backward() # A M I} (backward propagation, gradient A 2H)
optimizer.step() # Ot2t0|EH YO0l E

if epoch % 100 == 0: # validationZt Q!

print(f"Epoch {epoch}, Loss: {loss.item():.4f}")




w/ PyTorch

( )
#5: 2|5 05 2o

-1 /|1 =

print("\nFinal Predictions:")
model.eval()

with torch.no_grad():
preds = model(X)
out = torch.where(preds >= 0.5, 1, 0)
foriin range(len(X)):
print(f"Input: {X[i].tolist()}, Predicted: {out[i].item():.3f}, Target: {Y[i].item()}")
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£t 3} SH4=(Activation Function)

« Step Function

x>0

N
fla) = {{} <0

- dES™ FH 2AH(GX], Threshold)
08 =7t
PyTorch Of| Al X[ & X



£t 3} SH4=(Activation Function)

« Sigmoid

Step Func.dt FAf

0|2 7ts => PyTorch X|- ¥ (nn.Sigmoid())
7127] &4 (Gradient Vanishing)
AT 250| (0, 1) => St&0f H|ZE8X




£t 3} SH4=(Activation Function)

Tanh

o ! 2 B
f@) =g +e* T 14T 1

° (_ | O A'OE XE:I

|:||'$'— 7f => PyTorch X|& (nn.Tanh())

7127] &4 (Gradient Vanishing)
Al4H0] %“o*




£t 3} SH4=(Activation Function)

 RelLU (Rectified Linear Unit Function)

~
o f(,x‘) — {.I.‘ X ; 0 f t () ¢
0 r=<0 / /
{ ] x —_— | x
(a) ReLU (b) Leaky RelLU
fx) 1 fx) 1
0-71I0‘0 77:‘5 75‘.0 72‘.5 0.‘0 2:5 5.‘0 7.‘5 lOI.O : Bi(l.\‘} / .
- A Sk WE, 7|27 AE =X SHE % ' '
(@ (d) Flexible ReLU

- = = - O = ¢) Parametric RelLU
. BN BE (09 FY MY) => 2XE, 584 S0

- E&2H 0| 7}ts => PyTorch X|& (nn.ReLU())

¢ E2 RelU (B2 4% dE &4 o LeakyRelU (nn.LeakyReLU()),
ParametricReLU (nn.PReLU())

« ZHO0| 25 & => Batch Normalization (nn.BatchNorm1d(num_features=10))

19




£t 3} SH4=(Activation Function)

e Softmax
< fori=1,2,...k
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& Al 8t4=(Loss Function)
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2=Al Sk4=(Loss Function)

« Mean Sequared Error(MSE) Loss

N

1
* L=+ i — i)’
N;(y. Ji)
- I =MESHR U OF)0 == ALE
=2t 32 X0l & =0|= W= o5

* PyTorch ++¢d

e 2h=: nn.MSELoss()
. ARI:H

- Ozt §E=
« Ol Al: criterion = nn.MSELoss()
criterion(predicted, target)



& Al 8t4=(Loss Function)

» Binary Cross Entropy Loss

o L= —[ylog(§)+ (1—y)log(l—9)]

. = jo] 2YA@EI012) F SLIE 0Sse ZHOIM AL

 PyTorch ++¢
« Sfz nn BCELoss()
. AR
01|—. b 2Hdg gt E HE80t tensorl] 2(EeliA 10 £ 2HE)
- Hl & 8H dlol=
« Of|Al: criterion = nn.BCELoss()
criterion(predicted, label)



& Al 8t4=(Loss Function)

« Binary Cross Entropy Loss (Logit 4f= JCHE 2= A 2)

PEEEE
class Perceptron(nn.Module):
def __init__ (self):
super(Perceptron, self).__init_ ()
self.layer = nn.Linear(2, 1)

def forward(self, x):
return self.layer(x)

# AT g SE|OFO| X

criterion = nn.BCEWithLogitsLoss() # BCEWithLogitsLoss 2| &% sigmoid & +& 2L &
# 2 gt 2 S (logit)S 102 FO{F Of &




=4l gk2=(Loss Function)

» CrossEnytopyloss

. Z;’J )log, q(x

- LS 0ld) 2L & otLtE K=ots XM AFE

+ PyTorch %
2= nn.CrossEntropyLoss()
+ 7|&: Softmax + cross entropy loss |4t
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= E| 00| X (Optimizer)
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Gradient Descent

Stochastic Gradient Descent
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Optimizer: Stochastic Gradient Descent

2812 6D) o8 2512 H(seD)
A HIOJEHe BRLo = A2 MEbE SILIo| HE=
Of 7i H o= 0| O| E Of 7i H o= 0| O| E
Loss(W,b) = % Z (Wx,+b)—y,)” Loss (W, b) =((Wzx; +b)—y,)”
i=1

Gradient Descent

Stochastic Gradient Descent

8 o] Anjo| = ofl L) wHE
23N 43

OfL| B X] Al SHZ 5 (Mini-Batch GD)
27




Training dataset
Batch Size

-
Optimizer: Stochastic Gradient Descent

1Epoch
1 Epoch = 4| O| M|°| 2= HOoHE
1 iteration = 12| &

08101 8t}
FS (= weights(ZHS X]) 12|

182 oln
OolE)
Minibatch (' batch2t1 = ) = | 0| E Ml Z batch size A7 |2 ZIHA b5
(ZZINK] E2 A= f
Ex> O[O & 7H==

A

=

ull-batch2t 1 6+7IE e
7} 100, Batch size = 10 &

)
| I
GD: 100702| H|O|H &2 OF H o &l O*|:‘||0| E (1 Epoch => 1 iteration)

SGD: 172| 4|O|E{ 2 o+ HH 2 & 21| O| E (1 Epoch => 100 iterations)
Mini-batch GD: 1071 2| H|O|E{ 2 ot H 22 AH G| O| E (1 Epoch => 10 iterations)
Mini-batch GDE 7’d 0| Al =& YHIHO

=2 L "1

EsGDE RE7|E g
Pytorch: optim.SGD(model.parameters(), Ir=0.1) 2 S = D& AGH|0|E F7|0| [}E} + =
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Optimizer: SGD with Momentum

560

= H(E2E)5HA =8
= Learning rate, batch size2 ZESI= A2 A7 Y S
> & HX|H ¢ 524

— e D U2 Xopx|® S| 27

£ (Momentum) = O| &S} X}.
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Optimizer: AdaGrad(Adaptive Gradient)

SGD

= H((EeP)5H =3
=> Learning rate, batch snzeE ZES= A2 A7 AZ
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Pytorch: optim.Adagrad(model.parameters(), Ir=0.01)
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Optimizer: ADAM(Adaptive Moment Estimation)

SGD

10

=T H(EAE)oH =3

5 —

: %ol &= 7 & &©X|™ o FOopXx|ZLC}:
+ SGD with momentum + RMSProp (AdaGrad 7l 41)
= ADAM

" Adam N

5| Pytorch:
optim.Adam(model.parameters(), Ir=0.001, betas=(0.9, 0.999), eps=1e-8)
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(4L ||, 25 0|27
import torch

import torch.nn as nn

import torch.optim as optim

# CI[O| B Al (R HH)
X = torch.tensor(][[0.,0.], [0.,1.], [1.,0.], [1.,2.1])

Y = torch.tensor([[0.], [1.], [1.], [0.]])




MLP(Multi-Layer Perceptron)

Perceptron ZHE IO 2 = XORE EX| £

@ 1X} Al 742

o] 7} T2 H E[X]! But
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Chain Rule= O|-& S} Back Propagation2 £ 1!
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MLP: XOR

EEEE
class MLP(nn.Module):
def __init__ (self):
super(MLP, self). __init_ ()
self.layerl = nn.Linear(2, 2)
self.sigmoidl = nn.Sigmoid()
self.layer2 = nn.Linear(2, 1)
self.sigmoid2 = nn.Sigmoid()

def forward(self, x):
x = self.layer1(x)
x = self.sigmoid1(x)
x = self.layer2(x)
x = self. sigmoid2(x)

return x

model = MLP()

\. J
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Using PyTorch

#0: 2R I{7|X], 2& §0{27|

#1: HO|E Al

3+
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#3: MBS & SEIOLOIK
#a:5l5 FX
# =71} gradient 7|2}
# =T I} (forward propagation)
#=a AL
# ST IOt (backward propagation, gradient A|41)

# Otet0|H YO0l E
# validation=Ql

#s: Q7L FE
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MLP: =X} Q1A (MNIST)

e . — N
#0: ERotIi7|X], 25 K027
import torch
import torch.nn as nn
import torch.optim as optim
from torchvision import datasets, transforms
from torch.utils.data import DatalLoader
#1: O|O& A
transform = transforms.Compose(][
transforms.ToTensor(), # O| 0| X[ = [0,1] H?| tensor=
transforms.Normalize((0.1307,), (0.3081,)) # MNIST Bt/ EFHX} H13}
1)
train_dataset = datasets.MNIST(root="./data", train=True, download=True, transform=transform)
test_dataset = datasets.MNIST(root="./data", train=False, download=True, transform=transform)
train_loader = DataLoader(train_dataset, batch_size=64, shuffle=True)
test_loader = Dataloader(test_dataset, batch_size=1000, shuffle=False)
\ J




(42, 2 & Hol (MLP)
class MLP(nn.Module):
def __init__ (self):

super(MLP, self). __init_ ()
self.fc1l = nn.Linear(28*28, 128)
self.fc2 = nn.Linear(128, 64)
self.fc3 = nn.Linear(64, 10)
self.relu = nn.ReLU()

def forward(self, x):
x = x.view(-1, 28*28) # O|0O|X|Z 1A HIEH =
x = self.relu(self.fc1(x))
x = self.relu(self.fc2(x))
x = self.fc3(x) # CrossEntropyLossi softmax A&
return x

model = MLP()

#3. &4 2 & SE|OHO| A
criterion = nn.CrossEntropyLoss()
koptimizer = optim.SGD(model.parameters(), Ir=0.1)

S R=a
1O
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MLP: ==X} 1Al (MNIST)

( )
AL =
#a.Stg O

model.train()
epochs =5
for epoch in range(epochs):
total loss =0
for data, target in train_loader:

1z

optimizer.zero_grad() # =TI} gradient 7|2t
output = model(data) # 7=T 1} (forward propagation)
loss = criterion(output, target) # =4 AL
loss.backward() # Y™ I} (backward propagation, gradient A|4H)
optimizer.step() # Lt2t0[H MOl E
total_loss += loss.item() #loss =M (=7ddliOF 2
print(f " Epoch {epoch+1}, Loss: {total_loss/len(train_loader):.4f} " ) # epoch® F& &l |oss 20l (=5l OF &)




(45, B}
model.evall()
correct =0
total=0
with torch.no_grad():
for data, target in test_loader:
output = model(data)

preds = output.argmax(dim=1) #Z AN =2 =2ES 7
correct += (preds == target).sum().item() # Zf MEEYHE 22 2t=2 True(1), LI
# A2 4f ZO| 27|

total += target.size(0)

print(f"\nTest Accuracy: {100.0 * correct / total:.2f}%")

SkCH
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False(0) & 2= gt T SH7|(Tensor)
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