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in_Channels, out_channels, kernel, stride, padding = 3, 6, 5, 1, @
¢ = nan.Conv2d{in_Channels, out channels, kernel, stride, padding)

pool_kernel, pool_stride = 2, 2 E | f‘ \\
mp = nn.MaxPool2d(pool kernel , pool stride) ”} \ /
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class CHNN_Model(nn.Module):

/ \ \ \ | \
def __init_ (self): \ e |
super(CNN_Model, self). init (] \ A \ |
self.convl = nn.Conv2d( 6, 5)

F.pool = nn.MaxPool2 ) ConVOIUtlon CaIC
F.conv2 = nn.Conv2d( )

F.fcl = nn.Linear(16
F.fc2 = nn.Linear(128,

Mt 2p—k
o ! Moyt — |/ + 1
.fc3 = nn.Linear(84, 1@)

s
of forward(self, x): Nin: number of input features
: -k rlJ = _|.-_I, _1

Ngoye: NumMber of output features
« = self.pool(F.relu(self.convl(x))) # ->n, 6, 14, 14 i . . /
- _; \5€- S ’ ¢ convolution kernel size ‘
¥ = self.pool(F. PPIUL elf.conv2(x)) >n, 16, 5, 5 . . ] \ | * A
¢ = x.view(-1, 16 * 5 * g s convolution padding size '\
convolution stride size N
\
| .“/ \
\‘ ““‘,"
El \‘
Model = CHNN_Model().to(device) \ / .
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Convolution calc
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Nin: number of input features
- number of output features
convolution kernel size
convolution padding size
convolution stride size

odel = CHNN_Model().to(devic
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https://www.youtube.com/watch?v=pDdP0TFzsoQ&list=PLqnslRFeH2UrcDBWF5mfPGpqQDSta6VK4&index=14&t=406s
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v [18] # dataset has PILImag

- # We transform them to Ten )
transform = transftorms.Compose([
transforms.ToTensor(),
transforms.Normalize((@.5, 8.5
1)

v [28] batch_size = 4

train_dataset =

torchvision.datasets.CIFARL1B(root="./data’,

train=True,

transform=transform,
download=True)
test dataset = torchvision.datasets.CIFARL1G(root="

train=Fa

transform=transftorm)
# Data loader

train_loader = torch.utils.data.Dataloader(da

taset=train
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dataiter = iter(train_loader)

for i in range(5):
images, labels =

[22]

# get some random training i

W\ |
next({dataiter)
# show images

imshow(torchvision.utils.make_grid(images))
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CNN_Model(nn.Module}: o /
—i’"ii_{ﬁzelfj;

= F ||._|]_ (F. r"'lUI
z Flul'F relu(s

1f.conv FAR |"|"=.

: |
F.re 1 u |: ze ; .+ ‘\ \
e e t -» n, B /
P2l ..
return x

Model = CNN Model().to{device)
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YIin'y D'YIYV X NIMIALVR? NPI7N NNILNY NV D2 nm
NIYLVN, N'¥A01 softmax N'¥A'VPRN N'¥PIIO] 'nnmin ‘uawn
| CrossEntropyLOss

softmax NN DA NY¥an nn.CrossEntropyloss() '\'X?]IE)'\ pthnch-:l .
N'¥YQ'VPRN N9 DX N'9'0IN N'? mxu '7‘rm1 |'7:x\r

[27] # loss function \
Loss = nn.CrossEntropylLoss () # applies nn.Log5Softmax + nn.NLLLoss, No softmax in last layer )

# init optimizer
optim = torch.optim.Adam(Model.parameters(), lr=learning_rate)
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n_total_steps

s = len{train_loader)

/ \
/ 4 \ \ |
/ \ \ \
/ \ \ {
/ \ ! \ |
for epoch in range(epochs):
for i, (images,

/ \ \ ‘\
lables} in enumerate(train_loader) [ \ A \J'
; \ I‘\
images = image ) i
lables = lable e)
# forward

Y¥_predict = Model(images)

# backward

loss = Loss(Y_predict, lables)
loss.backward()

# update wights
optim.step()

\ k / N
och= {epoch} i= {i+epoch * n_total steps} loss={loss.item():.4f} ")
# zero wights

\.. | /
} ) \ § | o
\ | /
| /
optim.zero_grad()
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“MMITN 771m) 57% 7w pir17 nX'an epochs 5 TNKXY '7‘r|rn '7 '1XT1 . o
(1272 10% v 7|"rﬁv N':m ‘1"\ .
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[76] with torch.no_grad():
n_correct = @ ; ! \ ‘
n_samples = @ ' b | \ @
for images, lables in test_loader: ; \\ ‘ \

images = images.to(device)

lables = lables.to{device)
ax(Model({images), 1)

n_samples += lables (

n_correct += FlHdlrt == lables).sum{).item()

acc = 188 * n_correct / n_samples / I
- - / » \ | / \
print{f'aAccuracy of the network on the {n_samples} test images: {accl %' / \ | / 0y

Accuracy of the network on the 18888 test images: 57.84 %
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