Handwriting Rating Utilizing MNIST Dataset

import torch

1
2
3 import torchvision

4 from torchvision import datasets

5 from torchvision import transforms

6 from torchvision.transforms import ToTensor
7

8

9

import matplotlib.pyplot as plt

10 print(torch.__version_ )
11 print(torchvision.__version_ )

.0.1
1

In [2]: 1 # Set device to GPU if available
2 device = "cuda" if torch.cuda.is_available() else "cpu"
3 device

out[2]: ‘'cuda'

1. Getting the dataset

In [3] 1 # Download training data Llocally

2 train_data = datasets.MNIST(

3 root="data",

4 train=True,

5 download=True,

6 transform=torchvision.transforms.ToTensor(),
7 target_transform=None)

8

9 # Download testing data Llocally
10 test_data = datasets.MNIST(
11 root="data",
12 train=False,

13 download=True,
14 transform=torchvision.transforms.ToTensor(),
15 target_transform=None)

In [4]: 1 len(train_data), len(test_data)

Out[4]: (60000, 10000)

In [5]: 1 image, label = train_data[@]
2 1image, label

Out[5]: (tensor([[[0.0000, ©.0000, 0.0000, ©.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, ©.0000, 0.0000],

[0.0000, ©.0000, 0.0000, 0.0000, ©.0000, 0.0000, ©.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000],

[0.0000, ©.0000, 0.0000, 0.0000, 0.0000, 0.0000, ©.0000, 0.0000,
0.0000, 0.0000, ©.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, ©.0000, 0.0000, 0.0000, ©.0000, 0.0000, 0.0000,
0.0000, 0.0000, ©.0000, 0.0000],

[0.0000, ©.0000, 0.0000, 0.0000, ©.0000, 0.0000, ©.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, ©.0000, 0.0000],

[0.0000, ©.0000, 0.0000, 0.0000, 0.0000, 0.0000, ©.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,
0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000, 0.0000,

)

)

)
)
)
)
)
)
)
)
)
)
n



In [6]: 1 # Create a list of class names
2 class_names = train_data.classes
3 class_names

o
C
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—
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—
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- zero',
- one',

- two',

- three',
four',
- five',
- six’',

- seven',
- eight’',
- nine']
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]

In [7]: 1 train_data.targets

Out[7]: tensor([5, @, 4, ..., 5, 6, 8])

In [8]: 1 # See information from random sample from dataset
2 print(f"Image shape: {image.shape}")
3 print(f"Image label: {class_names[label]}")

Image shape: torch.Size([1, 28, 28])
Image label: 5 - five

# Visualize color sample from dataset
print(f"Image shape: {image.shape}")
plt.imshow(image.squeeze())
plt.title(label)
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Image shape: torch.Size([1, 28, 28])

Out[9]: Text(@.5, 1.0, '5')




In [10]: # Visualize a grayscale sample from dataset
plt.imshow(image.squeeze(), cmap="gray")
plt.title(class_names[label])
plt.axis("off")
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out[10]: (-@.5, 27.5, 27.5, -0.5)

5 - five




In [11]:

In [12]:

In [13]:

1 # Visualize a random sample from dataset

fig = plt.figure(figsize=(9,9))

rows, cols = 4, 4

for i in range(1l, rows*cols+1l):
random_idx = torch.randint(©@, len(train_data), size=[1]).item()
img, label = train_data[random_idx]
fig.add_subplot(rows, cols, i)
plt.imshow(img.squeeze(), cmap="gray")
plt.title(class_names[label])
plt.axis("off")
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5 - five 1-one 0 - zero 5 - five

4 - four 1-one 9 - nine

0 - zero 6 - six 7 - seven 8 - eight

4 - four 0 - zero 6 - six 4 - four

2. DatalLoader

1 from torch.utils.data import Dataloader

# Set hyperparameters
BATCH_SIZE = 32
NUM_WORKERS = @

# Train dataloader

train_dataloader = DatalLoader(
dataset=train_data,
batch_size=BATCH_SIZE,
shuffle=True,

10 num_workers=NUM_WORKERS )
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12 # Test dataloder
13 test_dataloader = DatalLoader(

14 dataset=test_data,
15 batch_size=BATCH_SIZE,
16 shuffle=False,

17 num_workers=NUM_WORKERS)



In [14]: 1 # Dataloader information
2 print(f"Length of train_dataloader: {len(train_dataloader)} batches of {BATCH_SIZE}")
3 print(f"Length of test_dataloader: {len(test_dataloader)} batches of {BATCH_SIZE}")

Length of train_dataloader: 1875 batches of 32
Length of test_dataloader: 313 batches of 32

In [15]: 1 # Sample the dataloader
2 train_features_batch, train_labels_batch = next(iter(train_dataloader))
3 train_features_batch.shape, train_labels_batch.shape

Out[15]: (torch.Size([32, 1, 28, 28]), torch.Size([32]))

In [16]: 1 # Print random sample from batch

2 random_idx = torch.randint(@, len(train_features_batch), size=[1]).item()

3 img, label = train_features_batch[random_idx], train_labels_batch[random_idx]
4 plt.imshow(img.squeeze(), cmap="gray")

5 plt.title(class_names[label])

6 plt.axis("off")

7 print(f"Image size: {img.shape}")

8 print(f"Label: {label}")

Image size: torch.Size([1, 28, 28])
Label: 1

1-one

3. Models

3.1 Model 1

Simple model with only linear layers

In [17]: 1 from torch import nn

2 from torchinfo import summary
In [18]: 1 class MNISTModelvi(nn.Module):

2 def __init_ (self,

3 input_shape: int,

4 hidden_units: int,

5 output_shape: int):

6 super().__init_ ()

7 self.layer_stack = nn.Sequential(

8 nn.Flatten(),

9 nn.Linear(in_features=input_shape,
10 out_features=hidden_units),
11 nn.Linear(in_features=hidden_units,
12 out_features=output_shape)
13 )

14
15 def forward(self, x):

16 return self.layer_stack(x)



In [19]:

In [20]:

Out[20]:

# Initiate model !
model_1 = MNISTModelv1(
input_shape=784,

output_shape=len(class_names)

1
2
3
4 hidden_units=10,
5
6

).to(device)

1 # Visualize model_1

2 summary(model_1, input_size=[1, 1, 28, 28])

Layer (type:depth-idx) Output Shape Param #

MNISTModelvl [1, 10] --

F-sequential: 1-1 [1, 10] --
LFlatten: 2-1 [1, 784] --
LLinear: 2-2 [1, 10] 7,850

| LLinear: 2-3 [1, 10] 110

Total params: 7,960
Trainable params: 7,960
Non-trainable params: ©
Total mult-adds (M): ©.01

Input size (MB): ©.00

Forward/backward pass size (MB):

Params size (MB): ©.03
Estimated Total Size (MB): 0.04

3.2 Model 2

More complex model based on the TinyVGG architecture



In [21]: 1 class MNISTModelv2(nn.Module):

2 def __init_ (self,

3 input_shape: int,

4 hidden_units: int,

5 output_shape: int) -> None:

6 super().__init_ ()

7 self.conv_block_1 = nn.Sequential(

8 nn.Conv2d(in_channels=input_shape,

9 out_channels=hidden_units,
10 kernel_size=3,

11 stride=1,

12 padding=0),

13 nn.ReLU(),

14 nn.Conv2d(in_channels=hidden_units,
15 out_channels=hidden_units,
16 kernel_size=3,

17 stride=1,

18 padding=0),

19 nn.RelLU(),

20 nn.MaxPool2d(kernel_size=2,

21 stride=2)

22 )

23 self.conv_block_2 = nn.Sequential(

24 nn.Conv2d(in_channels=hidden_units,
25 out_channels=hidden_units,
26 kernel_size=3,

27 stride=1,

28 padding=0),

29 nn.ReLU(),

30 nn.Conv2d(in_channels=hidden_units,
31 out_channels=hidden_units,
32 kernel_size=3,

33 stride=1,

34 padding=0),

35 nn.RelLU(),

36 nn.MaxPool2d(kernel_size=2,

37 stride=2)

38 )

39 self.classifier = nn.Sequential(

40 nn.Flatten(),

41 nn.Linear(in_features=hidden_units*4*4,
42 out_features=output_shape)
43 )
44

45 def forward(self, x):
46 return self.classifier(self.conv_block_2(self.conv_block_1(x)))
In [22]: 1 # Initiate model_2

2 model_2 = MNISTModelv2(

3 input_shape=1,

4 hidden_units=10,

5 output_shape=len(class_names)

6 ).to(device)



In [23]:

Out[23]:

1 # Visualize model_2

2 summary(model_2, input_size=[1, 1,

28, 28])

Layer (type:depth-idx)

Output Shape

Param

MNISTModelv2
—Sequential: 1-1
Lconvad: 2-1
LReLU: 2-2
Lconvad: 2-3
LReLU: 2-4
L-MaxPool2d: 2-5
—Sequential: 1-2
Lconv2d: 2-6
LRelU: 2-7
Lconv2d: 2-8
LReLU: 2-9
LMaxPool2d: 2-10
—Sequential: 1-3
LFlatten: 2-11
LLinear: 2-12

[1,
(1,
[1,
[1)
[1)
[1)
[1,
[1,
[1)
[1)
[1)
[1)
[1J
(1,
[1,
[1)

10]

10, 12, 12]
10, 26, 26]
10, 26, 26]
10, 24, 24]
10, 24, 24]
10, 12, 12]
10, 4, 4]
10, 10, 10]
10, 10, 10]
10, 8, 8]
10, 8, 8]
10, 4, 4]
10]

160]

10]

100

Total params: 4,440
Trainable params: 4,440
Non-trainable params: ©
Total mult-adds (M): ©.74

Input size (MB): 0.00

Forward/backward pass size (MB): ©.11

Params size (MB): 0.02
Estimated Total Size (MB): 0.13

3.3 Model 3

Even more complex model based on the VGG16 architecture



In [24]: 1 class MNISTModelv3(nn.Module):
2 def __init_ (self,
3 input_shape: int,
4 output_shape: int) -> None:
5 super().__init_ ()
6
7 self.conv_block_1 = nn.Sequential(
8 nn.Conv2d(in_channels=input_shape,
9 out_channels=64,
10 kernel_size=3,
11 padding=1),
12 nn.ReLU(),
13 nn.Conv2d(in_channels=64,
14 out_channels=64,
15 kernel_size=3,
16 padding=1),
17 nn.ReLU(),
18 nn.MaxPool2d(kernel_size=2,
19 stride=2),
20 )
21 self.conv_block_2 = nn.Sequential(
22 nn.Conv2d(in_channels=64,
23 out_channels=128,
24 kernel_size=3,
25 padding=1),
26 nn.RelLU(),
27 nn.Conv2d(in_channels=128,
28 out_channels=128,
29 kernel_size=3,
30 padding=1),
31 nn.ReLU(),
32 nn.MaxPool2d(kernel_size=2,
33 stride=2),
34 )
35 self.conv_block_3 = nn.Sequential(
36 nn.Conv2d(in_channels=128,
37 out_channels=256,
38 kernel_size=3,
39 padding=1),
40 nn.ReLU(),
41 nn.Conv2d(in_channels=256,
42 out_channels=256,
43 kernel_size=3,
44 padding=1),
45 nn.ReLU(),
46 nn.MaxPool2d(kernel_size=2,
47 stride=2)
48 )
49 self.classifier = nn.Sequential(
50 nn.Flatten(),
51 nn.Linear(in_features=256%3*3,
52 out_features=4096),
53 nn.RelLU(),
54 nn.Dropout(),
55 nn.Linear(in_features=4096,
56 out_features=4096),
57 nn.ReLU(),
58 nn.Dropout (),
59 nn.Linear(in_features=4096,
60 out_features=output_shape)
61 )
62
63 def forward(self, x):
64 x = self.classifier(self.conv_block_3(self.conv_block_2(self.conv_block_1(x))))
65 return x
In [25]: # Initiate model_3

1

2 model_3 = MNISTModelv3(

3 input_shape=1,

4 output_shape=len(class_names)
5 ).to(device)



In [26]:

Out[26]:

In [27]:

In [28]:

In [29]:

1 # Visualize model_3
2 summary(model_3, input_size=[1, 1, 28, 28])

Layer (type:depth-idx) Output Shape Param #

MNISTModelv3 [1, 10] --
—Sequential: 1-1 [1, 64, 14, 14] --
Lconvad: 2-1 [1, 64, 28, 28] 640
LReLU: 2-2 [1, 64, 28, 28] --
Lconvad: 2-3 [1, 64, 28, 28] 36,928
LReLU: 2-4 [1, 64, 28, 28] --
L-MaxPool2d: 2-5 [1, 64, 14, 14] --
—Sequential: 1-2 [1, 128, 7, 7] --
Lconv2d: 2-6 [1, 128, 14, 14] 73,856
LReLU: 2-7 [1, 128, 14, 14] --
Lconv2d: 2-8 [1, 128, 14, 14] 147,584
LReLU: 2-9 [1, 128, 14, 14] --
L-MaxPool2d: 2-10 [1, 128, 7, 7] --
—Sequential: 1-3 [1, 256, 3, 3] --
Lconvad: 2-11 [1, 256, 7, 7] 295,168
LReLU: 2-12 [1, 256, 7, 7] --
Lconvad: 2-13 [1, 256, 7, 7] 590,080
LReLU: 2-14 [1, 256, 7, 7] --
LMaxPool2d: 2-15 [1, 256, 3, 3] --
—Sequential: 1-4 [1, 10] --
LFlatten: 2-16 [1, 2304] --
LLinear: 2-17 [1, 4096] 9,441,280
LReLU: 2-18 [1, 4096] --
L Dropout: 2-19 [1, 4096] --
LLinear: 2-20 [1, 4096] 16,781,312
LReLU: 2-21 [1, 4096] --
Lbropout: 2-22 [1, 4096] --
LLinear: 2-23 [1, 10] 40,970

Total params: 27,407,818
Trainable params: 27,407,818
Non-trainable params: @
Total mult-adds (M): 142.50

Input size (MB): 0.00
Forward/backward pass size (MB): 1.47
Params size (MB): 109.63

Estimated Total Size (MB): 111.11

4. Model evaluation functions and setup

4.1 Loss, Optimizer, and Evaluation metrics

1 from typing import Tuple, Dict, List
2 from timeit import default_timer as timer
3 from tqdm.auto import tqdm

1 # Create accuracy function

2 def accuracy_fn(y_true, y_pred):

3 correct = torch.eq(y_true, y_pred).sum().item()
4 accuracy = (correct/len(y_pred)) * 100

5 return accuracy

# Setup lLoss function
loss_fn = nn.CrossEntropyLoss()

# Setup optimizers

optimizer_1 = torch.optim.SGD(params = model_1.parameters(),
1r=0.01)

optimizer_2 = torch.optim.SGD(params = model_2.parameters(),
1r=0.01)

optimizer_3 = torch.optim.SGD(params = model_3.parameters(),
1r=0.01)
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4.2 Create functions

In [30]: 1 # Create train_step() function

2 def train_step(model: torch.nn.Module,

3 dataloader: torch.utils.data.DatalLoader,
4 loss_fn: torch.nn.Module,

5 optimizer: torch.optim.Optimizer,
6 device=device):
7 # Switches the model to train mode
8 model.train()
9

10 # Initialize variables to store total training loss and accuracy

11 train_loss, train_acc = 0, ©

12

13 # Loop over batches from the Dataloader

14 for batch, (X, y) in enumerate(dataloader):

15

16 # Send batch of images and labels to the computation device (CPU/GPU)
17 X, y = X.to(device), y.to(device)

18

19 # Perform a forward pass through the model to get the predictions

20 y_pred = model(X)

21

22 # Calculate the loss between the predictions and actual values

23 loss = loss_fn(y_pred, y)

24 # Add up the Loss values

25 train_loss += loss.item()

26

27 # Reset the gradients from the previous iteration

28 optimizer.zero_grad()

29

30 # Perform backward propagation to calculate gradients

31 loss.backward()

32

33 # Perform a step of optimization

34 optimizer.step()

35

36 # Get the predicted class by taking the maximum probability from the softmax output
37 y_pred_class = torch.argmax(torch.softmax(y_pred, dim=1), dim=1)

38

39 # Calculate accuracy by comparing predicted class to actual class, and add up for all instances
40 train_acc += (y_pred_class==y).sum().item()/len(y_pred)

41

42 train_loss = train_loss / len(dataloader) # Calculate average training Lloss
43 train_acc = train_acc / len(dataloader) # Calculate average training accuracy

44 return train_loss, train_acc # Return average training loss and accuracy



In [31]:
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10

12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

# Create test_step() function

def test_step(model: torch.nn.Module,
dataloader: torch.utils.data.Dataloader,
loss_fn: torch.nn.Module,
device=device):

# Switches the model to evaluation mode
model.eval()

# Initialize variables to store total test loss and accuracy
test_loss, test_acc = 0, @

# Disable calculation of gradients for performance boost during inference
with torch.inference_mode():

# Loop over batches from the Dataloader
for batch, (X, y) in enumerate(dataloader):

# Send batch of images and labels to the computation device (CPU/GPU)
X, y = X.to(device), y.to(device)

# Perform a forward pass through the model to get the predictions
test_pred_logits = model(X)

# Calculate the lLoss between the predictions and actual values
loss = loss_fn(test_pred_logits, y)

# Add up the loss values

test_loss += loss.item()

# Get the predicted class by taking the index of the maximum Llogit

test_pred_labels = test_pred_logits.argmax(dim=1)

# Calculate accuracy by comparing predicted class to actual class, and add up for all instances
test_acc += ((test_pred_labels==y).sum().item()/len(test_pred_labels))

test_loss = test_loss / len(dataloader) # Calculate average test Loss
test_acc = test_acc / len(dataloader) # Calculate average test accuracy
return test_loss, test_acc # Return average test loss and accuracy



In [32]:

In [33]:

1
2
3
a
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
a4
45

# Create train() function
def train(model: torch.nn.Module,

train_dataloader: torch.utils.data.Dataloader,
test_dataloader: torch.utils.data.Dataloader,
optimizer: torch.optim.Optimizer,

loss_fn: torch.nn.Module = nn.CrossEntropyLoss(),
epochs: int = 5,

device = device):

# Initialize a dictionary to store training and validation losses and accuracies for each epoch
results = {"train_loss": [],

"train_acc": [],
"test_loss": [],
"test_acc": []}

# Establish the start time for training
start_time = timer()

# Loop over epochs

for

epoch in tqgdm(range(epochs)):
# Execute a training step and get training loss and accuracy
train_loss, train_acc = train_step(model=model,
dataloader=train_dataloader,
loss_fn=loss_fn,
optimizer=optimizer,
device=device)
# Execute a testing step and get testing loss and accuracy
test_loss, test_acc = test_step(model=model,
dataloader=test_dataloader,
loss_fn=1loss_+fn,
device=device)

# Print losses and accuracies for this epoch
print(f"Epoch: {epoch} | Train loss: {train_loss:.4f} | Train acc: {train_acc:.4f} | Test loss: {test_loss:.4f} | T

# Append losses and accuracies to results dictionary
results["train_loss"].append(train_loss)
results["train_acc"].append(train_acc)
results["test_loss"].append(test_loss)
results["test_acc"].append(test_acc)

# Establish the end time for training
end_time = timer()

return results, (end_time-start_time)

# Create plot_Lloss_curves() function
def plot_loss_curves(results: Dict[str, List[float]]):
# Extract training and validation losses and accuracies from results dictionary
loss = results["train_loss"]
test_loss = results["test_loss"]
accuracy = results["train_acc"]
test_accuracy = results["test_acc"]

# Number of epochs is the length of any list in results
epochs = range(len(results["train_loss"]))

# Set figure size

plt.

figure(figsize=(15, 7))

# Subplot for Loss

plt.
plt.
plt.
plt.
plt.
plt.

subplot(1, 2, 1)

plot(epochs, loss, label="train_loss")
plot(epochs, test_loss, label="test_loss")
title("Loss")

xlabel("Epochs")

legend()

# Subplot for accuracy

plt.
plt.
plt.
plt.
plt.
plt.

subplot(1, 2, 2)

plot(epochs, accuracy, label="train_accuracy")
plot(epochs, test_accuracy, label="test_accuracy")
title("Accuracy")

xlabel("Epochs™)

legend()



In [34]: 1 # Create eval_model() function

2 def eval_model(model: torch.nn.Module,

3 data_loader: torch.utils.data.Dataloader,

4 loss_fn: torch.nn.Module,

5 accuracy_fn,

6 device=device):

7 """Returns a dictionary containing the results of model predicting on data_loader."""
8 loss, acc= 0, ©

9 with torch.inference_mode():

10 for X, y in data_loader:
11 # Make our data device agnostic
12 X, y = X.to(device), y.to(device)

13 # Make predictions
14 y_pred = model(X)

15

16 # Accumulate the lLoss and acc values per batch
17 loss += loss_fn(y_pred, y)
18 acc += accuracy_fn(y_true=y,
19 y_pred=y_pred.argmax(dim=1))
20
21 # Scale lLoss and acc to find the average loss/acc per batch
22 loss /= len(data_loader)
23 acc /= len(data_loader)
24
25 return {"model_name": model.__ class__._ name__,
26 "model_loss": loss.item(),
27 "model_acc": acc}

5 Model evaluation

In [35]: 1 # Set hyperparameters
2 NUM_EPOCHS = 20

5.1 Model 1 evaluation

In [36]: 1 # Train model 1

2 model_1_results, model_1_time = train(model=model_1,

3 train_dataloader=train_dataloader,
4 test_dataloader=test_dataloader,

5 optimizer=optimizer_1,

6 loss_fn=loss_fn,

7 epochs=NUM_EPOCHS,

8 device=device)

A Jupyter widget could not be displayed because the widget state could not be found. This could happen if the kernel storing the widget is no longer
available, or if the widget state was not saved in the notebook. You may be able to create the widget by running the appropriate cells.

Epoch: @ | Train loss: ©.8458 | Train acc: ©.7829 | Test loss: 0.4228 | Test acc: 0.8857
Epoch: 1 | Train loss: ©.3955 | Train acc: ©.8902 | Test loss: 0.3499 | Test acc: 0.9008
Epoch: 2 | Train loss: ©.3518 | Train acc: ©.9003 | Test loss: 0.3277 | Test acc: 0.9075
Epoch: 3 | Train loss: ©.3323 | Train acc: ©.9063 | Test loss: 0.3151 | Test acc: ©.9115
Epoch: 4 | Train loss: ©.3204 | Train acc: 0.9096 | Test loss: ©.3077 | Test acc: ©.9137
Epoch: 5 | Train loss: ©.3117 | Train acc: ©.9126 | Test loss: ©.2999 | Test acc: ©.9157
Epoch: 6 | Train loss: ©.3047 | Train acc: ©.9148 | Test loss: 0.2937 | Test acc: 0.9174
Epoch: 7 | Train loss: ©.2985 | Train acc: 0.9163 | Test loss: ©.2902 | Test acc: 0.9183
Epoch: 8 | Train loss: ©.2932 | Train acc: 0.9183 | Test loss: ©.2861 | Test acc: ©.9193
Epoch: 9 | Train loss: ©.2887 | Train acc: 0.9194 | Test loss: ©.2818 | Test acc: 0.9207
Epoch: 10 | Train loss: 0.2847 | Train acc: 0.9201 | Test loss: ©.2804 | Test acc: 0.9204
Epoch: 11 | Train loss: 0.2815 | Train acc: ©.9214 | Test loss: ©.2783 | Test acc: 0.9211
Epoch: 12 | Train loss: ©0.2785 | Train acc: ©.9220 | Test loss: ©.2758 | Test acc: 0.9225
Epoch: 13 | Train loss: ©.2762 | Train acc: ©.9230 | Test loss: ©.2753 | Test acc: 0.9222
Epoch: 14 | Train loss: 0.2742 | Train acc: 0.9236 | Test loss: ©.2731 | Test acc: ©.9220
Epoch: 15 | Train loss: 0.2722 | Train acc: ©.9238 | Test loss: ©.2723 | Test acc: 0.9217
Epoch: 16 | Train loss: ©0.2706 | Train acc: ©.9247 | Test loss: ©.2697 | Test acc: 0.9219
Epoch: 17 | Train loss: ©.2689 | Train acc: 0.9247 | Test loss: ©.2696 | Test acc: 0.9226
Epoch: 18 | Train loss: ©.2676 | Train acc: 0.9258 | Test loss: ©.2707 | Test acc: ©.9234
Epoch: 19 | Train loss: ©0.2664 | Train acc: ©.9261 | Test loss: ©.2715 | Test acc: 0.9230
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{'model_name":
'model_loss':

'MNISTModelvl',
0.27148085832595825,
'model_acc': 92.3023162939297}

1 # Plot loss and accuracy curves
2 plot_loss_curves(model_1_results)

# Evaluate final metrics for model 1
model_1_final_results = eval_model(model=model_1,

data_loader=test_dataloader,
loss_fn=loss_fn,
accuracy_fn=accuracy_fn,
device=device)

# Display final results for model 1
model_1_final_results
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5.2 Model 2 evaluation

1
2
3
a
5
6
7
8

# Train model 2
model_2_results, model_2_time = train(model=model_2,
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train_dataloader=train_dataloader,
test_dataloader=test_dataloader,
optimizer=optimizer_2,
loss_fn=loss_fn,
epochs=NUM_EPOCHS,
device=device)

A Jupyter widget could not be displayed because the widget state could not be found. This could happen if the kernel storing the widget is no longer
available, or if the widget state was not saved in the notebook. You may be able to create the widget by running the appropriate cells.
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{'model_name":
'model_loss':

'MNISTModelv2',
0.05204678326845169,
'model_acc': 98.30271565495208}

1 # Plot loss and accuracy curves
2 plot_loss_curves(model_2_results)

# Evaluate final metrics for model 2
model_2_final_results = eval_model(model=model_2,

data_loader=test_dataloader,
loss_fn=loss_fn,
accuracy_fn=accuracy_fn,
device=device)

# Display final results for model 2
model_2_final_results

Loss
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5.3 Model 3 evaluation

1 # Train model 3
2 model_3_results, model_3_time = train(model=model_3,
train_dataloader=train_dataloader,
test_dataloader=test_dataloader,

optimizer=optimizer_3,
loss_fn=loss_fn,

epochs=NUM_EPOCHS,
device=device)
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A Jupyter widget could not be displayed because the widget state could not be found. This could happen if the kernel storing the widget is no longer
available, or if the widget state was not saved in the notebook. You may be able to create the widget by running the appropriate cells.
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# Evaluate final metrics for model 3
model_3_final_results = eval_model(model=model_3,

data_loader=test_dataloader,

loss_fn=loss_fn,

accuracy_fn=accuracy_fn,

device=device)

# Display final results for model 3

model_3_final_results

{'model_name': 'MNISTModelv3',
'model_loss': ©.037253785878419876
'model_acc': 98.95167731629392}

1 # Plot loss and accuracy curves

>

2 plot_loss_curves(model_3_results)
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5.4 Compare results

model_2_final_results,

model_3_final_results])

model_2_time,
model_3_time]

1 import pandas as pd
1 # Combine results into a single dataframe
2 compare_results = pd.DataFrame([model_1_final_results,
3
4
5
6 # Add training time to dataframe
7 compare_results["training_time"] = [model_1_time,
8
9
10
11 # Print results dataframe
12 compare_results
model_name model_loss model_acc training_time
0 MNISTModelv1 0.271481 92.302316 163.590406
1 MNISTModelv2 0.052047  98.302716 197.810955
2 MNISTModelv3 0.037254 98.951677 288.939552

Accuracy
1.0 1 =
0.8 A
0.6
0.4
0.2
—— ftrain_accuracy
— ftest_accuracy
T T T T T T T T
0.0 25 5.0 7.5 10.0 12,5 15.0 17.5
Epochs




In [47]: # Visualize results

plt.figure(figsize=(10,5))

1

2

3

4 # Create accuracy subplot

5 plt.subplot(1, 2, 1)

6 compare_results.set_index("model_name")["model_acc"].plot(kind="bar")
7 plt.xlabel("Model")

8 plt.ylabel("Accuracy (%)")

9 plt.title("Model Accuracy")
10
11 # Create training time subplot
12 plt.subplot(1, 2, 2)
13 compare_results.set_index("model_name")["training_time"].plot(kind="bar")
14 plt.xlabel("Model™)
15 plt.ylabel("Training Time (s)")
16 plt.title("Model Training Time")

Out[47]: Text(®.5, 1.0, 'Model Training Time')

Model Accuracy Model Training Time
300
100 -
250
80 -
__ 200 1
o ik
£ 604 m
= E
7] i
® o 150
=3 =
0 =
< 40 - é
100 A
20 1 25 |
0- 0
— ™~ [l — ™ m
= = = o = =
© @ @ T @ T
° =) =] =] =] =]
2 = 2 = = 2
o 0 o b o 0
= = = = = =
= = = = = =

Model Model




In [48]: # Setup a plot

plt.figure(figsize=(15,10))

1
2
3
4 # Get number of epochs

5 epochs = range(len(model_1_results["train_loss"]))
6

7

8

9

# Plot train loss

plt.subplot(2, 2, 1)

plt.plot(epochs, model_1_results["train_loss"], label="Model 1")
10 plt.plot(epochs, model_2_results["train_loss"], label="Model 2")
11 plt.plot(epochs, model_3_results["train_loss"], label="Model 3")
12 plt.title("Train Loss")
13 plt.xlabel("Epochs™)
14 plt.legend()
15
16 # Plot test loss
17 plt.subplot(2, 2, 2)
18 plt.plot(epochs, model 1_results["test_loss"], label="Model 1")
19 plt.plot(epochs, model_2_results["test_loss"], label="Model 2")
20 plt.plot(epochs, model_3_results["test_loss"], label="Model 3")
21 plt.title("Test Loss")
22 plt.xlabel("Epochs")
23 plt.legend()
24
25 # Plot train acc
26 plt.subplot(2, 2, 3)
27 plt.plot(epochs, model_1_results["train_acc"], label="Model 1")
28 plt.plot(epochs, model_2_results["train_acc"], label="Model 2")
29 plt.plot(epochs, model_3_results["train_acc"], label="Model 3")
30 plt.title("Train Acc")
31 plt.xlabel("Epochs™)
32 plt.legend()
33
34 # Plot test acc
35 plt.subplot(2, 2, 4)
36 plt.plot(epochs, model_1_results["test_acc"], label="Model 1")
37 plt.plot(epochs, model 2_results["test_acc"], label="Model 2")
38 plt.plot(epochs, model_3_results["test_acc"], label="Model 3")
39 plt.title("Test Acc")
40 plt.xlabel("Epochs™)
41 plt.legend()

Out[48]: <matplotlib.legend.Legend at @©x241d9b7dffe>
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6. Making predictions using the best model

6.1 Create custom functions

import random

from torchmetrics import ConfusionMatrix

from mlxtend.plotting import plot_confusion_matrix
import numpy as np

P wWN R

C:\Users\clopt\AppData\Local\anaconda3\envs\pytorch\lib\site-packages\torchaudio\backend\utils.py:74: UserWarning: No audio ba

ckend is available.
warnings.warn("No audio backend is available.")

1 def predict_label(model, img, device):

2 predicts the label based on a model, image, and device
3 img = img.unsqueeze(dim=1).to(device)

4 with torch.inference_mode():
5
6

wun nun

pred_label = torch.softmax(model(img), dim=1).argmax().item()
return pred_label

def plot_img(img, pred_label, truth_label):
"""plots the image, its predicted label, and actual label"""
plt.imshow(img.squeeze(), cmap="gray")
title_text = f"Pred: {pred_label} | Truth: {truth_label}"
title_color = "g" if pred_label == truth_label else "r"
plt.title(title_text, fontsize=10, color=title_color)
plt.axis(False)

NouhbhwNneR
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def

def

def

def

plot_images_in_grid(images, pred_labels, true_labels, nrows=3, ncols=3):
"""Plot images in a grid pattern based on row/column input. Does not allow 1x1 grid."""
fig, axs = plt.subplots(nrows, ncols, figsize=(9,9))
# If we have only 1 row or column, make sure axs is a 2D array for consistent handling
axs = np.array(axs).reshape(nrows, ncols)
for i, ax in enumerate(axs.flatten()):
if i < len(images): # Make sure we don't go out of bounds
img = images[i].squeeze()
pred_label = pred_labels[i]
truth_label = true_labels[i]
ax.imshow(img, cmap="gray")
title_text = f"Pred: {pred_label} | Truth: {truth_label}"
title_color = "g" if pred_label == truth_label else "r"
ax.set_title(title_text, fontsize=10, color=title_color)
ax.axis(False)
plt.tight_layout()

create_confusion_matrix(y_true_tensor, y_pred_tensor, class_names):
"""Create a confusion matrix
confmat = ConfusionMatrix(num_classes=1len(class_names), task='multiclass')
confmat_tensor = confmat(preds=y_pred_tensor, target=y_true_tensor)

nun

# Plot the confusion matrix

fig, ax = plot_confusion_matrix(
conf_mat=confmat_tensor.numpy(),
class_names=class_names,
figsize=(10,7)

)

return confmat_tensor.numpy()

make_predictions(model, dataloader, device):
"""Make predictions using models, data, and device on a dataset using a dataloader"""
y_true = []
y_preds = []
image_list = []
model.eval()
with torch.inference_mode():
for X, y in tqdm(dataloader, desc="Making predictions..."):
X, y = X.to(device), y.to(device)
image_list.append(X.cpu())
y_logit = model(X)
y_true.append(y.cpu())
y_pred = torch.softmax(y_logit.squeeze(), dim=0).argmax(dim=1)
y_preds.append(y_pred.cpu())
image_list_tensor = torch.cat(image_list)
y_true_tensor = torch.cat(y_true)
y_pred_tensor = torch.cat(y_preds)

return y_true_tensor, y_pred_tensor, image_list_tensor

accuracy_chart(confmat):

# calculate accuracy for each Llabel

label_acc = confmat.diagonal()/confmat.sum(axis=1)

label_acc = np.nan_to_num(label_acc) # in case of NaN or Inf, replace them by ©

# Sort Llabels by accuracy
sorted_indices = np.argsort(label_acc)
sorted_label_acc = label_acc[sorted_indices]

# Get Label names (replace with actual Label names)
labels = [f"{i}" for i in range(len(label_acc))]

# Sort label names according to accuracy
sorted_labels = [labels[i] for i in sorted_indices]

# Create the bar chart

plt.figure(figsize=(12,6))

plt.barh(sorted_labels, sorted_label_acc * 100) # multiply by 100 to get percentage
plt.xlabel('Accuracy (%)")

plt.ylabel('Labels")

plt.title('Accuracy of Each Label')

plt.xlim([0, 100])

plt.show()
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6.2 Predict on custom dataset

1
2
3
a

# Make predictions
y_true_tensor_mnist, y_pred_tensor_mnist, image_list_tensor_mnist

= make

_predictions(model_3,
test_dataloader,
device)

A Jupyter widget could not be displayed because the widget state could not be found. This could happen if the kernel storing the widget is no longer
available, or if the widget state was not saved in the notebook. You may be able to create the widget by running the appropriate cells.

6.3 Visualize results

# Establish parameters for image grids
NROWS = 4
NCOLS = 4

# Plot images from MNIST dataset
plot_images_in_grid(image_list_tensor_mnist,
y_pred_tensor_mnist,
y_true_tensor_mnist,
NROWS,
NCOLS)

Pred: 7 | Truth: 7 Pred: 2 | Truth: 2 Pred: 1 | Truth: 1 Pred: O | Truth: 0

Pred: 4 | Truth: 4 Pred: 1 | Truth: 1 Pred: 8 | Truth: 4 Pred: 9 | Truth: 9

Pred: 8 | Truth: 5 Pred: 9 | Truth: 9 Pred: O | Truth: 0 Pred: 6 | Truth: &

Pred: 9 | Truth: 9 Pred: O | Truth: O Pred: 1 | Truth: 1 Pred: 5 | Truth: 5




In [58]: 1 # Create confusion matrix from model_3 on MNIST data
2 confmat_mnist = create_confusion_matrix(y_true_tensor_mnist,
3 y_pred_tensor_mnist,
4 class_names)
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In [59]: 1 # Create a bar chart showing accuracy rates

2 accuracy_chart(confmat_mnist)

Accuracy of Each Label
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7. Save and load model
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In [63]:

7.1 Save the best model

1

from pathlib import Path

# Create model directory path
MODEL_PATH = Path("models")
MODEL_PATH.mkdir(parents=True,

exist_ok=True)

# Create model save path
MODEL_NAME = "model_3.pth"
MODEL_SAVE_PATH = MODEL_PATH / MODEL_NAME

# Save the model
print(f"Saving model to: {MODEL_SAVE_PATH}")
torch.save(obj=model_3.state_dict(),

£=MODEL_SAVE_PATH)

Saving model to: models\model_3.pth

7.2 Load the best model

1
2
3
a
5
6
7
8
9

# Create new instance
loaded_model_3 = MNISTModelv3(input_shape=1,

output_shape=len(class_names))

# Load in the saved state_dict()
loaded_model_3.load_state_dict(torch.load(f=MODEL_SAVE_PATH))

# Send model to the target device
loaded_model_3.to(device)

MNISTModelv3(
(conv_block_1): Sequential(

)

(0):
(1):
(2):
(3):
(4):

Conv2d(1, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU()

Conv2d(64, 64, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU()

MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)

(conv_block_2): Sequential(

)

(@):
(1):
(2):
(3):
(4):

Conv2d(64, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU()

Conv2d(128, 128, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU()

MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)

(conv_block_3): Sequential(

)

(0):
(1):
(2):
(3):
(4):

Conv2d(128, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU()

Conv2d(256, 256, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

ReLU()

MaxPool2d(kernel_size=2, stride=2, padding=0, dilation=1, ceil_mode=False)

(classifier): Sequential(

(0):
(1):
(2):
(3):
(4):
(5):
(6):
(7):

Flatten(start_dim=1, end_dim=-1)
Linear(in_features=2304, out_features=4096, bias=True)
ReLU()

Dropout(p=0.5, inplace=False)

Linear(in_features=4096, out_features=4096, bias=True)
ReLU()

Dropout(p=0.5, inplace=False)

Linear(in_features=4096, out_features=10, bias=True)

8. Predict on custom dataset

AP wWN PR

from torch.utils.data import Dataset
import pathlib

from PIL import Image

import os



8.1 Create custom functions

In [64]: 1 class ImageFolderCustom(Dataset):
2 # Initialize custom dataset
3 def __init_ (self, target_dir: str, transform=None):
4 # Get all of the image paths
5 self.paths = list(pathlib.Path(target_dir).glob("*/*.jpg"))
6 # Setup transforms
7 self.transform = transform
8 # Create classes and class_to_idx attributes
9 self.classes, self.class_to_idx = find_classes(target_dir)
10
11 # Create a function to load image
12 def load_image(self, index: int) -> Image.Image:
13 "Opens an image via a path and returns it."
14 image_path = self.paths[index]
15 return Image.open(image_path)
16
17 # Overwrite __len()__
18 def __len_ (self) -> int:
19 "Returns the total number of samples"
20 return len(self.paths)
21
22 # Overwrite __getitem__() method to return a particular sample
23 def _ getitem__ (self, index: int) -> Tuple[torch.Tensor, int]:
24 "Returns one sample of data, data and label (X, y)."
25 img = self.load_image(index)
26 class_name = self.paths[index].parent.name # expects path in format: data_folder/class_name/image.jpg
27 class_idx = self.class_to_idx[class_name]
28
29 # Transform if necessary
30 if self.transform:
31 return self.transform(img), class_idx # return data, Llabel (X, y)
32 else:
33 return img, class_idx # return untransformed image and Label
In [65]: 1 def find_classes(directory: str) -> Tuple[List[str], Dict[str, int]]:
2 """Finds the class folder names in a target directory."""
3 # Get the class names by scanning the target directory
4 classes = sorted(entry.name for entry in os.scandir(directory) if entry.is_dir())
5
6 # Raise an error if class names could not be found
7 if not classes:
8 raise FileNotFoundError(f"Couldn't find any classes in {directory}... please check file structure.")
9
10 # Create a dictionary of index labels
11 class_to_idx = {class_name: i for i, class_name in enumerate(classes)}
12
13 return classes, class_to_idx
In [66]: 1 # Create method for inverting tensors as they are transformed
2 class Inversion(object):
3 def _ call_ (self, tensor):
4 return 1 - tensor
8.2 Import custom dataset
In [67]: 1 # Set transforms for incoming data
2 test_transforms = transforms.Compose([transforms.Resize(size=(28,28)),
3 transforms.Grayscale(),
4 transforms.ToTensor(),
5 Inversion()]) # Inversion() is my custom method
In [68]: # Set directory for custom testing data

custom_dir = "custom_data"

test_data_custom = ImageFolderCustom(target_dir=custom_dir,
transform=test_transforms)
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In [69]: # This code errors out when over © NUM_WORKERS are used - investigate Llater

NUM_WORKERS = @

test_dataloader_custom = DatalLoader(dataset=test_data_custom,
batch_size=BATCH_SIZE,
num_workers=NUM_WORKERS,

1
2
3
4 # Create dataloader for custom data
5
6
7
8 shuffle=True)

8.3 Predict on custom dataset

In [70]: 1 # Make predictions on custom dataset
2 y_true_tensor_custom, y_pred_tensor_custom, image_list_tensor_custom = make_predictions(model_3,
3 test_dataloader_custom,
4 device)
A Jupyter widget could not be displayed because the widget state could not be found. This could happen if the kernel storing the widget is no longer
available, or if the widget state was not saved in the notebook. You may be able to create the widget by running the appropriate cells.
In [71]: # Evaluate custom data metrics for model 3

1
2 custom_data__results = eval_model(model=model_3,

3 data_loader=test_dataloader_custom,
4 loss_fn=loss_fn,

5 accuracy_fn=accuracy_fn,

6 device=device)

7
8
9

# Display custom data results for model 3
print(f"Using {custom_data__results['model_name']} on my custom data, the accuracy is {custom_data__ results['model_acc']:.2

>

Using MNISTModelv3 on my custom data, the accuracy is 75.56%



8.4 Visualize results

In [72]: 1 # Plot images with prediction/truth values
2 plot_images_in_grid(image_list_tensor_custom,
3 y_pred_tensor_custonm,
4 y_true_tensor_custom,
5 NROWS,
6 NCOLS)
Pred: 5 | Truth: 5 Pred: 2 | Truth: 2 Pred: 8 | Truth: 2 Pred: 9 | Truth: 9

Pred: 2 | Truth: 2 Pred: 4 | Truth: 4

Pred: 1 | Truth: 1

Pred: 6 | Truth: 6 Pred: 9 | Truth: 3 Pred: 8 | Truth: 8

Pred: 3 | Truth: 3 Pred: 1 | Truth: 1 Pred: 9 | Truth: 3 Pred: 6 | Truth: 6




In [73]: 1 # Create confusion matrix
2 confmat_custom = create_confusion_matrix(y_true_tensor_custom,

3 y_pred_tensor_custom,
4 class_names)
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In [74]: 1 # Create a bar chart showing accuracy rates

2 accuracy_chart(confmat_custom)
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