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« Image Classification using MNIST Dataset \e)\ro-& %DVD
\\M ’(
— MNIST Dataset Description A% 6

— Multi-layer Perceptron example using PyTorch.

— Convolution Neural Network example using TensorFlow (Keras).

e (NN Visualizer
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https://poloclub.github.io/cnn-explainer
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Label: an integer between 0 and 9 representing the digit.

Image: tensor containing the 28x28 image.

Training set — 60,000 images

Modified National Institute of Standards and Technology database
Test set — 10,000 images

MNIST Dataset Description

* Images of digits are centered and scaled to the same size.
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Step 0: Import libraries

import numpy as np cla Paﬂk%ﬁﬁ
Sean ri— e FES‘“‘
import torch=—— ¢ o
NV ES

import sys

7 opoe e neuel oy o e Yordh \V\W w

import torch.nn as nn neH
nwmr‘w*” Fu

import torch.nn.functional as F—7 '

. . v
~ M C%
YN\
import torch.optim as optim ——7~ %NTPU{t_ Opt

from torch.utils import data < o N QIAOUA " ’\TUM.{V?‘M/\&Q%D—VL
= 0 (LS L W@\&W

from torchvision import transforms

from torchvision.datasets import MNIST
import matplotlib.pyplot as plt \————JV' CfMDUJﬂ\CK“&j YAMG <3C32KQ£J7-
import time 5 . \Q@Uk) \\ﬁV’ :
> Fime 4or \——?“ ropuiting 'PW o e MakP NG
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

NN
Step 1: Download MNIST Dataset SO0

train set = MNIST('./data', train=True, download=True, transform=transforms.ToTensor ())
— Apwnunad Vet Aodncex—

test set = MNIST('./data', train=False, download=True, transform=transforms.ToTensor ())
N
train data = train set.train data A r - O C MY
- - - | Comvert ey odp, o oW
train data = train set.transform(train data.numpy())——7 - o Q)

print (' [Train Data Information]') __:7 CQ\% [ CO@O@ O [ 9—%3

print (' - Numpy Shape:', train data.cpu() .numpy () .shape)

print (' - Tensor Shape:', train_data.size()) —> tordh. S1ze CE 2 & ,60000; l%j)

print ("\n[Train Labels Information]')
print (" - Numpy Shape:', train.train labels.cpu() .numpy () .shape) -5577 (léb()C)C)C){A>

print(' - Tensor Shape:', train.train labels.size()) —> i iyrcly.Qize C(Z&CJCDO@EB
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Step 3: Visualize Dataset sample inputs

# Visualize a training instance with matplotlib # Visualize a Testing instance with matplotlib
plt.imshow(train_set.train_data.cpu().numpy()[819], cmap='gray') plt.imshow(test_set.test_data.cpu().numpy()[819], cmap="gray")
print(f"Label: ", train_set.train_labels.cpu().numpy()[819]) print(f"Label: ",test_set.test_labels.cpu().numpy()[819])

Label: 7 \L Label: 3 \]/
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Step 4: Create DatalLoader

class MNIST Dataset (data.Dataset) (ﬁ@i}
def  init (self, X, Y) l_y\mHOX\ZCﬁ“m QKQX
self.X = X § Qz
X0 A
self.Y =Y <;
def len (self): QX >N§U

return len (self.Y) C§K22§£%83&\
def getitem (self,index): <///

X self.X[index].float () .reshape(-1) #flatten the input
Y = self.Y[index].long/()

return X,Y
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.
Step 4: Create DatalLoader

da = torch.cuda. 1 L lable () . . R VOoskMs .
cuda orch.cuda.is available \\3§ CLL&(L \S QVN\!L\D\'G NGO,

num workers = 8 if cuda else 0 —7 Al Qb&’
7 ¥ oo
# Training W %03((&# 0\\101\
train dataset = MNIST Dataset(train set.train data, train set.train labels) =r S X CF@¥L6@£/E}N
ond TRy

train loader args = dict(shuffle@ batch_size num workers=num workers, pin memory=True) if cuda\

else dict (shuffle=True, batch size=64)
data.Dataloader (train dataset, **train loader args) Cﬁdii&/‘
a B B \

train loader

# Testing x;ﬂy\ *&g;x

test dataset = MNIST Dataset (test set.test data, test_set.test_labels)’///;? A&

test loader args = dict (shuffle=False, batch size=256, num workers=num workers, pin memory=True) if cuda\
else dict (shuffle=False, batch size=l)

test loader = data.Dataloader (test dataset, **test_loader_args)I:lj o O\CC@Q{/YD«B.L CP\? -\—D C\D\)
memmd LOPY OPerolion -
(K) E?\cltéclall\l&Echhn I{it&r A | ' T E P P E R @ Universities Space Research Association 8



Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Step 5: MLP Model Definition L \neony

# Multi layer Perceptron Model Creation RQ\»\?

class MLP (nn.Module) : Q{

def init (self):

super (MLP, self). init () L\\ N oY
layers = [] Q,
layers.append(nn.Linear (784,512)) # 28x28 = 784 RC\&QQSQ%
layers.append (nn.RelLU() ) ‘————> \0 OUJ?PUJ‘ QM%S@S SiDﬁQN\Q%' ( g\ﬁ\«\d—»
layers.append (nn.Linear (512, 10)) ) P >
self.net = nn.Sequential (*layers) r

CYOSS Q)/vhorpd \0SS ‘QUV\C}/\OT\ m She

def forward(self, Xx):

return self.net (x) bOkCJ@QJ/\d UL‘)\\I *G\KQ oW &O%;'Q OW\CQ

Coma VWA V\W‘LOQYOWC\ i
0SS W One (B o
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.
CoﬁWW%TWdWVAN%'

3 —%Jﬁ*\ma&o 0 © classes
Lee = T

“vudin \adse )|

Step 5.1: MLP Model Creation

# Multi layer Perceptron Model Creation
model = MLP ()

criterion = nn.CrossEntropyLoss ()

W&E&Q&
optimizer = optim.Adam(model.parameters()) — - Aﬁ&ﬂwv‘ Qxﬁ“kﬁW{A _ﬁwe S%
T Rwme P

device = torch.device ("cuda" i1f cuda else "cpu")
model.to (device)

print (model)

MLP (
(net) : Sequential (
(0) : Linear (in features=784, out features=512, bias=True)
(1) : ReLU() (2): Linear(in features=512, out features=10, bias=True)

(K) ElehcltaclalN 8(ECEOIar I{it&r - 'I T E P P E R @ Universities Space Research Association 10



Multi-layer Perceptron example using PyTorch.

Step 6: Training Function

def train epoch(model, train loader, criterion, optimizer):

model.train ()

running loss = 0.0

start time = time.time ()
for batch idx, (data, target) in enumerate(train loader) :
optimizer.zero grad()

data = data.to(device)

target = target.to(device) YB’UUQO"\'C{ P\(OPD@OA:\N

outputs = model (data)

loss = criterion (outputs, target

)
running loss += loss.item() C}}jﬁ}}&£¥§3irﬂ \% (é\K)

== . .
loss.backward () — \Q . —he Cﬁth“ﬂZng-
S O
optimizer.step() —7° 8341PVNA%S

end time = time.time ()

running loss /= len(train loader)
print ('Training Loss: ', running loss, 'Time: ',end time - start time, 's')

return running loss

(K) ElehcltaclalN 8(ECEOIar I{it&r - 'I T E P P E R @ Universities Space Research Association 11
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with torch.no grad():

Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Step 6.1: Testing Function
def test model (model, test loader, criterion): :77 NO deQP\(OPC)aQF(DT\ R’\(\ —W}C ‘_,_E\/\‘QQQ'LMCL ?WC/

model.eval ()

running loss = 0.0 -XV\\\'\:‘OQJZQSKS .
0.0
= 0.0

total predictions =

correct predictions

for batch idx, (data, target) in enumerate (test loader): & QSS
data = data.to(device) d{& O'\ Ag P\L}[/ %U\J D
target = target.to(device) 7 C,er\)K}\:F( %-e VF\O
e = 0

outputs = model (data)

_, predicted = torch.max (outputs.data, 1) ___’___,_‘7 a\[

. . _ . -~ OJ_QQ/\‘“/\
total predictions += target.size(0) \Q\O'Qx \g m %/

°

correct predictions += (predicted == target).sum() .item()—?’ \V'

loss = criterion(outputs, target).detach() Qj' M\W O
running loss += loss.item() CD_‘K\‘E,—\—,;_’—- X \O
running loss /= len(test loader) O\CCWQQ@ — ‘\—Ow md]d:\m%
accuracy = (correct predictions/total predictions)*100.0
print ('Testing Loss: ', running loss)
print ('Testing Accuracy: ', accuracy, '$'")

return running loss, accuracy

EeNCt&CIall\l 8(ECEoar ltiteGr - 'I T E P P E R @ Universities Space Research Association 12



Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Training Loss: 1.2734107589468042 Time: 1.793694019317627 s

o 1111 Testing Loss: ©.19492523474618792
Step 7: Training the Model for N Epochs T e e saao0an0l %
Training Loss: ©0.13140256043444287 Time: 1.7859649658203125 s
n egaocﬂls =7/ Testing Loss: ©.1799794932710938
o Testing Accuracy: 95.35 %
Test loss = [] Training Loss: ©.07155194909490169 Time: 1.8141794204711914 s

Testing Loss: ©.14994464091723786

Test acc = [] ‘\—\{‘OC\V\ WJQ MOM Testing Accuracy: 96.41 %

Training Loss: ©.052934684491458724 Time: 1.7892048358917236 s
for 1 in range(n epochs): Testing Loss: ©.14333404847420753
Testing Accuracy: 96.63000000000001 %

train loss = train epoch(model, train loader, criterion, optimizer) ______ - _______ oo _____
test lOSS, test acc = test model (model, test loader, Criterion) Training Loss: ©.05158523537139309 Time: 1.8411898612976074 s
B o R - Testing Loss: ©0.1396400388856364
Train loss.append(train loss) Testing Accuracy: 96.8 %
— bp ( — ) 7\ <) ”’TQ moﬁ Training Loss: ©.04323105293702572 Time: 1.8349244594573975 s
Test acc.append(test acc) Testing Loss: ©.14093846913419839

print ("=1%40) Testing Accuracy: 96.89 %

Training Loss: ©.047089373836036216 Time: 1.7806172370910645 s

7 Test QC@U\M% Testing Loss: ©.201253568019456

Testing Accuracy: 96.27 %

(K) ElehcltaclalN 8(ECEOIar I{it&r - 'I T E P P E R Universities Space Research Association 13



plt.title('Training Loss')
plt.xlabel( 'Epoch Number')
plt.ylabel('Loss")
plt.plot(Train_loss)

[<matplotlib.lines.Line2D at @x7fc074c215d0>]
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plt.title('Test Loss")
plt.xlabel('Epoch Number')
plt.ylabel('Loss")
plt.plot(Test_loss)
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Carnegie Mellon University

Multi-layer Perceptron example using PyTorch.

Step 8: Visualization

plt.title('Test Accuracy')
plt.xlabel( 'Epoch Number')
plt.ylabel('Accuracy (%)")
plt.plot(Test_acc)

[<matplotlib.lines.Line @74aa58d0> ]
Test Accuracy

Accuracy (%)
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Carnegie Mellon University

Convolution Neural Network using TensorFlow (Keras)

# Print the shape of Train & Test Dataset
print('[Train Data Information]')

Step 1: Import libraries and Load Dataset prant(" - Train Data:’, x_train.shape)

print(' - Train Labels:', y_train.shape)

# Import Tensorflow print('\n[Test Data Information]')
print(' - Test Data:', x_test.shape)

import tensorflow as tf print(' - Test Labels:', y_test.shape)
[Train Data Information]

- Train Data: (60000, 28, 28)
import matplotlib.pyplot as plt - Train Labels: (60000,)

# Import Matplotlib python plot as plt

[Test Data Information]
# Importing the required Keras modules -- model and layers - Test Data: (10000, 28, 28)

from tensorflow.keras.models import Sequential - Test Labels: (10000,)

from tensorflow.keras.layers import Dense, ConvZ2D, Dropout, Flatten, MaxPooling2D

\bax S
# Load the internally available MNIST dataset. 5 7 POWNLo d) \\—L‘Q MN 3 do&bkw

(x_train, y train), (x test, y test) = tf.keras.datasets.mnist.load data() 'XWWW ¥*9(&8-

(K) Elehcltaclall\l 8(E CEOIar I\ulteGr - 'I T E P P E R @ Universifies Space Research Association 15



Carnegie Mellon University

Convolution Neural Network using TensorFlow (Keras)
Step 2: Transformations / Reshaping inputs for TF

# Reshaping the array to 4-dims so that it can work with the Keras API
X train = X train.reshape(x train.shape([0], 28, 28, 1)
X test = x test.reshape(x test.shapel[0], 28, 28, 1)

(3 ~ Q 2”2 \\'f\('\ -
input_shape = (28, 28, 1) m———=mp Q‘V\@Qe chomrel OS W S & A - 0\82
S

# Making sure that the values are float that we can get decimal points after division

x_train = x _train.astype('float32"') :}_%7 CL@TTVQQQ& 1o \ﬁl@Ckk VD
X test = x test.astype('float32'")

# Normalizing the RGB codes by dividing it to the max RGB value.

X _train /= 255

x _test /= 255

print ('x train shape:', x train.shape)

print ("Number of images in x train', X train.shapel[0])

print ("Number of images in x test', x test.shapel[0])

X_train shape: (60000, 28, 28, 1)

Number of images in x_train 60000
Number of images in x_test 10000

(K) Elehcltaclall\l 8(E CEOIar I\ulteGr - 'I T E P P E R @ Universifies Space Research Association 16



Carnegie Mellon University

# Plotting a random sample from the input and output label - Train set.

Step 3: Visualize Dataset sample inputs

#%matplotlib inline # Only use this if using iPython

image_index

print(f"Train Label for index {image_index}:", y train[image_index])

18819 # You may select anything up to 60,000

plt.imshow(x_train[image_index], cmap='Greys"')

Train Label for index 18819: 7
<matplotlib.image.AxesImage at Ox7f75c69eec90> \\/

0.
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Convolution Neural Network using TensorFlow (Keras)

# Plotting a random sample from the input and output label - Train set.
#%matplotlib inline # Only use this if using iPython

image_index

819 # You may select anything up to 10,000

print(f"Test Label for index {image_index}:", y_test[image_index])
plt.imshow(x_test[image_index], cmap='Greys"')

Test Label for index 819: 3

<matplotlib.image.AxesImage at Ox7f75c6alllle>
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Carnegie Mellon University

Convolution Neural Network using TensorFlow (Keras)
Step 4: Model Creation

j,—) Cfmgmmta\r Yo Wft}\vm\r% Cery Youb \u&ﬂ«g QQqM ﬂw“q

# Creating a Sequential|Model and adding the layers
model = Sequential ()
model.add (Conv2D (28, kernel size=(3,3), input_shape=input_shape))*——‘%7(j>

model.add (MaxPooling2D (pool size=(2, 2)))

model.add (Flatten()) # Flattening the 2D arrays for fully connected layers

model .add (Dense (128, activation=tf.nn.relu)) UO'—-¥<'ﬁ‘Q_§1P_ \
S

Oudpud-Shape =

@@\}x CD: 2%-21%2}9 4 :_D*_;é

model .add (Dropout (0.2))

model .add (Dense (10, activation=tf.nn.softmax))

(K) ElehcltaclalN 8(ECEOIar I{it&r - 'I T E P P E R @ Universities Space Research Association 18



Carnegie Mellon University

Convolution Neural Network using TensorFlow (Keras)
Step 4.1: Model Summary

# Print the model architecture

model.summary ()

Model: "sequential”

Layer (type) Output Shape Param #
“com2d (Com2D)  (Neme, 26, 26, 28) 280
max_pooling2d (MaxPooling2D (None, 13, 13, 28) 2

)

flatten (Flatten) (None, 4732) %}

dense (Dense) (None, 128) 605824
dropout (Dropout) (None, 128) 7}

dense_1 (Dense) (None, 10) 1290

Total params: 607,394
Trainable params: 607,394
Non-trainable params: ©

(K) Elehcltaclall\l 8(E CEOIar I\ulteGr - 'I T E P P E R @ Universifies Space Research Association 19
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Convolution Neural Network using TensorFlow (Keras)
Step 5: Training the Model with validation split

#Training the model O j )

model.compile(optimizer="adam’, (‘_'7 C@WP\M Q){D%SQV\WPB \OSS b\'UQ *%Q \O\\OQ&M WC&)Q&W
loss="sparse_categorical_ crossentropy , dhi&DJTV\ G&ﬂgﬂ ‘> Nl
metrics=["'accuracy']) \Y VO&A g?{\‘ S N Qd\ OJ\ XO%% g‘

history = model.fit(x=x_train,y=y_train,validat10n split = 0.1, epochs=7) \¢Cﬂu—(lCQLA}1)(}0 8@

Epoch 1/7 \ ‘\ VYQT‘CBHYDOiLd

1688/1688 [==============================] - 65 3ms/step - loss: 0.2195 - accuracy: 0.9343 - val_loss: 0.0802 - val_accuracy: 0.9770

Epoch 2/7

1688/1688 [==============================] - 5s 3ms/step - loss: 0.0887 - accuracy: 0.9719 - val loss: 0.0563 - val_accuracy: ©.9840

Epoch 3/7

1688/1688 [==============================] - 5s 3ms/step - loss: 0.0627 - accuracy: 0.9800 - val loss: ©.0529 - val_accuracy: 0.9845

Epoch 4/7

1688/1688 [==============================] - 5s 3ms/step - loss: ©.0453 - accuracy: 0.9852 - val loss: ©.0557 - val_accuracy: ©.9858

Epoch 5/7

1688/1688 [==============================] - 5s 3ms/step - loss: 0.0376 - accuracy: 0.9878 - val loss: 0.0565 - val_accuracy: ©0.9855

Epoch 6/7

1688/1688 [==============================] - 65 3ms/step - loss: 0.0322 - accuracy: 0.9889 - val loss: 0.0554 - val_accuracy: 0.9875

Epoch 7/7

1688/1688 [==============================] - 5s 3ms/step - loss: 0.0278 - accuracy: ©0.9905 - val loss: 0.0589 - val_accuracy: 0.9877

MstoR| stores — (D W0sp S &&W @) Volrs, () vod- OAQWW
(K) E?\clt&ﬁl\lgé%hn l\ult&r 7 TEPPER @ Universities Space Research Association 20



Carnegie Mellon University

Convolution Neural Network using TensorFlow (Keras)

Step 6: Visualization

# summarize history for accuracy
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title('model accuracy')
plt.ylabel('accuracy")

plt.xlabel( 'epoch")

plt.legend(['train', 'test'], loc='upper left')
plt.show()

0.99 1

0.98 1

0.97 1

accuracy

0.95 -

0.94 1

() ENENERRNE

model accuracy

0.96 -

<y TEPPER

# summarize history for loss
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title( 'model loss')

plt.ylabel('loss")

plt.xlabel('epoch")

plt.legend(['train’', 'test'], loc='upper left')
plt.show()

model loss

0.225 A )
- {rain
0.200 - test
0.175 A
0.150 +

0.125 A

loss

0.100 A

0.075 A

0.050 A

0.025 A
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Carnegie Mellon University

Convolution Neural Network using TensorFlow (Keras)

Step 7: Inference & Manual Validation q ﬁf)
# Evaluate Model on the Test dataset 7 D{\WMCQ, O_T\ TQ&_\__ gek Q\}\V\QQ_QJ/\ C\

model.evaluate(x_test, y_test)

—
313/313 [==============================] - 1ls 2ms/step - loss: 0.0543 - accur‘acy@.9843
[0.05426904186606407, ©.9843000173568726] —

# Displaying output for after running inference - Inputs shuffled # Disp}aying output for after running inference - Inputs shuffled

image_index = 819 image_index = 741

plt.imshow(x_test[image_index].reshape(28, 28),cmap='Greys") plt.imshow(x_test[image_index].reshape(28, 28),cmap="Greys")

pred = model.predict(x_test[image_index].reshape(1, 28, 28, 1)) pred = model.predict(x_test[image_index].reshape(1l, 28, 28, 1))

print(f"Test Label for index {image_index}:", pred.argmax()) print(f"Test Label for index {image_index}:", pred.argmax())

Test Label for index 819: 3 Test Label for index 741: 2

0 0 -

—

] : CNN-092343
WP —0-A6¥
15 1 LP

15 1
20 1
20
25 1
T T 25 1
0 5 10 15 20 25
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Carnegie Mellon University

Convolution Neural Network (CNN) Interactive Visualizer

https://poloclub.github.io/cnn-explainer/

Paper: CNN Explainer: Learning Convolutional Neural Networks with Interactive Visualization

C & poloclub.github.io

CNN EXPLAINER Learn Convolutional Neural Network (CNNJ in your browser!

YouTube: Demo Video: CNN Explainer: Learning Convolutional Neural Networks with Interactive

Visualization

(K) EeNCtacﬁl“ 8(ECE0IS\ I{iteGr - 'I T E P P E R L@ Universities Space Research Association 23


https://poloclub.github.io/cnn-explainer/
https://arxiv.org/abs/2004.15004
https://www.youtube.com/watch?v=HnWIHWFbuUQ

Carnegie Mellon University

Convolution Neural Network (CNN) Interactive Visualizer

Convolution

Input (64, 64) Output (62, 62)

*x-0.25 x-0.22 x 0.01

NN F

* =017 x-0.26 x-0.03

& Hover over the\matrices to change kernel position.

() ENENERRNE

fS I TEPPER

Understanding Hyperparameters

Input (28, 28) Output (26, 26)

Input Size: * After-padding (28, 28)
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Padding: 0
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Kernel Size: 3
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Stride: 1
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& Hover over the matrices to change kernel position.
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Convolution Neural Network (CNN) Interactive Visualizer
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Softmax Score for "espresso”
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& Hover over the numbers to highlight logit circles.
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CNN EXPLAINER

Learning Convolutional Neural Networks with
Interactive Visualization

'‘Georgia #) Oregon State
Tech| &2/ University
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Summary

* Reviewed Image Classification using MNIST Dataset

— MNIST Dataset Description
— Multi-layer Perceptron example using PyTorch with code.

— Convolution Neural Network example using TensorFlow (Keras) with code.

e Reviewed CNN Visualizer
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https://poloclub.github.io/cnn-explainer

