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MNIST Data
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Import library

# LOAD LIBRARIES

import pandas as pd

import numpy as np

from sklearn.model selection import train_test split

# USE KERAS WITH DEFAULT TENSORFLOW BACKEND\

from tensorflow.keras.utils import to categorical

from keras.models import Sequential

from keras.layers import Dense, Dropout, Flatten, Conv2D, MaxPool2D,
BatchNormalization

from tensorflow.keras.preprocessing.image import ImageDataGenerator
from keras.callbacks import LearningRateScheduler

from keras.datasets import mnist
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Load Dataset & Split Dataset

# LOAD MNIST DATASET AS 60K TRAIN AND 10K TEST
(x_train, y train), (x_test, y test) = mnist.load data()



23X st O E YE

HlOJE| EX

# PREPARE DATA FOR NEURAL NETWORK

X _train = x_train / 255.0

X _test = x_test / 255.0

X_train = X_train.reshape(-1,28,28,1)

X _test = X test.reshape(-1,28,28,1)

Y _train = to_categorical(y_train, num_classes = 10)
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Data Augmentation (ClIO|E{ &)

# CREATE MORE IMAGES WITH DATA AUGMENTATION

datagen = ImageDataGenerator( 3 3 3 3 } 3 33 3 3
rotation range=15,
zoom_r'ange =g0.15, ? ? ‘? ? ? ? ? ? ? ?
idth shift =0.1,
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# BUILD CNN
nets = 7
model = [@] *nets

for j in range(nets):
model[j] = Sequential()

model[j].
model[j].
model[j].
model[j].
model[j].
model[j].
model[j].

add(Conv2D(32, kernel size
add(BatchNormalization())
add(Conv2D(32, kernel_size
add(BatchNormalization())
add(Conv2D(32, kernel _size
add(BatchNormalization())
add(Dropout(9.4))

model[j].
model[j].
model[j].
model[j].
model[j].
model[j].
model[j].

add(Conv2D(64, kernel size
add(BatchNormalization())
add(Conv2D(64, kernel size
add(BatchNormalization())
add(Conv2D(64, kernel size
add(BatchNormalization())
add(Dropout(9.4))

model[j].
model[j].
model[j].
model[j].

add(Conv2D(128, kernel size
add(BatchNormalization())
add(Flatten())

add (Dropout(0.4))
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activation="'relu', input_shape (28, 28, 1)))
activation="relu'))

strides=2, padding='same', activation="relu'))
activation="relu"))
activation="relu"))

strides=2, padding='same', activation="relu'))

4, activation='relu'))

model[j].add(Dense(10, activation='softmax'))

# COMPILE WITH ADAM OPTIMIZER AND CROSS ENTROPY COST
model[j].compile(optimizer="adam", loss="categorical crossentropy", metrics=["accuracy"])
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# Learning Rate Scheduler: Of epochOICl learning rateE 0.95HZ Z4
annealer = LearningRateScheduler(lambda x: le-3 * 0.95 ** x)

# TRAIN CNNs AND DISPLAY ACCURACIES
epochs = 40

history = [0] * nets

results = [@0] * nets

for j in range(nets):
# CO|HE 28 MER 43 MEZ &%

X_train2, X val2, Y_train2, Y val2 = train_test_split(X_train, Y_train, test _size=0.1)

# CNN 23 Sl Tl oE =3
= i1

fit(datagen.flow(X_train2, Y _train2, batch_size=64),epochs=epochs,steps per epoch=X_train2.shape[0] // 64,
# Ml NS EHEIEE verbose=1 “I"

validation_data=(X_val2, Y _val2),callbacks=[annealer],verbose=1)

= S >
# 24 8l 243 d=r =9

print("CNN {@:d}: Epochs={1:d}, Train accuracy={2:.5f}, Validation accuracy= {3 SfR. format(
j + 1, epochs, history[j].history['accuracy'][epochs - 1], # ‘'acc' L4l 'accuracy'Z =&
history[j].history['val accuracy'][epochs - 1] # 'val acc' CH%&l 'val accuracy'2 =7

))
# PREDICT DIGITS FOR CNN J ON MNIST 10K TEST

results[j] = model[j].predict(X_test)
results2 = np.argmax(results[j], axis=1)

# CNN J2| MNIST 1ok HIAE F=e A4t
c=20
for i in range(10000):
if results2[i] !=y test[i]:
c +=1
print("CNN %d: Test accuracy = %f" % (j + 1, 1 - ¢ / 10000.))
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# PREDICT DIGITS FOR ENSEMBLE ON MNIST 10K TEST predict=2 predict=0 predict=9 predict=0 predict=3 predict=7 predict=0 predict=3 predict=0 predict=3

r'esul.tf,z = np.zeros( (X_test.shape[0],10) ) a ﬂ ? >, 3 3 'O
5

~J
>
W

for j in range(nets):
predict=7 predict=4 predict=0 predict=4 predict=3 predict=3 predict=1 predict=9 predict=0

results2 = results2 + results[j] 7 0 l ﬂ

results2 = np.argmax(results2,axis = 1)
predict=2 predict=1 predict=1 predict=5 predict=7 predict=4 predict=2 predict=7 predict=4 predict=7

# CALCULATE ACCURACY -
c=0 q ! -:' L{ j Y

-For\ 1 1n r‘ange(]-@@@@)i predict=7 predict=5 predict=4 predict=2 predict=6 predict=2 predlct 5 predict=5 predict=1 predict=6

if r‘isi’isZ[i] I=y test[i]: ? g— {']L 2’ 1— .f- ‘

print("Ensemble Accuracy = %f" % (1-c/10000.))
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Ensemble Accuracy = 0.997200
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CNN 1: Epochs=40, Train accuracy=1.00000,

CNN 1: Test accuracy = 0.995600

CNN 2: Epochs=40, Train accuracy=1.00000,

CNN 2: Test accuracy = 0.995700

CNN 3: Epochs=40, Train accuracy=0.98438,

CNN 3: Test accuracy = 0.996100

CNN 4: Epochs=40, Train accuracy=1.00000,

CNN 4: Test accuracy = 0.996900

CNN 5: Epochs=40, Train accuracy=0.98438,

CNN 5: Test accuracy = 0.996200

CNN 6: Epochs=40, Train accuracy=1.00000,

CNN 6: Test accuracy = 0.996300

CNN 7: Epochs=40, Train accuracy=0.98438,

CNN 7: Test accuracy = 0.996000
Ensemble Accuracy = 0.997200
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Validation accuracy=0.99550

Validation accuracy=0.99683

Validation accuracy=0.99633

Validation accuracy=0.99633

Validation accuracy=0.99383

Validation accuracy=0.99617

Validation accuracy=0.99650
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Histogram of Kaggle MNIST public leaderboard scores, July 15 2018

200 -

CNN + Data Augmentation
0.996 - (top 10%)

Best Possible:
Ensembled
CNM 0.9970
to 0.9979
(top 5%)

CHNN - 0.991
(top 35%)

100 -

Impossible:
0.9980 and

Fully Connected NN
above

or SVM, or XGBoost

random forest
50 - or kNN - 0.970
(top 75%)

Linear Models
0.920
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