A2t EHeld o5 7| & & - EarlyStopping()

S5 U8
. MNIST GlOJE] A2 28310 Hajd mdg 7ais) 2rt
. otz 7 20| e opec

=Xt

01. 55 7| BF A7|7]

02. EarlyStopping X| & dtt
03. CallBack 2t==9| AFE I}
04. MEol 2]

E o] &e] st=ofl chgh 7i4d0| giSul, E7X| st5S Al7{Of StLt?

o St&9| 7| B =& g4 - EarlyStopping()
O| 40| 7§40l OfX|7} Qi2 W, St5 S BEAI7|= et
o fit() &0l A= EarlyStopping() 2 &7t at& P8 S0 0jH ==&,

02. EarlyStopping X| & ttH

=AZ 0| s3t7|

ear ly_stopping = Ear lyStopping()
model . fit(X_train, Y_train, nb_epoch= 1000, callbacks=[ear|ly_stopping])
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keras.cal Ibacks.Ear lyStopping(monitor="'val_loss',
min_delta=0,
patience=0,



verbose=0,
mode="auto"')
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from keras.utils import np_utils

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Dense, Activation
import numpy as np

HI0|E] Lt

In [2]:

np.random.seed(3)
(X_train, y_train), (X_test, y_test) = mnist.load_data()

# SEAL 2s4A 22l

= X_train[50000: ]
y_val = y_train[50000:]
X_train = X_train[:50000]
y_train = y_train[:50000]

In [3]:

X_train = X_train.reshape(50000, 784).astype('float32') / 255.0
X_val = X_val.reshape(10000, 784).astype('float32') / 255.0
X_test = X_test.reshape(10000, 784).astype('float32') / 255.0



In [4]:

# 2EHA HASA N7
train_rand_idxs = np.random.choice (50000, 10000)
val_rand_idxs = np.random.choice(10000, 5000)

X_train = X_train[train_rand_idxs]
y_train = y_train[train_rand_idxs]
X_val = X_val[val_rand_idxs]
y_val = y_val[val_rand_idxs]

In [5]:

# creda Ms

y_train = np_utils.to_categorical(y_train)
y_val = np_utils.to_categorical(y_val)
y_test = np_utils.to_categorical(y_test)

In [6]:

print(X_train.shape, y_train.shape)
print(X_val.shape, y_val.shape)
print(X_test.shape, y_test.shape)

(10000, 784) (10000, 10)
(5000, 784) (5000, 10)
(10000, 784) (10000, 10)

In [7]:

#2. 29 P45

model = Sequentiall()

mode| .add(Dense(units=64, input_dim=28%28, activation='relu'))
mode| .add(Dense(units=32, activation='relu'))

mode| .add(Dense(units=10, activation='softmax"'))

In [8]:

# 3. REO xte, &S g &3

mode | .compile(loss="categorical_crossentropy',
optimizer="'sgd",
metrics=["accuracy'])

z=7| E2A|7|7



In [9]:

# 4. 2DE stEAIID]
from keras.callbacks import EarlyStopping
# early_stopping = EarlyStopping() # XJIEE SHet~ A
ear ly_stopping = EarlyStopping(patience = 30) # XJ|E=
hist = model.fit(X_train, y_train,

epochs=3000,

batch_size=10,

validation_data=(X_val, y_val),

cal Ibacks=[ear ly_stopping])

1000/1000 [ ] — 3s 3ms/step — loss: 0.0411 - accurac
y: 0.9913 - val_loss: 0.1783 - val_accuracy: 0.9550

Epoch 25/3000

1000/1000 [ ] - 2s 2ms/step - loss: 0.0365 — accurac
y: 0.9935 - val_loss: 0.1822 — val_accuracy: 0.9520

Epoch 26/3000

1000/1000 [ ] — 2s 2ms/step — loss: 0.0332 - accurac
y: 0.9943 - val_loss: 0.1755 - val_accuracy: 0.9566

Epoch 27/3000

1000/1000 [ ] - 3s 3ms/step - loss: 0.0304 - accurac
y: 0.9952 - val_loss: 0.1830 - val_accuracy: 0.9526

Epoch 28/3000

1000/1000 [ ] - 3s 3ms/step — loss: 0.0275 - accurac
y: 0.9958 - val_loss: 0.1819 - val_accuracy: 0.9556

Epoch 29/3000

1000/1000 [ | - 2s 2ms/step — loss: 0.0251 — accurac
y: 0.9968 — val_loss: 0.1861 - val_accuracy: 0.9550

Epoch 30/3000

1000/1000 [ ] - 3s 3ms/step — loss: 0.0225 - accurac
y: 0.9971 - val_loss: 0.1860 — val_accuracy: 0.9552
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In [10]:
hist.history.keys()
Qut[10]:

dict_keys(['loss', 'accuracy', 'val_loss', 'val_accuracy'])



In [11]:

#5 28 stE WE HAIGH]
%matplotlib inline
import matplotlib.pyplot as plt

fig, loss_ax = plt.subplots()
acc_ax = loss_ax.twinx()

loss_ax.plot(hist.history['loss'], 'y', label="train loss")

loss_ax.plot(hist.history['val_loss'], 'r', label="val loss')

acc_ax.plot(hist.history[ 'accuracy'], 'b', label="train acc')

acc_ax.plot(hist.history['val_accuracy'], 'g', label="val acc')
loss_ax.set_xlabel ('epoch')
loss_ax.set_ylabel('loss')

acc_ax.set_ylabel ('accuray')

loss_ax. legend(loc="upper left")
acc_ax. legend(loc="1lower left')

plt.show()
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In [12]:

#6. 22 ZItot)|
loss_and_metrics = model.evaluate(X_test, y_test, batch_size=32)

print('")
print('loss @ ' + str(loss_and_metrics[0]))
print('accuray : ' + str(loss_and_metrics[1]))

313/313 [ ] - 1s 2ms/step - loss: 0.2075 - accuracy: O.
9509

loss : 0.20746201276779175
accuray : 0.9509000182151794






