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5.1. Multi-Layer Perceptron (MLP)

=== Output layer

2 LI= Hidden layer
. QU= |nput layer

« Two-Layer Network (two-layer of weights)
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MLP = (N-H-M): ek Ml (Forward Propagation)

Input Nodes : X =[X,, X,, A , Xy ]"
Hidden Nodes:h=[h,h,,A ,h,]
Output Nodes:y =[v,, Y,,A , Yy 1

Input—— Output(?)
h, = f(h;)=tanh(h; /2)

N
where h; = ZW--Xi + Wi,
=1

J1

H
Vi = F(¥,), wherey, :Zijhj Vo

j=1




5.2. MLPC| HEois =

« MLP with two layers can represent arbitrary function
« Each hidden unit represents a soft threshold function in the input space
« Combine two opposite-facing threshold functions to make a ridge
« Combine two perpendicular ridges to make a bump
« Add bumps of various sizes and locations to fit any surface

- HHA AR} 7| A|[(Universal approximator)

* Given a sufficiently large number of hidden units , a two layer (linear
output) network can approximate any continuous function on a
compact input domain to arbitrary accuracy.



5.3. 7 SF I} et& (Error Back-Propagation Algorithm)

Input Pattern:x =[x, X,,L. , X ]T
Output Vector: y =[y,, ¥,,L , Yy, 1'

Desired Output Vector: t=[t,t,,LL ,t ]
Mean-Squared Error Function:

Em(X) — EZ(tk - yk)2

E
AV =1 9En (X) = 775k(OUt)hj where 5k(°”t)
OV
E . |
AWji =-n aa\r;]v(x) _ 77é~j(h|d)xi where 5j(h|d) _

L

_0E,(X)
=(t, — f
5, =t = Y T'(W)
R M
aEmA(X) _ f l(hj )kajé-k(out)
oh. k=1
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from
from
from
from
from
from

sk learn
sk learn
sk learn
sk learn
sk learn
sk learn

.datasets import fetch_california_housing
metrics import mean_saquared_error

model _selection import train_test_split
neural _network import MLPRegressor
pipeline import make_pipeline
preprocessing import StandardScaler

hous ing=fetch_california_housing()
printChousing . DESCR)

OREILLY"

Hxe

. (-

Hel2 S

Hands-On Machine Learning
with Scikit-Learn,
Keras & TensorFlow

MLPRegressor-10%-p385-3rdEd.py

California Housing dataset

**x[Jata Set Characteristice: xw
‘Mumber of Instances: 20640
‘Mumber of Attributes: B numeric, predictive attributes and the target

CAttribute Information:

- Medlnc median income in block

- Househae median house age in block
- AveRooms average number of rooms

- AveBedrms average number of bedrooms
- Population block population

- Avelccup average house occupancy

- Latitude house block latitude

- Longitude house block longitude

‘Mizzing Attribute Walues: None

This dataset was obtained from the Statlib repository.
htte: A/l ib.stat . cnu . edu/datasets/

The target wariable is the median house walue for California districts.

This dataset was derived from the 1990 U.3. census., using one row per census
block group. & block group is the smallest gecgraphical unit for which the U.S
Census Bureau publishes sample data (a block aroup tvpically has a population

of 600 to 3,000 people).

[t can be downloaded/ loaded using the
' func: “sklearn.datasets . fetch_california_housing™ function.

. topic References

- Pace, R. Kelley and Bonald Barrw, Sparse Spatial Autoregressions,
Statistics and Probability Letters, 33 (1997) 291-297



Al A sklearn.neural_network.MLPRegressor
—=)

OREILLY" class sklearn.neural_network .MLPRegressor(hidden_layer_sizes=(100,), activation="relu’, *, solver="adam’, alpha=0.0001,

P batch_size="auto, learning_rate="constant', learning_rate_init=0.001, power_t=0.5, max_iter=200, shuffle=True, random_state=None,
SHx2 Al .
—_—l — o tol=0.0001, verbose=False, warm_start=False, momentum=0.9, nesterovs_momentum=True, early stopping=False,

:?&dgcﬁng?:,ne K validation_fraction=0.1, beta_1=0.9, beta_2=0.999, epsilon=1e-08, n_iter_no_change=10, max_fun=15000) [source]
Keras & TensorFlow

Multi-layer Perceptron regressor.

This model optimizes the squared error using LBFGS or stochastic gradient descent.

activation : {“identity’, ‘logistic’, ‘tanh’, ‘relu’}, default="relu’

from sklearn.datasets import fetch_california_housing Activation function for the hidden layer.

from sklearn.metrics import mean_sauared_error

from sklearn.model _selection import train_test _split e ‘identity’, no-op activation, useful to implement linear bottleneck, returns f(x) = x
from sklearn.neural_network import MLPRegressor * ‘logistic’, the logistic sigmoid function, returns f(x) = 1/ (1 + exp(-x))

from sklearn.pipeline import make_pipeline e ‘tanh’, the hyperbolic tan function, returns f(x) = tanh(x).

from sklearn.preprocessing import StandardScaler * ‘relu’, the rectified linear unit function, returns f(x) = max(0, x)

hous ing=fetch_california_housing()

print{housing . DESCR)

A_train_full, ¥_test, wv_train_full, v_test = train_test_split{housing.data. housing.target, random_state=42)
W_train, ¥_wvalid, v_train, v_valid = train_test_split(¥_train_full, v_train_full, random_state=42)

mlp_reg=MLFRegressor(hidden_laver_sizes=[50,50,50], random_state=42)
pipeline=make_pipeline(Standard=caler(), mlp_reg)
pipeline. fit(X_train, v_train)

v_pred=pipeline.predict(¥_valid)
rmse=mean_squared_erroriv_valid, v_pred, squared=Falze)
print(rmse)

(0. 3053326657966651



)ué(o LI) BMNIST load (I Z2M A2 HardEd. 2¥ AFE)
=

= - = sklearn.datasets fetch_openml
mnist=fetch_openm!|{ 'mnist_784', as_frame= )

= A.v=mnicst.data.mnist . target
: z w_train, x_test, v_train, wv_test = X[:60000], ®[60000:], «[:60000], v[BO000:]

'y} il putoM=ez te= 91ERls 5-T.py JLH S
5 numpy ne DEs sk sk T

ol Q= A%t
tensorf|ow tf : E e © ==
tensorflow keras. datasets mnist Learning rate=0.0005, 0.0001
N_hidden = 2
oINS B Dt tensorflow. keras . models sequential _hidde 000, 500
g l:,_ e tensorflow. keras. lavers Dense
=OMO - tensorflow. keras optimizers Adam

Hi BryyorProey

x_train=x_train.astypelnp.float323/255.0 # ndarrav® 9 &
¥_test=x_test.astvpelinp.float3d2)/255.0

5-7C.py v_train=tf.keras.utils. to_categorical(yv_train,10) # st m=E=Z HE
v_test=tf keras.utils. to_categorical(y_test,10)

n_input=734
n_hidden=1024
n_output=10

mlp=Sequential()
mlp.add (Denselunits=n_hidden,activation="tanh', input_shape=(n_input.).kernel_initializer="random_uniform',bias_initializer='zeros'))
mlp.add(Denselunits=n_output.activation="tanh' . kernel_initializer='random_uniform'.bias_initializer='zeros')])

mlp.compilel loss="mean_squared_error ', optimizer=Adam{ learning_rate=0.001) , metrics=["accuracy'])
hist=mlp.fit(x_train.v_train.batch_size=128,epochs=30,validation_data=({x_test,v_test),verbose=2)

res=mlp.evaluate(x_test,v_test, verbose=0)

print("EHEEZ" res[1]*100) Epoch 1/30 , , , ,
4697469 - Bs - loss: 0.04272 - accuracy: 0.8474 - wal_loss: 0.0271 - wal_accuracy: 0.9117
Epoch 2730

ﬂEEf#E@_j_ES - loss: 0.0223 - accuracy: 0.9298 - val_loss: 0.0200 - wval_accuracy: 0.3400



import matelotlib. pyvelot 2= plt

#EHEE 24

plt . plotthist . historv[ 'accuracy'])

plt.plotthist. history['val_accuracy'])

plt titlel 'Model accuracy')

plt.vlabel( Accuracy ')

plt.xlabel( ' Epoch')

plt. legend(['Train', 'Validation']l, loc='upper left')

plt . aridl)

el show()

# oo g =2

plt.ploti{hist . history['loss'])

plt.plotthist. history['val_loss'])

plt. title 'Model loss')

plt . vlabel{ Lozs ')

plt. xlabel( Epoch')

plt, legend(['Train', 'Yalidation'], loc='upper right')
plt . aridi)

plt. show()

Accuracy

Loss

Model accuracy

0.98 A

0.96 A

0.94 ~

0.92

0.90 A

0.88 A

0.86 A

—— Train
—— \Validation

10 15
Epoch

Model loss

20

25 30

0.040 A

0.035 A

0.030 A

0.025 A

0.020 A

0.015 A

0.010 A

0.005 A

—— Train
—— Validation




5.4.3 fashion MNIST 214

m fashion MNIST E1IOIE151'
= MNIST2} H|=(28x28 Y EHA 7|, training sample 60,000, test sample 10,000)

= L§E0| IjM 2t3d & 0|1 2f|0[=0] {T-shirt/top, Trouser, Pullover, Dress, Coat, Sandal, Shirt, Sneaker, Bag, Ankle boot}
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= e | AU MY ne
tensorf low tf
tensorflow. keras. datasets fashion_mnist
tensorflow. keras. models sequential
tensorflow. keras. lavers Dense
tensorflow. keras. optimizers Adam
SYS, 0%
'y svs . path.appendlos.pardir) # 2 CleElg22 MEE HAHE = = 24
path="dataset®iMN|ISTfashion'
os.chdir{path)
e # fashion MNIST CIOIE{A 2 iofet AFYo LAY ez A&
OIBXIS ...... x_train = np. load('«_train.npy')
— v_train = np.load('v_train.npv')
w_test = np. load( '« _test npy')
v_test = np. load('v_test npv')
5-8bpy print(x_train.shape, v_train.shape, x_test.shape, v_test. shape)

x_train = x_train.reshape(B0000,784) # Sl 22 HE

x_test = x_test. reshape(10000,784)
x_train=x_train.astypelnp.float32)/255.0 #f ndarrav® H &
¥_test=x_test.astvpelnp.float3d2)/255.0

v_train=tf.keras.utils. to_categorical(y_train,10) # 3t m==Z HE
v_test=tf keras.utils. to_categorical(v_test,10)

n_input=7g4d
n_hidden=1024
n_output=10



mlp=Sequentiall)

mlp.add (Denselunits=n_hidden,activation="tanh', input_shape=(n_input.) . kernel_initializer='random_uniform',bias_initializer='zeros')]
mle.add{Denseflunits=n_output.activation="tanh' . kernel_initializer='random_uniform' .bias_initializer='zeros'))

mle. compilel loss="mean_squared_error ', optimizer=Adam{ learning_rate=0.001) ,metrics=["accuracy'])
hist=mlp.fit{x_train.v_train.batch_size=128,epochs=30,val idation_data={x_test,v_test).verbose=2)

res=mlp.evaluatelx_test,v_test, verbose=0)
print("E == =", res[1]%100)

0.95
matplotlib. pyvelot plt

0.90
t HEE =4
plt.plotihist historv[ 'accuracy']) 0.85 -
plt.plotihist historvl'val_accuracy'])
plt.titlel 'Model accuracy') > 0.80
plt.vlabel( Accuracy ') g
plt.xlabel( Epoch') Sors
plt. legend(['Train', 'Validation']l, loc='upper left')
plt.arid() 0.70 1
plt.show()

0.65 A
oy w2 =4

0.60 A

—+

plt. plot(hist . histarv[ ' los=s'])
plt.plot(hist historyl['val_loss'])
plt. titlel 'Model [oss')
plt.yvlabel( 'Loss')
plt.xlabel (' Epoch')

plt. legend(['Train', 'Yalidation'],
plt.aridi)

‘plt. show()

loc="upper right')

Epoch 30730
A69/469 - 125 - loss: 0.0130 - accuracy:
_’g gr EE {9.60000276565552

0.9405 - val_loss:

Model accuracy

—— Train

Validation

0.0184 - wal_accuracy: 0.8960 - 1Z2s/epoch - ZBms/istep

10 15 20 25 30

Epoch Model loss

0.08 A —— Train

0.07 A

0.06 -

0.05 +

Loss

0.04 4

0.03 4

0.02 \

Validation

0.01 T T T T T T
0 5 10 15 20 25
Epoch

30



tanh(x/2)
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- Saturation Region

‘,Linear Region

Saturation Region 1

So=— ==y )f ) - - - (534)
o Ve

Correct Saturation
Vi = ty, 0 = 0

Incorrect Saturation
Ify, = +1and t;, = +1,6; = 0 although |t;, — yx| = 2

Incorrect Saturation of Output Nodes — Very Slow Convergence of Learning due to §;, = 0



Error Back-Propagation Algorithm: 2Xt&t= H| 1

< conv. MSE >
5k0m (X) = (tk o yk) f '(yk)
. Incorrect Saturation Problem
13 )
Em (X) = _Z(tk N yk)
24T

< Cross-Entropy Error >

S (%) =t = Vi)
. Overspecialization Problem

Eee (x) == [(1+,)In(L+y, () + (1=t )In (1 ¥, (x)) ]

k=1
< n-th order Extension of CE >

n+1 _ n
5kout (X) — tk (tzkn_1 yk)

M tn+l(t _ y )n
E  —_ kK \% Yk
e ;I 2" (1= y)A+y,)

dy,

1.8

16

14

12T

delta

08

06

04

027

— MSE
CE

nCE(n=2)
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Yk

Plotof 52" (x”)whent, =1

1



Error Back-Propagation Algorithm
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Misclassification Ratio(training pattern)
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5.5. St50f| Zest A
- =8 (Convergence)(?)... LK}7
CiO[H 2| &

SHSO|O|Ef: AlZ3|2ato| mjato|E &
- ZZHOIE: 50 2 ds &
- AYHOIE: && MY B2 3=

- 27| 7tEX| el EHel 28
- ZALB2 VHER 27| U AS(E7| RS

sedzE U
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Online, Batch and Learning with Momentum

e Online;
« SI5H|0|E{E StLM YUEHSIHAM 715X HE
« Batch:
. OMHIOIHE OI:I HotHM 75X HEATEE A L5t 2= o5 0| E{of CH
2 0|9 H ‘FL O 2 7t=X|E HA. mini-batch

. Momentum factor:
« AN IS K| HE Al O|™ HZAZZ HtHat
- S50 oot 7hEX|HIEH HE grgfo| 22t o| UA 51 ot & M

;\'u;;}- (t) =--r}§;;-h.j + aﬁ%(f— 1)

;\urjz. (t) = _-;r}ﬁ‘ghéddfgﬂjg‘_é -+ (};-_‘.\U_;ﬁ. Et — 1)
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: ?{3‘% ELUS(EXponennal Lmear Umts)i} GELUS(GauSSIan Error Lmear Umts)

'I] 7]"5‘7]_1 UC‘]L} = i< 001];\1 %H o ;11:‘;_}3} ip

ze
X _Iﬁ; 715 9] W7ol
o] o] A2} ¢hor, o}F “dead ReLU” #Aletal Jtt}, o] @3-& 3 A3}

glskol AlQkel &4 5h F=7F ELUs(Exponential Linear Units)[17]°]™, 71 <=

PN
|

N

ELL Lr:} Iafexpfx)—l)mhem-*ise S (5?31)
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:dead ReLU Tﬂ]fl S| AF ) =3, RelU %HE} H‘f r =094 F23817
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,,,,,,,,,,,,,,,,,,,,,,,, S Al ReLU Rt} ol St55 A5

o AYUEE Aotd A dHzio|r}, A (571)“] Rel U=

‘ReLUlz)=max(z,0)=zl{z > 0) - (5.7.32)
:9} ol EET = 9l 7], 12 AA T (indicator function) =M 15} 02

293ty GELUE AA®S tiald BF ol 0011 EZEWUZ ¢7b 19
GHHSSIHH S5 'E’I CDP(Cummula’qve DIStI‘Ibllt[Dn Punctmn) o) ALE
el _ o

GELU(x )—£@f£)=£%[1+eri /V2)] - (5.7.33)

Qﬂﬂﬂ%ﬂﬂﬁkﬂ%H%ﬂl-ékgﬁﬂﬂﬂ o o
GELU(z) = 0.5z(1 +tanh [ vV2/7 (z + 0.0447152%) ). - (5.7.34)

.-—é:'.g . .

o GELU(z) = 20(1.702z) ~ (5.7.35)

9} po] ZAAE LT HT. G714, o) A 163)0.2 FolA ATLmo]
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Hi BryyorProey

5-9c.py

BMNIST load (SH =20 A2 9 3rdEd. 2 AFE )
sk learn.datasets fetch_openml
mnist=fetch_openm!{ mnist_784',as_frame= )

A.ov=mnist.data.mnist . target
x_train, x_test, v_train, v_test = K[:B0000], X[E0000:]1, w[:600007,

=R 222 2=E F=I3t
FIL Image
numpy ne
img_showl img):
pil_img = Image.fromarravine.uint8(img))
pil_img.show)

ima = x_train[0]

label = v_trainl[0]

print{label) # 5

print(ima.shape) # (784,)

img = img.reshape(28, 280 # F@&E
print(ima.shape) # (28, 28)
img_show( img)

{2 ol0fA2 =232 A

0

o=z Ot=e= 2E2Als 5-9.pv JIH S
AUMDY np
tensorf low tf
tensorflow. keras . datasets
tensorflow. keras . models
tensorflow. keras. lavers
tensorflow. keras. optimizers

mnist
seduential
Cense
Acam

¥_train=x_train.astypelne. float32)/255.0 # ndarray= HE
x_test=x_test.astvpelnp.floatd2)/255.0
v_train=tf.keras.utils.to_categorical(v_train,10) # HsH DEZ H
v_test=tf keras.utils.to_categorical{v_test,10)

ot

NEL PE M
input=rg4

hiddenl=1024
hiddend=51¢
hidden3=51¢
hiddend=31%
o

iy

n_
n_
n_
n_
n_
n_output=10

v [B0000: ]
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mlp=Sequentiall)

mlp.add(Denselunits=n_hiddenl,activation="tanh', input_shape=(n_input,).kernel_initializer="random_uniform' ,bias_initializer='zeroz'))
mlp.add(Denselunits=n_hidden?,activation="tanh'.kernel_initializer="random_uniform'.bias_initializer='zeros"'))
mlp.add(Denselunits=n_hidden3,activation="tanh'.kernel_initializer="random_uniform'.bias_initializer='zeros'})
mlp.add(Denselunits=n_hiddend,activation="tanh' . kernel_initializer="random_uniform'.bias_initializer='zeros'})
mlp.add{Denselunits=n_output,activation="tanh' . kernel_initializer='random_uniform' . bias_initializer='zeros'}])

#HMEE S5
mlp.compilel loss="mean_sauared_error ', optimizer=Adam{ learning_rate=0.00005) ,metrics=["accuracy'])
hist=mlp.fit(x_train.v_train.batch_size=128.epochs=20,validation_data=({x_test,v_test),verbose=2)

g HEEe d2E =4 Model accuracy

res=mlp.evaluate(x_test,v_test,verbose=0) 098 1 — Train
printi"HEZEE= =" res[1]1+100) tos validation //’/

matplotlib. pyvplot et 0.94

hist. history['accuracy']) g
hist.history['val_accuracy']) g
title( 'Model accuracy') 088 4
plt.vlabel (" Accuracy ')

plt.xlabel( 'Epoch') 0.86 1
plt. legend(['Train', 'Validation']l, loc='upper left') Model loss

oD
—+ +
T

plt.grid() 0841 0.045 - —— Train
plt. show() validation

T T T T T T T T
0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5 0.040 -

Epoch
Az

# _tl_% [ 0.035 1
plt.plotihist history[' loss'])
plt.plotthist. historyl'val_loss'])
plt.titlel Model [oss')
plt.vlabel('Loss ')
Dlt.xlabeI('Epoch') 0.020 1
plt. legend(['Train', 'Yalidation'], loc="upper right') 0.0151
plt.aridi)

plt.show() Epoch 20420 0.010 ~ "\—_\
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5-10c.py

EMMIST load (2=

sk learn.datasets

&2 g 3rded. 2 E

APE )
fetch_openml

mnist=fetch_openm!|{ 'mnist_784',as_frame=

A.v=mnist.data.mnist . target

*_train, x_test,

fotol =z Mt =

2

v_train,

yv_test = ¥[:B0000],

EAZ 5-10.py 2tH S

AUmey ne

tensorflow
tensorflow. keras
tensorflow. keras
tensorflow. keras
tensorflow. keras

tf

.datasets mnist
.mode | s sequential
lavers Cense
optimizers Adam

w_train=x_train.astvpelnp.float32)/255.0 § ndarrav=

x_test=x_test . astvpelnp.floatd2)/255.0 )
v_train=tf.keras.utils.to_categorical(yv_train,10) # HE!
v_test=tf . keras.utils.to_categorical{v_test, 10}

#AMEE 5= 43
n_input=7d4
n_hidden1=1024
n_hiddenz=512
n_hidden3=512
n_hiddend=512
n_output=10

#[B0000: ],

o &

[

v[ 1600007,

=z H

oy

v [B0000: ]



#ESHES2AE ATESH BE
dmlp_mse=Sequential ()

dmlp_mse. add{Densel{units=n_hiddenl,activation="tanh', input_shape=(n_input,)})

dmlp_mse.add(Denselunits=n_hidden?,activation="tanh'))
dmlp_mze.add(Denselunits=n_hidden3,activation="tanh'))
dmlp_mse.add(Denselunits=n_hiddend,activation="tanh'))
dmlp_mse. add(Denselunits=n_output,activation="softmax'))

dmlp_mse.compilelloss="mean_saquared_error ', optimizer=Adam{ learning_rate=0.0001) ,metrics=["accuracy'])
hist_mse=dmlp_mse.fit{x_train.v_train.batch_size=128.epochs=30,validation_data={x_test,v_test),verbose=2])

fuit AEZILE MES ZE
dmlp_ce=Sequential ()

dmlp_ce. add{Denselunits=n_hiddenl,activation="tanh', input_shape=(n_input,)))

dmlp_ce. add({Denselunits=n_hidden?,activation="tanh'))
dmlp_ce.add(Denselunits=n_hidden3,activation="tanh'))
dmlp_ce.add(Dense(units=n_hiddend,activation="tanh'))
dmlp_ce.add (Denselunits=n_output,activation="softmax'))

dmlp_ce.compilelloss="categorical _crossentropy',optimizer=Adam{ learning_rate=0.0001),metrics=["accuracy'])
hist_ce=dmlp_ce.fit{x_train.,v_train.batch_size=128,epochs=30,validation_data=(x_test,v_test), verbose=2]

#F 2o HEE H W
res_mse=dmlp_mse.evaluate(x_test, v_test,verbose=0)
printt"E AR E2xe E=H=EZ" res_mse[1]+100)
res_ce=dmlp_ce.evaluate(x_test,v_test,verbose=0)
printl"wal MEZD 2 HZHEZ" res_cel1]+100)

# otlte] 2=l F 22 E H W
matplotlib. pyvelot Pt

plt. plotthist_mse. history[ 'accuracy'])

plt plotthist_mse history['val_accuracy'])

plt.plot(hist_ce history['accuracy'])

plt . plotihist_ce. historv['val_accuracy'])

plt.title{ 'Model accuracy comparison between MSE and cross entropy')

plt.ylabel( boccuracy ')
plt. xlabel( Epoch ')

plt. legend({['Train_mse', 'Validation_mse', 'Train_ce', 'Walidation_ce'],

plt.oaridi)
plt . show!)

loc="hest ")



Model accuracy comparison between MSE and cross entropy
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