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1.3

7€ X T tanh(x), sigmoid(x), RELU(x),

RELU3 (x) VYRR p& S 5 8. AE AR
¥ 554 B R R T aa e an -

#H & SMERAL
def WandBInit(layers):
weights=[ ]
thetas=[]
for i in range(len(layers)-1):
weights_append(2*(np.random.rand(layers[i+1],layers[i]))-1)
thetas.append(2*(np.random.random(layers[i+1]))-1)
thetas[i]=np.asmatrix(thetas[i]).T
return weights,thetas

S Tk R N R

#TNERGREY
def backpropagation(weights,thetas,activation,activation_deriv,x,y):
serror BN GHNER —NFANELFEY, T SHAGHHEETR, TEXHT
#ETREGEL, BWHHREFER Ay _pred-y_true, HfaE-BLE
error=@
y_true=propagation(weights, thetas,activation,x,1)
for i in range(len(y)):
error+zy_true[i][8]-y[i]
n_w=len(weights)
= |#F —FHTEEE G g, AP
Ke[ ¢ F —FELWEZHHHS, UWHAEFE
dweights=[ 1#35 % &1L & 17 B 8140 Fuds s
dthetas=[ 1##1 % &L G0 15 Eb iy P 5|
delta=[ 1#31 % ALY F —FHAPLE G
for i in range(n_w):#4/5 #E A EFHH
if i==0:
z.append(np.dot(weights[i], x) +thetas[i])
K.append(x)
delta.append(x)
else:
z.append(np.dot(weights[i],activation(z[i-1]))+thetas[i])
K.append{activation(z[i-1]))
delta.append(activation(z[i-1]))
for i in range(n_w-1, -1, -1):#/2# £ Sdelta
if imen_y-1:
deltali]
else:
delta[i]

= np.multiply(error,activation_deriv(z[i]))#/ &delta’n

= np.multiply(np.dot(weights[i+1].T, delta[i+1]),activation deriv(z[i]))
|4t ot £ 75 BV F fdel ta
for i in range(n_w):#{852 HH 2
dweights.append(np.dot (deltali], K[1i].T))
dthetas.append(delta[i])
return dweights, dthetas

BRI RO AL B B R

#ENBE FEELE
def GD(weights,thetas,layers,X,Y,k, learning_rate,activation,activation deriv):
perf=0#perf &5 # 5%
ddweights=[ |# ZH X E
ddthetas=[ |# B4 E
for i in range(len(layers)-1):#B4f #7484
ddweights.append(np. zeros((layers[i+1], layers[i])))
ddthetas. append(np.zeros(layers[i+1]))
ddthetas[i] = np.asmatrix(ddthetas[i]).T
for j in range(int(X.shape[1])):
input = np.asmatrix(X[:,j]).T
output = propagation(weights,thetas,activation,input,1)
y = np.asmatrix(Y[:,3]).T
error = y - output
perf += 1.8/2 * np.sum(np.multiply(error, error))#iy 7 i8E 45 @t
dweights, dthetas = backpropagation(weights,thetas,activation,activation deriv,x,y)
for i in range(len(weights)):#EH 4
ddweights[i] += k * 1.9/len(X)*learning_rate * dweights[i
ddthetas[i] += k * 1.9/len(X)*learning_rate * dthetas[i]
for i in range(len(weights)):#47/&
weights[i] += ddweights[i]
thetas[i] += ddthetas[i]
return perf,weights,thetas

HI 0 A% 4k DL b Al 8 A0 B35 220 I AR A
b %o
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5l H J& 4 #| Wtrain-imagess¢
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DR, T LU A 3 O AT U
TFADAM, HibFE b i T — H4Bf A

HATHENLIN SR, HERERTGD. Kk
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W 2% 244 [784,256,128,1]

B PR AL sigmoid

N A k=10

oS p: 0.1
BB 4 i T m=1
EAIREL 1000

H od X FGDik B AT1%00 % 4,
SGD5ADAM &4 s .
M 28 B TSCGDS5ADAME

ARENLIE, & HGDIE ML E, W%
SR N W R R E>, M

SRS R — 2 ERZE, MR
(B~ a9 o DRI ] DA3de 3 = b I 2% /2 4
[784,256,1],[784,256,128,1],[784,392,196,49,1] -
HAZE T

AL FL GD
B PR AL sigmoid
L ON R k=10
o E 0.1
B 1 | m=1
IEAIREL 1000

RO R E WO R IR
Ug A, 4 5l ANtanh, RELU,
RELU3. X}-Ftanh5sigmoid & B K A% 5
B ikk=10, HRMW AN k=1807T, HfS%
W

sigmoid,

A GD
W 2 22 44 [784,256,128,1]
2B P 0.1
BB 4 T 1 m=1
ERIREL 1000

M UE T L & PR RERUEE I 24, (=
e R RN, BONSA AR RE
BLPE, B % 26 A BT AN 400t X A o

KA, HNEHEEHIEEAR G G R,
1.5 ZHRILC=

HIAEH], UL T IR AL IR
REAR BB OB, (E 2 DUR LA 5
Bz X 5.

DR AL SV AR e
Epoch 994: Loss = 210.0288838145937
Epoch 995%: Loss = 2@9.8194445266820848
Epoch 996: Loss = 209.61920315823828
Epoch 997: Loss = 2@9.41929298312945
Epoch 998: Loss = 209.21969359561835
Epoch 999: loss = 289.82842465163439
Epoch 95@: Loss = 919.8444236971885
Epoch 96@: Loss = 787.0678279017072
Epoch 97@: Loss = 803.1193932931988
Epoch 988: Loss = 884.1280940442069
Epoch 998: Loss = 910.0213626553469
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Epoch 996: Loss = 865/7.5
Epoch 997: Loss = 8289.5
Epoch 998: Loss = 8239.0
Epoch 999: Loss = 8086.5

H_Eifi F&CHGD, SGD, ADAM=
FRAOLAL B R EARE DL, BT X4 R R
B EUEARE . ADAMEUE RN H 702
+MSGDEL H 43 2 —, R Z 1A B &
. SGDEHADAM U SkIE FE AR 5 1Sk
MGDA B WS Y SIOH FESGD A2 fix T
(17, T GDJE f% 18 1 (40 2R DL A4 3B £ 4 Skl
) o

= & 7 R B HE R R K IR
7H0.2447,0.2485,0.2515, GD Il 25 4 K
N, ZACRE IS, W Rk AR AN 3
g gk, IZRmt e R, FE9R KK,

H2— E%%Wﬁﬁ—AﬁﬁL%ﬁ
SAGIEAUH PR, &AL B RHE, Hif
%%&ﬁﬂoMMM%@%$mm,ﬁ%
ol sy, PmTHASREREE
{UE=RFIF LR
DN CETESEA TSR S
Epoch 994: Loss = 218.08280038145937
Epoch 995: Loss = 209.819444592682848
Epoch 996: Loss = 2089.61920815833838
Epoch 997: Loss = 2@89.41929298312945
Epoch 998: Loss = 289.215698599818385
Epoch 999: Loss = 2089.02042465163439
Epoch 995: Loss = 7957.346738689841
Epoch 996: Loss = /523.692390601167
Epoch 997: Loss = 11524.901873726467
Epoch 998: Loss = 11348.591088827683
Epoch 999: loss = 18784.542183668599
Epoch 995: Loss = o289.8
Epoch 99&6: Loss = 6289.0
Epoch 997 : Loss = 6289.8
Epoch 993: Loss = 6289.0
Epoch 999: Loss = &2@9.8

Epoch 995%: Loss Saa9 .o
Epoch 996: Loss = c@a@9.a
Epoch 997: Loss = &@@9.a
Epoch 998: Loss = o2a@9.8
Epoch 999: Loss 5aa9 ..

K ¥R Hsigmoid,tanh, RELU,RELU3A
WO R BON N IE S . AR,

RELUSRELUSYE N #0E ok F T,
NFEIEIR, fERZICRAM, TRESEdEE
HEA K, WalaefsFikRe i E il
T, HRMhAHE.

Xftanh B, HIEARIS R LAERY

l%‘\ /% Iz/é

FRAET000 12000107 X (8] N R, GHZEABE
ETV HEW N AZ A2 27 2] R B E R &

R, ORGSR E ON0.01, B IRG

Epoch 995: Loss = 2970.667548326755
Epoch 996: Loss = 2592.9146275539733
Epoch 997: Loss = 2969.613239988594
Epoch 998: Loss = 2592.14@719728677
Epoch 999: Loss = 2968.55248279963596

RIVEER W FUR BN T, (H2TIR1F
TEPRG ARSI S, Pi W 2 31 R AT R =
RN G b A o O 70 S N N 8
L&%%Tmm@ﬁﬁiji%m@i

&R T8N IR, X WA S S
g, HETRW, & 2&sigmoidEBEHR LT
DA 2% S H0 AR 5
Epoch 995: Loss = 828.978839980209
Epoch 996: Loss = 75@.9533274225571
Epoch 997: Loss = 828.3851932309572
Epoch 998: Loss = 750.281835245485
Epoch 999: Loss = 827.6397561278371
Epoch 994: Loss = 212.2280038145937
Epoch 995: Loss = 209.81944492602848
Epoch 996: Loss = 2089.61928815833838
Epoch 997: Loss = 209.41929298312945
Epoch 998: Loss = 209.21969859901885
Epoch 999: loss = 289.22842465163439
Epoch 995: Loss = 273.0550110958664
Epoch 996: Loss = 272.7778542055008
Epoch 997: Loss = 272.5810582501921
Epoch 998: Loss = 272.224622911083255
Epoch 999: Loss = 271.94854786671107
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H i KRN [784,256,1],  [784,256, o
128,1], [784,392,196,49,1]% B[R #2.
R LVR L, MG %R, R
R, SR, PERERLT,
{EL A L ) A R A BT A B2 1A T 1) 8 22 ;
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0.1489 .
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0.2447
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09.3215
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FOG SR B, SR R A
W) Ere W SRRN R R AR SR IE,
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ZRBIRER/AN . BFELE R, R E
eI rh (784,256,128, 1) 55

=i "
g5 1, fE = ANERAR ML R
T, 3% $[784,256,128,1], sigmoid iiF K .,
B, ADAMAR AL SLE HO A AL S, (i
T NI SCE RS, R, I 76 3% 4
B,

HABIIZ SN KA Hk=10, 4 -
B Fm=1, 2£31%0.1, %A%KE10000 UL
B, -

19

1.6

12
13
!

50
51

1.7 REBHIF w

| | import numpy as np 54
import struct 55

. |def tanh(x):

; |return np.tanh(x) 57
¢ |def sigmoid(x): 58
7 |return 1.0 / (1 + np.exp(-1.0%x)) 59
s | def RELU(X) . 60

return np.maximum(0,x)

def RELU3(x):

return np.multiply(np.multiply(
RELU(x) ,RELU(x)) ,RELU(x))

def tanh_deriv(x):

return 1.0 - np.multiply(tanh(x),
tanh(x))

def sigmoid_deriv(x):

return np.multiply(1.0 - sigmoid(x
), sigmoid(x))

def RELU_deriv(x):

return x>=0

def RELU3_deriv(x):

return 3.0 * np.multiply(RELU(x),
RELU(x))

def WandBInit(layers):

weights=[]

thetas=[]

for i in range(len(layers)-1):

weights.append (2% (np.random.rand(
layers[i+1],layers[i]))-1)

thetas.append (2% (np.random.random(
layers[i+1]))-1)

thetas[i]=np.asmatrix(thetas[i]).T

return weights,thetas

def propagation(weights,thetas,
activation,x,k):

temp = X

for i in range(len(weights)):

temp=activation(np.dot (weights[i],
temp) +thetas[i])

z = kxtemp

return z

def backpropagation(weights,thetas
,activation,activation_deriv,x,
y,k):

error=0

y_true=propagation(weights,thetas,
activation,x,k)

for i in range(len(y)):

error+=y_true[i] [0]-y[i]

n_w=len(weights)

z=[]

K=[]

dweights=[]

dthetas=[]

delta=[]

for i in range(n_w):

if i==0:

z.append (np.dot (weights[i], x) +
thetas[i])

K.append (x)

delta.append(x)

else:

z.append (np.dot (weights[i],
activation(z[i-1]))+thetas[i])

K.append(activation(z[i-1]))

delta.append(activation(z[i-1]))

for i in range(n_w-1, -1, -1):

if i==n_w-1:
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deltal[i] = np.multiply(error,
activation_deriv(z[i]))

else:

deltali] = np.multiply(np.dot(

weights[i+1].T, deltal[i+1]),
activation_deriv(z[i]))
for i in range(n_w):
dweights.append(np.dot(deltalil, K
[i]1.T))
dthetas.append(deltali])
return dweights, dthetas

def GD(weights,thetas,layers,X,Y,k
,learning_rate,activation,
activation_deriv,m):

perf=0

ddweights=[]

ddthetas=[]

for i in range(len(layers)-1):

ddweights.append (np.zeros((layers[
i+1], layers[il)))

ddthetas.append(np.zeros(layers[i
+11))

ddthetas[i] =
(il).T

for j in range(int(X.shape([1])):

input = np.asmatrix(X[:,j]1).T

output = propagation(weights,
thetas,activation,input,k)

y = np.asmatrix(Y[:,j1).T

error = y — output

perf += 1.0/2 * np.sum(np.multiply
(error, error))

dweights, dthetas =
backpropagation(weights,thetas,
activation,activation_deriv,
input,y,k)

for i in range(len(weights)):

ddweights[i] += m * 1.0/len(X)=*
learning rate * dweights[i]

ddthetas[i] += m * 1.0/len(X)*
learning_rate * dthetas[i]

for i in range(len(weights)):

weights[i] -= ddweights[il]

thetas[i] —-= ddthetas[i]

return perf,weights,thetas

np.asmatrix(ddthetas

def SGD(weights, thetas, layers, X
, Y, k, learning rate,
?ctivation, activation_deriv, m

perf = 0

ddweights = []

ddthetas = []

for i in range(len(layers) - 1):

ddweights.append (np.zeros((layers[
i + 1], layersl[il)))

ddthetas.append(np.zeros(layers[i
+11))
ddthetas[i] =
(il).T
rand_X = np.arange(X.shape[1])
np.random.shuffle(rand_X)
n = int(X.shape[1] / 100)

np.asmatrix(ddthetas

104

105

106

111
112

114
115
116
117

119

for j in range(n):

input = np.asmatrix(X[:, rand_X[j
1.7

output = propagation(weights,
thetas, activation, input, k)

y = np.asmatrix(Y[:, rand_X[j11).T

error = y - output

perf += 1.0 / 2 * np.sum(np.
multiply(error, error))

dweights, dthetas =
backpropagation(weights, thetas
, activation, activation_deriv,
input, y, k)

for i in range(len(weights)):

ddweights[i] -=m * 1.0 / n *
learning_rate * dweights[i]

ddthetas[i] -=m * 1.0 / n *
learning_rate * dthetas[i]

for i in range(len(weights)):

weights[i] += ddweights[i]

thetas[i] += ddthetas[i]

return perf, weights, thetas

def ADAM(weights,thetas,layers,X,Y
,K,learning_rate,activation,
activation_deriv,m,epochs,mw,
mtheta,vw,vtheta):

perf =0
beta2 = 0.999
betal = 0.9

epsilon = 0.00000001

ddweights = []

ddthetas = []

for i in range(len(layers)-1):

ddweights.append(np.zeros((layers[
i+1], layers[il)))

ddthetas.append(np.zeros(layers[i
+11))

ddthetas[i] =
(i]).T

rand_X = np.arange(X.shape[1])

np.random. shuffle(rand_X)

n = int(X.shape[1]/10)

for j in range(n):

input = np.asmatrix(X[:,rand_X[j
1.7

output = propagation(weights,
thetas,activation,input,k)

y = np.asmatrix(Y[:,rand_X[j]1).T

error = y - output

perf += 1.0/2 * np.sum(np.multiply
(error, error))

np.asmatrix(ddthetas

dweights, dthetas =
backpropagation(weights,thetas,
activation,activation_deriv,
input,y,k)

for i in range(len(weights)):

ddweights[i] += m * 1.0/n *
dweights[i]

ddthetas[i] += m * 1.0/n * dthetas
[i]

for j in range(len(weights)):

mw[j] = betal*mw[j] + (1-betal)*
ddweights[j]
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146

149

150

156
157
158
159
160
161

163

164

165

166

167

168

169

170

vw[j]l = beta2xvw[j] + (1-beta2)*np
.multiply(ddweights[j],
ddweights[j]1)

mtheta[j] = betal*mtheta[j]l + (1-
betal)*ddthetas[j]

vthetal[j] = beta2+vthetal[j]l + (1-
beta2)*np.multiply(ddthetas[j],
ddthetas[j])

mwHat = mw[j]/(1 - betalx*epochs+
epsilon)

vwHat = vw[j]/(1 - beta2x*epochs+
epsilon)

mtHat = mthetal[j]l / (1-betalxx

epochs+ epsilon)

vtHat = vthetal[j] / (1-beta2*x
epochs+ epsilon)

weights[j]l+= learning rate * np.
multiply(mwHat, 1.0/(np.sqrt(
vwHat) + epsilon))

thetas[j] += learning rate * np.
multiply(mtHat, 1.0/(np.sqrt(
vtHat) + epsilon))

return perf,weights,thetas,mw,vw,
mtheta,vtheta

import matplotlib.pyplot as plt
import gzip

def get_data():

train_image = r"E:\pycharm\
pythonProjecti\data\fashion\
train-images-idx3-ubyte.gz"

test_image = r"E:\pycharm\
pythonProjecti\data\fashion)\
t10k-images-idx3-ubyte.gz"

train_label = r"E:\pycharm\
pythonProjecti\data\fashion\
train-labels-idxl-ubyte.gz"

test_label = r"E:\pycharm\
pythonProjecti\data\fashion\
t10k-labels-idx1-ubyte.gz"

paths = [train_label, train_image,
test_label,test_imagel

with gzip.open(paths[0], ’rb’) as
lbpath:

y_train = np.frombuffer (lbpath.
read(), np.uint8, offset=8)

with gzip.open(paths[1], ’rb’) as
imgpath:

x_train = np.frombuffer(

imgpath.read(), np.uint8, offset
=16) .reshape (len(y_train), 28,
28)

with gzip.open(paths[2], ’rb’) as
lbpath:

y_test = np.frombuffer(lbpath.read
(), np.uint8, offset=8)

with gzip.open(paths[3], ’rb’) as
imgpath:

x_test = np.frombuffer(

imgpath.read(), np.uint8, offset
=16) .reshape (len(y_test), 28,
28)

return x_train, y_train, x_test,
y_test
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class_names = [’T-shirt/top’, °’

Trouser’, ’Pullover’, ’Dress’,
’Coat’,
’Sandal’, ’Shirt’, ’Sneaker’, ’Bag

>, ’Ankle boot’]

train_images,train_labels,
test_images,test_labels=
get_data()

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

for i in range(25):
plt.subplot(5,5,i+1)
plt.xticks([])

plt.yticks([])

plt.grid(False)
plt.imshow(train_images[i], cmap=

plt.cm.binary)
plt.xlabel(class_names[

train_labels[i]])
plt.show()

train_images = train_images.
reshape (60000, 784).T

train_labels = train_labels.
reshape (1, 60000)

test_images = test_images.reshape
(10000, 784).T

test_labels = test_labels.reshape
(1, 10000)

train_images =
255.0

test_images =

train_images /
test_images / 255.0

layers=[784,392,198,49,1]
weights,thetas=WandBInit(layers)
weights_copy=weights
theta_copy=thetas
print(train_images[1].shape)
m=np.asmatrix(train_labels[0])
print (m)

train_images_GD=train_images

[:,:600]
train_labels_GD=train_labels
[:,:600]

test_images_GD=test_images[:,:100]
test_labels_GD=test_labels[:,:100]

mw=[]

mtheta=[]

vw=[]

vtheta=[]

for i in range(len(layers)-1):

mw.append (np.zeros((layers[i+1],
layers[i])))

mtheta.append (np.zeros(layers[i
+11))

mtheta[i] = np.asmatrix(mthetali])
.T

for i in range(len(layers)-1):

vw.append (np.zeros((layers[i+1],
layers[i])))

vtheta.append(np.zeros(layers[i

+11))
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vthetal[i] = np.asmatrix(vthetali])
.T

epochs=1000

for epoch in range(epochs):

perf, a, b=GD(weights,thetas,
layers,train_images_GD,
train_labels_GD,10,0.1,sigmoid,
sigmoid_deriv,1)

weights=a

thetas=b

print (f"Epoch {epoch}: Loss = {
perf}")

pred=[]

perf=0

n = int(test_images.shape[1]/100)

rand_X = np.arange(test_images.
shape[1])

for j in range(n):

input = np.asmatrix(test_images[:,
rand_X[j]1).T

output = propagation(weights,
thetas,sigmoid, input,10)

y = np.asmatrix(test_labelsl[:,
rand_X[j]11).T

error = y - output

perf += 1.0/2 * np.sum(np.multiply
(error, error))

print (perf)

for j in range(int(test_images.
shape[1])):

input = np.asmatrix(test_imagesl[:,
jb.T

10

output = propagation(weights,
pred=np.append (pred,round (float(
count=0

for i in range(int(test_images.
if pred[i]==test_labels[0] [i]:

count+=1
print(count/test_images.shape[1])

thetas,sigmoid,input,10)

output [0,0])))

shape[1])):
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