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Logistic Regression 1- —p—
ZERASS SKENE FE. B, /
BRI SHN e IR R —, 0.5,
o (D)RF—NERINBEREL (logistic function) /
JSTZERZEL (Sigmoid function) -le _:I //_12 o ; :1 ;—,
z=wlx +b

, _ 1
W: o) = 156=2 Yo () AFEZEF0.50, Flly=1
ik, HIMERZIEEIIEERITRE: 5 (2)/NF0.50F, T y=0

L(¥,y) = —ylog(® — (1 — y)log(1 — )
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L(9,y) = —ylog(®) — (1 — y)log(1 — 9)

y FESL(E

- J
AT EHERXEREPIGER LROFRIANE, HNFTEEX —IMEFZRNTER
&, FERMCUNMEREEX m NN AIRR R ECRANZAFFRLAM:

AN RS

1 A (D) ] A (D)
Jw,b) = =37 L (57 ,y®) =25 (—=y®logh™ — (1 - yO)log(1 - $™))
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Lﬂﬂé@?ﬂ L(:V:)’) g a=§\/ J
L(y,y) = L(a,y) = —ylog(a) — (1 — y)log(1 — a)
z=wlx+b

dL(a,y) dL da

AN == () (D), B =a-(1-a),

dl(ay) dL _ .y , (1-Y)
I da _da_( a (1—61))'

dL(ay) _ dL _ (dL da Yy (1 y) _ _
dz = dz  dz (da) (dz) ( + ) a(l a) —4TY

XCRHXPRIAESE, 152
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Lﬂﬂé@?ﬂ L(:V:)’) g a=§\/ J
L(y,y) = L(a,y) = —ylog(a) — (1 — y)log(1 — a)
z=wlx+b

dL(a,y) dL da

AN == () (D), B =a-(1-a),

dl(ay) dL _ .y , (1-Y)
I da _da_( a (1—61))'

dL(ay) _ dL _ (dL da Yy (1 y) _ _
dz = dz  dz (da) (dz) ( + ) a(l a) —4TY
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EHEE NE (Batch Gradient Descent,BGD)
HE NERE—2, EREITAERNIEER

fEH 115 E RiE (Stochastic Gradient Descent,SGD)

BE MENE—2H, BE—IHEX, £5—XTRZ/E
EEFS . MAFEETRHRIERIIIZRERA]

N ERE RFE (Mini-Batch Gradient Descent, MBGD)

BE NERE—2F, RRT —EHEZrIZERN




HE TRER=MEI

I=EETIE (Batch Gradient Descent)
HBENENE— P, #SBARTRERNIIZER
= SR S

SEEH —‘ I , |
1

m |
Wj.= Wwj — Clgz ((h(x(l)) — y(l)) . xj(i))
=1

(B EFHw, , (j=0,1,..,n))
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FEHEEE TBE (Stochastic Gradient Descent)

aJ(w)
Sw=w-— (X'W h(x) = wlX = woxg + wixy + wyxo+... +wyx,
1 . .
Jw) =5 (h(x®) = y©)’
d 1
N = (i) (D))" — — (1) (1) (1) (i)
w0 = 305 (M) =) = 25 (1(x0) = y0) - 3o (h(x?) = 50)

= (h(x®) = y®). S (z(wlx(o ya)))

= (h(x®) — y®)x,®
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FEHEEE TBE (Stochastic Gradient Descent)
BE MENS—2H Bl—MER, EB—XTEZEEEFHSE, A
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(BE£EHw; , (7=0,1,..,n))
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IMEEREE TFE (Mini-Batch Gradient Descent)

BE NERE—2®, ART7T —EERgEAR

BT EBEHXEGRER, EEF—RSH w

SEEFh /bzl (BiEW%E‘FB%,SGD)\
b=m thiﬁgr__ltlx BGD)

l+b 1 b=batch_size, 1BER208
_ 4 (k) 2=, %)m%sz 64,128%:,
T z (h(x) =y (/ML BHSEE TR, MBGD)

(l__IyETﬁW] (] 0,1,.,n))
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IMEEREE TFE (Mini-Batch Gradient Descent)

BE NERE—2®, ART7T —EERgEAR

BT EBEHXEGRER, EEF—RSH w

SEEFh /bzl (BiEW%E‘FB%,SGD)\
b=m thiﬁgr__ltlx BGD)

l+b 1 b=batch_size, 1BER208
_ (k) 2=, %)m%sz 64,128%:,
T z (h(x) =y (/ML BHSEE TR, MBGD)

(l__IyETﬁW] (] 0,1,.,n))
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J(a,b,c) =3(a+ bc),a=5>b=3,c=2

u = bc

/v=a+u

J = 3v

u 6
% 11
Ji 33
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J(a,b,c) = 3(a + bc) g _ddv 4] _djdu 4] _ djdu
du dv du db du db da du da

v=a+u ] = 3v
a S 5.001 |5.002
u 6 6.001 | 6.002
a4 _ 5 dv _ v 11 11.001 |11.002
dv ' da Ji 33 33.003 |33.006
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PyTorch 23 #555ER, HLAEHTEENEHT

TensorFlow EXEFFHFSER, fFE2EITREZa, ToiiTia
$2 ( TensorFlow 2. X5|\NT&E )
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TensorFlow SEERRTEHILT
HEZE, BERERAES

N, D, H = 64, 1000, 100

x = tf.placeholder(tf.float32, shape=(N, D))
y = tf.placeholder(tf.float32, shape=(N, D))

w tf.vVariable(tf.random normal( (D, H)))
tf.variable(tf.random normal((H, D)))

o
w2 =
h = tf.maximum(tf.matmul(x, wl), 0)

y_pred = tf.matmul(h, w2)

diff = y pred - y

loss = tf.reduce mean(tf.reduce_sum(diff ** 2, axis=1))
grad wl, grad w2 = tf.gradients(loss, [wl, w2])

learning_rate = le-5

new wl = wl.assign(wl - learning_rate * grad_wl)
new w2 = w2.assign(w2 - learning_rate * grad w2)
updates = tf.group(new wl, new_w2)

with tf.Session() as sess:
sess.run(tf.global variables_initializer())
values = {x: np.random.randn(N, D),
y: np.random.randn(N, D),}

losses = []
for t in range(50):
loss_val, _ = sess.run([loss, updates],

feed dict=values)

BIEE
\

PyTorch: B ERIEZERIE
F— PRI REER

import torch

N, D_in, H, D out = 64, 1000, 100, 10

x = torch.randn(N, D_in)

y = torch.randn(N, D out)

wl torch.randn(D_in, H, requires_ grad=True)
w2 torch.randn(H, D _out, requires_grad=True)

learning rate = le-6

for t in range(500):
y_pred = x.mm(wl).clamp(min=0).mm(w2)
loss = (y_pred - y).pow(2).sum()

loss.backward()

BRIAPRIEE
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W_h = torch.randn(20, 20, requires_grad=True)
W _x = torch.randn(20, 1@, requires_grad=True)
x = torch.randn(1, 10)

prev_h = torch.randn(1, 20)

h2h = torch.mm(W_h, prev_h.t())
i2h = torch.mm(W_x, x.t())
next h = h2h + i2h

next_h = next_h.tanh()

loss = next_h.sum()
loss.backward()
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import numpy as np #FAnumpy/E
)

a = np.array([1, 2,3,4]) #6/&— 1 4i#5a

o 207 ARSI ER = Av,
1

B FEPERIZNEN R u; = 2 Aijvi,
import time #—F ALy /a/4

a = np. random. rand (1000000) =Y —
b = np. random. rand (1000000) ##EH L roundfEH]FZL)F1~— F /748 /2 19204 %E' El—ﬁli{’t*ijb r U =Np. Zeros(n’ 1) d
tic = time. time () #B M E— FZE7H7/E]

HE B HHRBEEWERIfor(): for()):, 1BF|

¢ = np.dot(a,b)

= time. time () . . R . RN
;i(l?l'l't (:[‘?'ZStJoEll"?zed version:’ + str(1000%(toc—tic)) + ms’) #77HI— F/HE/HIREFIA] ] u [l] =u [l] + A [l] []] *V []] ° EW_,EE}DET
7 PR, IR

tic = time. time()
.. E A3 T IS \
for i in Ea?geélpOOOOO): ﬁi{%ﬁﬁ&l}[)ﬂl’l%u = 'np dOt(A’ v) ,
c += alil*b[i]
toc = time. time()
print (c)
print ( For loop:’ + str(1000%(toc—tic)) + ’ms’ ) #77HIfordEFHiMk K HIET 4]

Vectorized version:32.90534019470215ms

9250144. 2759995963 — o

For loop:718. 0795669555664ms iEﬁE1’KH&2|§E"JfOF?E%1%§TjC§71 8
Z8, PEUhRAEE T KA33=FR),
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np.arange[E} +5
= ' ; A e 7
0 1 2 + 5 A S = 5 & -

& A | —
111 |1 011 |2 1|2 |3

R N A R EE E N

11111 LN T 1 |2 | 3

5 b & L !

np.arange(3).reshape((3. 1)) + np.arange(3)

o |Jo i i IRENES o |1 ]2
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1. IAN GOODFELLOWZ, (FEFX) , AKHRELhRtt, 2017
2. Andrew Ng, http://www.deeplearning.ai
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