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WHERANRIEA X1, Xo, ..., X, FHEENIRA— NI EEHIE (mini-batch) . RIgHFAHE
m BN, FNHIE VCx, WFHERBMESFTEN VC, BIFE, 8,

m - n N

XEME ZPRMFTSEBEREMGEE LHTH. SSRMBIITFE

vC (18)

1 m
VO~ — z; VCy, (19)
]:

UESR T FATR] LUBE (O B RENLEE B/ )t SRR E R (G B RIARI R

AT REBRANEENERF IEBRRER, Rig w, M b RREA EENEPNENRE,.
RN N fEiE i e e BRI 2R A N RO/ it 8 BER T A1F,

dC'x,
wk%wfgzwk—%g 8wkj (20)
J
dCx,
!/ _Q X]
b= b=t~ T (21)

‘SRR L, BESERIZRI—¥, BN §°C/0v;0v: = 9°C/Ov,dvje FIFE, (REEEAM.
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HehR RN S BE SV NMEEETEFFEIISEER X; #1780, ARHITBINES
MEE R EHIERIIZG. BERIFMBT TEIIZAAN, ZRIFNTR T —MIIGZRER
#i (epoch) . RAEFNIEEFIB—THETRIIIZRERHE,

FIMERR—T, XNFTREANRBANNSER, NATHENENRER NMEBUENE
AN, 2BETENAE, £H12 (6) F, BRITBIETF 1 RATEMINREHK ). AM1B
BHMEZBE 1, BEREEMIGFEANANSM, MARITEE, XK RERRTAE])IZk
PEHENB R THINER. fli, XAELREEEBEZMIGEIEZENNENBERT. [
B, /N LEEUENERAN (20) F1 (21) BB FIEN L. MIBEX2E—RK3), E
NEENTHRE T EIRE n AN EBENRELIEHITIFANLLN, FENEES.

FATATLUEREAEE TEBRN—AREIFE : £ MEEEHE LR — DB R
EHTHE NEOMBERHZES, EHT - ARBEPELET -—R2REEEZER . HIU,
INRFAVE—THRN n = 60,000 BIJIZREE, FLE MNIST, FEEUVEEDRE XV m = 10,
XEFREEGESELZEFINRT 6,000 &F! HA, XMEEHFARTEN—FERITKE
—EREBERE. HNLFEROBNBER MDA LESHRELD O, MXBWERIITEEME
ERRHITE. ERiF, BIBE TREEFZNENFE IR ZER. +oBMATEK,
EERABRERITBIRSERF SRR E A,

%3

- BBE NEEE— MURIMRARIE M EEIRN A/INE R 1. B, BRIg— NGB 2,
(ITHZERIN wy, — w), = wy, — nOC,/Owy, F by — b = b — ndC,,/Ob; BIBAINEFR
B, REFNMERS—MIERAN, B—AEIMNENRE, ItEE, X MIEHETN
4. online. on-line. EBEF ], 7£ online FSJ, BEMEE— N REFES]—
MmN (EWAEME) . WEEEB—N 2K/ 20 BFEVEE TFE, 5
BIEF S — MR — MRS

DI — DL RIEEAREEE TR ARRBER SEXEOIRNE. EEEMED,
MR C B— PR TARENENRENZTTRA, REERMEX EXR, RE— 1 a4%s
BEXT —PFHEH. BEAFGEEBOME: I8, ROMBBRATCZHEE" MWII=H
YRR “BRARBREINAETE, EABIRAE (RELBHH) . BTAEMITRDEMRE
B BFERTERBRES? SRR BMERZERT WA F RO ERR HIO4E B A
Fo MBI, BY BRHEENAERBEAET A4S, ENIAN] EEFIMEAIAREE, 3
AR (MARER) #E AC KITBENETNAEEL C BL. BBLEETRESHERIARL
BEEESBETZTRBNRARANRE; RNPIABKIGEE—MIF. XERKRAEZBET]
SJBTEE =LA AR SR, BE—BIRUREXFIIRIRE, MEEBBEMBNTESH%ER,
HABEXEFART, NRIRRKE, RA LR PR T TR FRINEEE 54
ITit. HBINTIEHN—ERARRZERES, BRESZRFHNATERLRENH S ZIEMEAT,
ERAEBEALE R,

1.6 SEEBHNBMERD EKEF

g8, MAUFMNE —N2IMAIRGFERFIE, ERMIEE FEEIEM MNIST
YEEE. T IFZME—HEIEZIRI MNIST k. NRIRE—1 ¢it AR, ABAIRAET
B T fEX AP B ERT TR,
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git clone https://github.com/mnielsen/neural-networks-and-deep-learning.git

WMBRIRAMER git, HBAEILUMIXE FHEEFAR,

IER—TF, HIEEZFHER MNIST 3B, Bid e T 60,000 MIZREEF 10,000 4
MRNE G, XEE A MNIST iR, Lhrt, BITEBERARNAEXNEIEEIT D &K
(ISR ERFREE, B2% 60,000 MEERAI MNIST JIZRE DB NS5 —284) 50,000
B, BFOPERRINEZINBMEMNLE, F— N2 10,000 MEGVIEIES, EAZEHH]
NMERWIEIE, EREABNEERITES LRI TN FRRNAEIGE R LMEMLHIE
BREREAN—OIFIRESE, XESHARBIINFE IR LEEER. RERIFFUETR
IR MNIST #E—3ER 7, AMIFZL ALXMANER MNIST, HBEEENERERKIE
MIESRZIBM, MIITTRSIRIES “MNIST ISR B, FIEN2RITMN 50,000 MEIGHK
EE, MARRIER 60,000 BEHIESES,

B& T MNIST #8038, RITEZRE— UM Numpy B Python [, FSEMUIRIERL M E, R
%8B 2225 Numpy, TREEFS M X E T E,

EIH— RIS SR 28], IERER— TEREMBSABNZ O, ZOHBEE—
Network 35, FATARFR—MEENLE, XA TARIBL— Network STREVID

class Network(object):

def init__(self, sizes):

self.num_layers = len(sizes)
self.sizes = sizes
self.biases = [np.random.randn(y, 1) for y in sizes[1:]]
self.weights = [np.random.randn(y, x)
for x, y in zip(sizes[:-1], sizes[1:])]

XA, FIK sizes BERBEMZTHHE, HI0, MRFNTEIRE—IEE—FE
20T, EEE I MET, BREEE 1 MHETTH Network SR, BITNXFTHED:

net = Network([2, 3, 1])

Network YRR ENNEE B WHEVIAIB LY, 8 Numpy B9 np. randon. randn BRERAE
FRIIERN 0, tEERN 1 NS DB, XENRENABAMES T HNNBNEE TREE— iR
Mo EEENEDNRRIIELANBENBUNENREN S A, B2 B sk e
o JEE Network FIIEHARBBIKE—EHETE—MHNE, FUXLEBEZTRMIETARE,
RAARENEEENEFT BT IT&EHLH,

FHINEER, BEMNEL Numpy 5EEFIRMNFEZ N E . G120 net.weights(1] @— NMEEEE
EE_ENE=EHAETNEN Numpy %6/, (RERE—FEME R, [FA Python 7IFERMNZS]
MO FFi8o) BESR net.weights[1] MHEIK, LA w RnFEFE. BHEN v, BEZREZEN
Eh R THE =2 j R TRINE, X Mk BSININFEREEETIR—XM j M k&
SI2BEBERNX, BMERD? FAXMINFHNEANIARCEKREE - BEHE T EOER:

a' = o(wa +b) (22)

XNAEEREE, FTLILEN—R—RIBM T, « EEZERETHNAERZ. ITE
o, HMNANERME vk a, MERBERE b, HEMNABNMEE wa + b FHFNITENA
*YIRIFTR, MNIST HUIBERET NIST EEERIMESEAMTR) WENKNMUEES. 7T HE MNIST,
NIST #3EE S Yann LeCun, Corinna Cortes # Christopher J. C. Burges If D MA— 1B A ERIE . BESATIE

EXN R, RN CEPHNIUBERT —MESRZTE Python FINEAIRY MNIST BN, EMFRFI/RAF
BY LISA Ml28 P RBERE T X MIHREBVEEE (15E)
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K oo (XMIVREE o MEN.) REZWIEFIZ (22) WERMBNZAI0HE— S Bt
LITHIHMTIIZ (4) HHE.

%3

- LN ERABHAE (22), HIWIEEMITE S Atk pviin (4) ERER,

a)
BTXLE, REZEEM—D Network EHITERERIIE. FAMTME X S BLRERFIA:
def sigmoid(z):

return 1.0/(1.0+np.exp(-z))

AE, BN 2 2— 1 EEIE Numpy 2486, Numpy BEiHIETEN A signoid RER, B
EER o

ﬁﬂ\]éﬁ\}éyj Network %/?ﬁbﬂ_/l\ feedforward Eii; Xﬂ‘?lm%ééﬁi—/l\ﬁﬁ)\ as J&_EYETEE/‘J?F@
Ho, XA ENS—ENASE (22):
def feedforward(self, a):

"""Return the output of the network if "a" is input."""

for b, w in zip(self.biases, self.weights):

a = sigmoid(np.dot(w, a)+b)

return a

S8, HATEE nvetwork WRMHNFERBEEF o NI MNAEN]— 1 RIPEENEE T
BEB sep Fike BRI, HAR—EMFEMNE—m&W, HerRBEEEE M.

def SGD(self, training_data, epochs, mini_batch_size, eta,
test_data=None) :
"""Train the neural network using mini-batch stochastic

gradient descent. The "training_data" is a list of tuples
"(x, y)" representing the training inputs and the desired
outputs. The other non-optional parameters are
self-explanatory. If "test_data" is provided then the
network will be evaluated against the test data after each
epoch, and partial progress printed out. This 1is useful for
tracking progress, but slows things down substantially."""
if test_data: n_test = len(test_data)
n = len(training_data)
for j in xrange(epochs):
random.shuffle(training_data)
mini_batches = [
training_datal[k:k+mini_batch_size]
for k in xrange(0, n, mini_batch_size)]
for mini_batch in mini_batches:
self.update_mini_batch(mini_batch, eta)
if test_data:
print "Epoch {0}: {1} / {23}".format(
j, self.evaluate(test_data), n_test)
else:
print "Epoch {0} complete".format(j)

training_data —1 (x, v) TLARFIR, RFINEMATEXS WAL KIH. T2 epochs M
mini_batch_size IEUIIRFEIN —IECHREE, FIRENB/NEEBFIENKR ) cta BFIRE,
no WIRLH T PIIESE test_data, MARFREE MR FITEMNLE, HITEIHE D HE,
XX FEERHERER, EEIEEHNITRE,

X EBRBIZHN a 82— (n,1) B Numpy ndarray 268, MAZ— (n,) WAE. X8, n EMENHAKE,

MRMAER—D (n,) MEFENEN, SBIFENER. BACEA (n,) AEEFLEFEEEEANEE, BF
ER— (n,1) B ndarray ESERAERIZABIRZ MRNEERE S, FEENNRESE,
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AW T ITIE, T MEAH, BEXBYIRIIGENETEL, ARREDKZMESK
NN EEEE. XEB—MEEMINGHIBENEYLRE S E. RAEXNTE— nini_batch
KNIV EB—RIBE T, X2 self.update_mini_batch(mini_batch, eta) ToiBY, B1X
ER nini_batch RV EIRE, RIBEXBE THEMNEABFTNENNENRE. X2
update_mini_batch FERIRES:

def update_mini_batch(self, mini_batch, eta):
"""Update the network's weights and biases by applying

gradient descent using backpropagation to a single mini batch.
The "mini_batch" is a list of tuples "(x, y)", and "eta"
is the learning rate."""
nabla_b = [np.zeros(b.shape) for b in self.biases]
nabla_w = [np.zeros(w.shape) for w in self.weights]
for x, y in mini_batch:
delta_nabla_b, delta_nabla_w = self.backprop(x, vy)
nabla_b = [nb+dnb for nb, dnb in zip(nabla_b, delta_nabla_b)]
nabla_w = [nw+dnw for nw, dnw in zip(nabla_w, delta_nabla_w)]
self.weights = [w-(eta/len(mini_batch))*nw
for w, nw in zip(self.weights, nabla_w) ]
self.biases = [b-(eta/len(mini_batch))*nb
for b, nb in zip(self.biases, nabla_b)]

KEBD TERXITAAETER:
delta_nabla_b, delta_nabla_w = self.backprop(x, y)

XTERT —MMARAEFEBHNEZE —MRERITEANRKBNEENHE Hit
update_mini_batch B TAE(NAN @YY mini_batch FHE—NMIEERITEHE, AREEME
T self.weights F self.biaseso

RIEFRRTIH setf.backprop LIS, BATEETERFIRAEZESEFELTEN, 81F
self.backprop BYLEE, I7E, FURIGELRBEMNERNIIE, REISIGHER » BXANBE
HEE.

UBNMNE—TRENER, BREKZFIRBINSE IR, BRT self.backprop, EFEEET
E@ZE’\JY%‘E%—FH’%B’\J%EIT’EE self.SGD *D self.update_mini_batch ;TEE‘Z; yjﬁtﬁﬂ?Eé%
Bi1181de self.backprop A 7AR B —LAIIMNIRECREEENITEREE, B signoid_prime, BEITHE o
RENSEL, LA self.cost_derivative, XBH AR ELZHEHR, REEHBBEIEENEHX
MERRREXENER (HELD) . HMBT ITEFAMEE(. IR, BEAEFEREK,
BEREZABEAREREERZIERIN IR, Kirlk, BFRRE:E 74173 FFEW
13, PREMIRE R LATE GitHub EixX B E],

"

network.py

A module to implement the stochastic gradient descent learning
algorithm for a feedforward neural network. Gradients are calculated
using backpropagation. Note that I have focused on making the code
simple, easily readable, and easily modifiable. It is not optimized,
and omits many desirable features.

"

#### Libraries
# Standard library
import random

# Third-party libraries

23
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import numpy as np

class Network(object):

def

def

def

def

__dnit__(self, sizes):

"""The list " ‘sizes ' contains the number of neurons in the
respective layers of the network. For example, if the list
was [2, 3, 1] then it would be a three-layer network, with the
first layer containing 2 neurons, the second layer 3 neurons,
and the third layer 1 neuron. The biases and weights for the
network are initialized randomly, using a Gaussian
distribution with mean 0, and variance 1. Note that the first
layer i1s assumed to be an input layer, and by convention we
won't set any biases for those neurons, since biases are only
ever used in computing the outputs from later layers."""
self.num_layers = len(sizes)
self.sizes = sizes
self.biases = [np.random.randn(y, 1) for y in sizes[1:]]
self.weights = [np.random.randn(y, x)

for x, y in zip(sizes[:-1], sizes[1:])]

feedforward(self, a):
""Return the output of the network if "‘a'' is input."""
for b, w in zip(self.biases, self.weights):
a = sigmoid(np.dot(w, a)+b)
return a

SGD(self, training_data, epochs, mini_batch_size, eta,
test_data=None):
"""Train the neural network using mini-batch stochastic
gradient descent. The " ‘training_data’ " 1is a list of tuples
" (x, y) ' representing the training inputs and the desired
outputs. The other non-optional parameters are
self-explanatory. If " ‘test_data' ' 1is provided then the
network will be evaluated against the test data after each
epoch, and partial progress printed out. This is useful for
tracking progress, but slows things down substantially."""
if test_data: n_test = len(test_data)
n = len(training_data)
for j in xrange(epochs):
random.shuffle(training_data)
mini_batches = [
training_datal[k:k+mini_batch_size]
for k in xrange(0@, n, mini_batch_size)]
for mini_batch in mini_batches:
self.update_mini_batch(mini_batch, eta)
if test_data:
print "Epoch {0}: {1} / {2}".format(
j, self.evaluate(test_data), n_test)
else:
print "Epoch {0} complete".format(j)

update_mini_batch(self, mini_batch, eta):
"""Update the network's weights and biases by applying
gradient descent using backpropagation to a single mini batch.
The " “mini_batch’ " 1is a list of tuples " "(x, y) ', and " ‘eta
is the learning rate."""
nabla_b = [np.zeros(b.shape) for b in self.biases]
nabla_w = [np.zeros(w.shape) for w in self.weights]
for x, y in mini_batch:

delta_nabla_b, delta_nabla_w = self.backprop(x, v)
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nabla_b = [nb+dnb for nb, dnb in zip(nabla_b, delta_nabla_b)]
nabla_w = [nw+dnw for nw, dnw in zip(nabla_w, delta_nabla_w)]
self.weights = [w-(eta/len(mini_batch))*nw
for w, nw in zip(self.weights, nabla_w)]
self.biases = [b-(eta/len(mini_batch))x*nb
for b, nb in zip(self.biases, nabla_b)]

def backprop(self, x, y):
"""Return a tuple " (nabla_b, nabla_w) ' representing the
gradient for the cost function C_x. ‘‘nabla_b' ' and
“‘nabla_w' " are layer-by-layer lists of numpy arrays, similar
to " ‘self.biases' ' and " ‘self.weights ' ."""
nabla_b = [np.zeros(b.shape) for b in self.biases]
nabla_w = [np.zeros(w.shape) for w in self.weights]
# feedforward
activation = x
activations = [x] # list to store all the activations, layer by layer
zs = [] # list to store all the z vectors, layer by layer
for b, w in zip(self.biases, self.weights):
z = np.dot(w, activation)+b
zs.append (z)
activation = sigmoid(z)
activations.append(activation)
# backward pass
delta = self.cost_derivative(activations[-1], y) * \
sigmoid_prime(zs[-1])
nabla_b[-1] = delta
nabla_w[-1] = np.dot(delta, activations[-2].transpose())
Note that the variable | in the loop below is used a little
differently to the notation in Chapter 2 of the book. Here,
L = 1 means the last layer of neurons, | = 2 is the
second-last layer, and so on. It's a renumbering of the
scheme in the book, used here to take advantage of the fact
that Python can use negative indices in lists.

O B H T R

for 1 in xrange(2, self.num_layers):
z = zs[-1]
sp = sigmoid_prime(z)
delta = np.dot(self.weights[-1+1].transpose(), delta) * sp
nabla_b[-1] = delta
nabla_w[-1] = np.dot(delta, activations[-1-1].transpose())
return (nabla_b, nabla_w)

def evaluate(self, test_data):
"""Return the number of test inputs for which the neural
network outputs the correct result. Note that the neural
network's output is assumed to be the index of whichever
neuron in the final layer has the highest activation.'"""
test_results = [(np.argmax(self.feedforward(x)), y)
for (x, y) in test_data]
return sum(int(x == vy) for (x, y) in test_results)

def cost_derivative(self, output_activations, y):
"""Return the vector of partial derivatives \partial C_x /
mrrn

\partial a for the output activations.
return (output_activations-y)

####t Miscellaneous functions
def sigmoid(z):
"""The sigmoid function.
return 1.0/(1.0+np.exp(-z))

"
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def sigmoid_prime(z):
"""Derivative of the sigmoid function."""
return sigmoid(z)*(1l-sigmoid(z))

XPMEFINIRG FEERFMERIA? 5708, LIV ME MNIST #38. FRA TEATEAR
B—/NEAHENFERE mnist_loader.py R5EMe FAJTE—"D Python shell FAH{T FEIBIA,

>>> dmport mnist_loader
>>> training_data, validation_data, test_data = \
. mnist_loader.load_data_wrapper ()

AR, XMW DL —P IR Python F2F3R5EAL, BRIIRIRIEEREABM, 7E Python
shell BRITHFERH B,

FEINES MNIST 8B 2 5, HITRE—1E 30 MREEHEITH Networke BITIESA
0 EFRBIBIR N network B Python 12 &1,

>>> import network
>>> net = network.Network([784, 30, 10])

Bia, BAVSEAMEYIIEE TERM MNIST training_data F S8BT 30 RIECER, /Mt 2%k
‘RN 0, FIERE = 3.0,

>>> net.SGD(training_data, 30, 10, 3.0, test_data=test_data)

AR, MRIMBIXEHERIETHE, ITERERE LM E—T—a BRI
(BZE 2015 F), ERERER/LOWRIET. RBIMLEIRTE, AEFRHREHNE
— ML, IRMFETERERIESER, R UBTRERIRE, B/ REESZL TS
2, WERFERMNIINGEIERRESEE, ERXFFENRIPRERERIR: XL Python 7
[ABAN T EBEIREEAZNS BN IIFN, MAESEERE! M, 3%, —BIIE
ZNE—TWLE, SEE/LFEANITET e ERERNET. fl, —ERMNLa—TNEF=
T—HEFAINEENRES, TRIESZMBIZEEINLEN K3 L Javascript iI517, HEW
EBMgE LAV AE, EEFERT, XR—MHENE)ILETRBE DTN L. 57
EINBER T ESRIIGIREHEMNEEERRIAEGRIERE, ENIRFRILE, EXRX—
RIEARHEAR, A2 T 10,000 FIEHRY 9,129 D, MEKBRAERSIEK,

Epoch 0: 9129 / 10000
Epoch 1: 9295 / 10000
Epoch 2: 9348 / 10000

éééch 27: 9528 / 10000
Epoch 28: 9542 / 10000
Epoch 29: 9534 / 10000

BT, LTIIZRRIRLELA HRVIRBIZEL ) 95% —TEIEERY ) 95.42% (“Epoch 287) !
ERAE—REW, X2IFESATEN, AMKLIZIRER, NRMETRIBAEFIINER
MBEHNFTE—HF, BEAEANFMERT FEN) ENAENRERTBURIIIIME, HXK
BT = RsTHhHNRMERIENERENER,

I BHNEINET LEIKLR, RBEESETHENE] 100, EWFImEmNER, WMRIF—LHE
E—0ETRE, BN ZESMTEREEESK—ERBERAT (EHRANSEL, XPRK
F—RIIIRERFTE/NLHT), RIRBENHER DRIEETHER, S8R,

>>> net = network.Network([784, 100, 10])
>>> net.SGD(training_data, 30, 10, 3.0, test_data=test_data)
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RA, ERERREAE 96.59%. EVEXMBERT, ERESRREMLTHEBRIEE
TEEFNER

B, NTREXLERE, IAERWLGEAENE, NMEBHHEANNFIRE
HUFRIBVIER, KR EEATIREIR, XEFERNBVEENETRIBEE, UXKHIT8d
HNNFIBEFRFRINSH NENRE) . MRBANER TIEENESHS, RNFEIRE
BV, RANFA DEE FSHREKN » = 0.001,

>>> net = network.Network([784, 100, 10])
>>> net.SGD(training_data, 30, 10, 0.001, test_data=test_data)

ERMAKLATEET

Epoch 0: 1139 / 10000
Epoch 1: 1136 / 10000
Epoch 2: 1135 / 10000

Epoch 27: 2101 / 10000
Epoch 28: 2123 / 10000
Epoch 29: 2142 / 10000

SR, IRE]LUEEIMSH MRS N BIERS IR BT IF 17, XRPBNIZIERFSIRE, {4
WMy =00l NRFMNBFEHRT, BNBIEHFHNER, XRBEAROZE RGN ¥R
X, WRHKTEBRE—LHE, AEMEZ!) URBINXEHBIUR, BINRELEE—
Bn=10NFIERX (HEFER 3.0), XEFR(IZaINLRERT, FILRMBEHRNRIIEEF
TIERERBESH, HEVRET BBHEBREDRNAEN TEBSHANEE,

BE, Al TMENEZEE AN, THEIBINBSHNEES~ENER AN
FENIR BB R, (RUNBADTXAZBIRIIEVAER 30 MRERETTHMELET, BRF SIREN
9 n = 100.0:

>>> net = network.Network([784, 30, 10])
>>> net.SGD(training_data, 30, 10, 100.0, test_data=test_data)

AXRLE, FNEFRERNKIE, FIRRERST !

Epoch 0: 1009 / 10000
Epoch 1: 1009 / 10000
Epoch 2: 1009 / 10000
Epoch 3: 1009 / 10000

Epoch 27: 982 / 10000
Epoch 28: 982 / 10000
Epoch 29: 982 / 10000

PAEBR—T, RMNERBIIZFRIRT S8, BTN ZARYREPAEIERIBOERE
BUNF SRR, BRMRIAVE—RBEIXFNRE, BLARHNBIELTIZE XZEE8EE
STANVEAM. FNFTRENMUKOFIERER, KEXORNVEZNEFNEEE— 80 &K
e REBAER S A 7 ILNAREFINPENENRE? B RRR1EE RBRIIGRETE
FRBERXFI? SERNRBHITEBINERE? SE RN TAAEXMMERI LM
&, FIRFFERFEAPIRER? AIEF SRR XMR? HERBRFIRXRFT? SfRE—RX
BEIRE, RS EREERE,

TRENRIBRRARLBELER LBEHEYLMEN, ME—LIFTITA HNERELSER, CRE=SMNEN
RARBARBD AN _ EXEREYILRIETTIERER ES
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MEXBEINZONZ I — DL NET B, EBENRIEE, ER—1IZR, 1FH
EF WA ZARRGHENBBIFHER, EEBENE, BNFEBRINTERERITFHY
BEHMIFREE, RITEEEAPBPINIEXE, O LEREEAFEFBSHN,

%3

- HER—MERENNSE——PRNEMN—NMatE, 2508 784 7 10 NMELTT,
EREZ. BREEE TEEERIGME, MEERE %/ MR5I%K?

ZBIRAES, BT T aEINE MNIST SHERVAT . XRER. XEHIHT TR,
RTFE MNIST #ERBUREME X TR A IR R —af 2 B BAVEEL, 7t Numpy
ndarry SYRAVFIFR (IR ndarray, HRIBENIERAER) :

"

mnist_loader

A library to load the MNIST image data. For details of the data
structures that are returned, see the doc strings for ' load_data’’
and " load_data_wrapper . In practice, ' load_data_wrapper "~ 1is the
function usually called by our neural network code.

i

#### Libraries

# Standard library
import cPickle
import gzip

# Third-party libraries
import numpy as np

def load_data():
"""Return the MNIST data as a tuple containing the training data,
the validation data, and the test data.

The "‘training_data’ " 1is returned as a tuple with two entries.
The first entry contains the actual training images. This is a
numpy ndarray with 50,000 entries. FEach entry 1is, in turn, a
numpy ndarray with 784 values, representing the 28 % 28 = 784
pixels in a single MNIST image.

The second entry in the " ‘training_data " tuple is a numpy ndarray
containing 50,000 entries. Those entries are just the digit
values (0...9) for the corresponding images contained in the first
entry of the tuple.

The " ‘validation_data’ ' and " ‘test_data ' are similar, except
each contains only 10,000 images.

This is a nice data format, but for use in neural networks it's
helpful to modify the format of the ' ‘training_data’ ' a little.
That's done in the wrapper function " load_data_wrapper() ", see
below.

f = gzip.open('../data/mnist.pkl.gz', 'rb")

training_data, validation_data, test_data = cPickle.load(f)
f.close()

return (training_data, validation_data, test_data)
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def load_data_wrapper():
"""Return a tuple containing " (training_data, validation_data,
test_data) . Based on ‘load_data’’, but the format is more
convenient for use in our implementation of neural networks.

In particular, "‘training_data’ ' 1is a list containing 50,000
2-tuples " (x, y) . 'x ' 1is a 784-dimensional numpy.ndarray
containing the input image. "'y ' is a 10-dimensional

numpy.ndarray representing the unit vector corresponding to the
correct digit for "~ 'x'°

“‘validation_data” " and " “test_data ' are lists containing 10,000
2-tuples " (x, y) . In each case, "'x ' 1is a 784-dimensional
numpy.ndarry containing the input image, and "'y ' 1is the
corresponding classification, i.e., the digit values (integers)
corresponding to "x '

Obviously, this means we're using slightly different formats for
the training data and the validation / test data. These formats
turn out to be the most convenient for use in our neural network
code. """

tr_d, va_d, te_d = load_data()

training_inputs = [np.reshape(x, (784, 1)) for x in tr_d[0]]
training_results = [vectorized_result(y) for y in tr_d[1]]
training_data = zip(training_inputs, training_results)
validation_inputs = [np.reshape(x, (784, 1)) for x in va_d[0]]
validation_data = zip(validation_inputs, va_d[1])

test_inputs = [np.reshape(x, (784, 1)) for x in te_d[0]]
test_data = zip(test_inputs, te_d[1])

return (training_data, validation_data, test_data)

def vectorized_result(j):

"""Return a 10-dimensional unit vector with a 1.0 in the jth

position and zeroes elsewhere. This is used to convert a digit

(0...9) into a corresponding desired output from the neural

network. """

e = np.zeros((10, 1))

e[j] = 1.0

return e

EFEFGEIRNVEFIRE T IFEHFNER. BEKRETA? MTABLEF? NMRE—L
B AFREMER) ELNXEAN LB FIERT EFREETRIF. RESENEL, I
REMHMIELME. TR 10% BB ERN. BITRHLSHSE!

— PRENBELZER? URMNZH MR EESRE. B —REGEZE. §,
—18 2 MEIGER B —18 1 WERRIEE, RXANESRERART, RETAVTHL
NN

2/

IR IR LRI EERIT B FRIGRTFIIERE, 0,1,2,...,9 SE—BHNEGRE
W, BNEHEEGNEE, ARBNEEEM M EFHFYEE. X2—ME8ERF, MA
BHREN, FIURAIEXEIBE( TS HR—NRIME &, 37E GitHub B/FE, (8
T EMMENMIENELA TIRARISOE, EES 10,000 NIXEIGRA 2,225 BUFBHEE, B 22.25%.

WEIHEREEREHEIAE 20% 2 50% Z[ElRyNE A X, INRIRELEHLEREY 50%. 8
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1.7. BEREEFES]

EREESHBEHE, XAEESRIATNNBRFIBEZZREEDN. IR MNEAERHEFP R
ERNEEZ—, ZFREN, o SVM, WRIRAZHE SVM, FEEL, BRITFAEERIER
SVM SNMal TYERIARTS . FA BB scikitlearn Python 12, TiRME T —MEEAY Python 1
O, 87— AT SVM BHRE, #79 LIBSVM B C .

WRBATRENLEIETT scikit-learn B9 SVM 732828, ABAEEEM 10,000 MiE & EHR D
359,435, ((RIBATLIMXERS) . BBR—MEANNE, mEiFFHINHENEFREENE R
DEFF. WL, XEKE SYM RIF/LFRMEENE—1FF, RERET —mMC. (TEHE
THRENENBIIEAR, EENEB AT INBRENEFEE(IRIEL SYM B,

XA EBERLER, A, 10,000 A 9, 435 BILERZ scikit-learn 37 SVM BRIABNILE. SYM
BRZASH, ERITLUNRERINE R THMENSHETEN. BAAREIXLEE
H, WMRMEFMEES, AJUEE X% Andreas Mueller 91 %, Mueller BR 7@ —EM 1k
SVM 28T (E, BoJaeilitaEie =%l 98.5% BIEHE, MaiER, —MARGTH SVM, 70 )
BRRRFE—THF, BELEBGF T MENEEMISEHFIE?

EXE, BN B, BORITHHMENEMSEMETEHR MNIST A, 81F
SVM. II7E (2013) BVLERZEM 10,000 ERFIEHD K 9,979 1 XEH Li Wan, Matthew
Zeiler, Sixin Zhang, Yann LeCun, #1 Rob Fergus 5eaf. HITEEXABEEEDTIIERN
AEBAEAR. BINRRMEEEZRETFT AL, MBALUREL, EAEHEZH MNIST BREEST
ANZERIRERERE0IR5, Flin:

GBIy 2 N85 (
AU El T

BRGMBEILHFREYIN ZEF MNIST HUIBREFPXENENR, AL EE &R
1R3! 10,000 T@MIXEGRPRRT 21 BZINWEEFMBEER, XRIGHELISH. BE, SR
B F( AR ERRR—DEPIRF] MNIST BRF IR AFTE—NERNF L. BRERERNZIEEIRY
Wan FARNEXHAREENES, UFNERISRBNEELE MAEX—ETELEINE
AT FIENERMEBEINIIGEREFS. EXMENX L, BRIPNERMPLEEER
BN PEENSER, NHELRR:

ERNEE < BBRNFIFE + FHIZREIE

1.7 BEEEEFRS

BAFNBERNLAEH TS ANSRZINERIN, EXFENRIEE /LMW, MEFRIY
ENREEWEIRI. XERERNTREILANBREMBEAMB. M7 4. HTEDHK
B —LEARERRMNNNSBIH ARBOXFENF? HE, EE T XERER, i)
REMUISBEFS?

AT IEXERAE AR, BMRISRTFREENE5| 2T ATERE (A). ZIFR MR, &K
1BEBA B X AR S BERULR Y TARALAING? 20iF, HAANBEBHFIFIINENRE, XLE2H
MNITEEAER, XFRHENEXNTITRRETNERN. EATEENEHARMNE, AE
EAEMRATEERNSOIETR, BRNESAEDRITERSETRIIG, URALKXM
T BERAERTAIEI SRR AMBINIG], BAEMEEM A TERERINIH
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FEERXERER, RN EHBE - THELSHIREFTANATHL TRV, (Fh—i
HEIHEN G %, RISHINERE—REGESEREAMKS:

e Bk o

FATAI LB AR T 5IR 3R BIAER 75 TR e X e —M B A ZE R EE,
LR HE — MR MREETA TR “B0, X2—KK™ 3 “f, XT2—KK

BRIFA LRI T X1 T50%, BEIRBNAENEER—NFIF L MEEZAFTIRIT
— PR, ANEEFRSENNENRE, RNNEEFEE? TRAESIEEENES, HIRE
BARN—1MEERRX N TR BRIVELAE—TREE? A LAE—RE
15? REE—T RFE? TEPRE—NEL? EEAEXLS? EIkE,

MR-EFFENEER "2, WEEENNE "HER", BATM A UMFHEIEX M EIR
FIREE— KR, MR, MRAZHXLERFNERZE T, BAXKEGRAETE KM,

S, XMNNE—HEERE, MEEFEIFERE. BIFETAREL, ®BEX%R.
WA MXGEEBE R E D, HEXKREEAER, Hit—LEEEFIEREMAT ~IxX
AR T IR TREB LA EE WS R RX L TR, ARATNTEIFRI OB KX AR
FIRJBBINBLE SR, WHR— D ARMNBEEMSE, TERIZ—1AREREN, ERGE
REFME, AR, XAB—DARKNPEYIMEE R, MEN T HEIFRN M ZEEMN
BUEIERBENER. TEZXMWERLEN:

SPEE IR 1. Ester Inbar. 2. 2R&0. 3. NASA, ESA, G. lllingworth, D. Magee, and P. Oesch (University of California,
Santa Cruz), R. Bouwens (Leiden University), and the HUDFQ9 Team. it SBEE LM,
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input layer
(image pixels)

EEABE—REG?

A LEABE—REEE?

hiEE— N FIE? XEIKARLID?

FEE—NEID?

EEEXRE?

FREBAI LIRS LR, XELEEREE, RIgRMNEZBEX MR “ELABE—NREE
5?27 XANRIEA] LR DA XEFeld . “B—1NEEM?, “BREN?, "AUREY, F
F, SAXERFONZEEXTUENEE—EN “EELABEE, tEBHRE?Y” —
BRILBNEFREE R, DERR “ELAE—REBE?” BINKSEEHR D RN

BEEEMD?

E BB REE? = BE—1NBEES?

B—MIES?

XTI BRI A LIRS IR, FiEd 2 M NERCS[ERET. &L, HIFW
ZAUEEBERBEET MEERIBE R, ZFIR%, XEE SRR EEERE R

PE L NMER RS AAEE BRI R. XL R A DAL 5 B G R RI G R A EERN S
MR TTRTEIZ

RANGERE, RINTET —TMNE, ER— N IFEERNPE—XKESRRESE —K
AN — DT RGREEE LA ERIFEEENER, ©ld—RIIZEEWHRTTH,
RIENNEE, EREXTHAEGIFEERBEHNDER, TRENNEER, EBYLT— 18
INERMHRHBEREN, BEXMNEZELEN —RENE ZREE—BINERTRERE
S
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B, FRBREMEIZB) It DAL F I, F LIt NEFHINENRETLEE T TIE
frEY. MR ZBRZ, HRNBERABFIBERILNEREB B MIGBIRETZINENRE
—XFF, FER—MESHIREREM, 80 FHM 90 FRMAFTARZI T ERMEIERE T
REERERINFERENL, F=0Z, FRT —EHARNEN, MITHFKERERENNR. R
AMLBREBFS), BRFIREFEERIE, TNEGERLRFHER.

B 2006 FLIK, AMBEEART —RIBRAERERZNEEBZF S, XEREFIRA
BETIEBE FEMREERE, FhETHNE L XERASEFEER (FX) BINEEEHK
WEE—3INEYZE—F 5 210 EREEIMNEEZRE W, MEFKIEE, EFZRE L,
ENLBEREMHEZNE, flINE— P REBENNE, RUNEMHE. SR, RRERE
MEREBEMRE— N ERNWBSHER RGN, XA REERFIEIES ERARRUNILITHHER
RBEKEZERITENIZEF. KRENESXEMNEHTIL, BRER— B HITEH
HHANERFRIES 5— MR TREEAREEIE S #HITW . HMREEZNEFRBIEZN
RERmIZH VR AR, BERFEER,
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RAEREZMAIIE

FLE—5, BB T HENKNAERBE MEEERFEIMNESINENRE. B2,
XEXRBTT—NMAE: BIFESETRNATTERNRBNEE, XBRANREK! HLE,
BIaBRBRTEXEEENRRE L, WHLERAEE (backpropagation) .

RAEFEEEERVE 1970 FRKIEN, BRANIEER David Rumelhart. Geoffrey Hinton Al
Ronald Williams BIZ& &M 1986 IR A IMREIXNEEANER Y., XEICSHER T I —
LIS R EEBRELERN S EZER, XEEEAMENERERZ BT /ETRBIRRE
FH1T7. IE, RAGEELIEERHMENEFINEEZARIBD T,

AETE PR CENELLHMET B ELHNHNFAT. NIRRT HEHEFRGE,
ARMBNE A, BREEEYNR—REE, REEGHNAT, BBANAERFTXEATIE?

BRUNZIEM. REEBENIZOZE—TINRNEER C XFEANE w (HERE L) R
S8 00 /0w NFRAR. XNFRAXNFIFHNNERESNENRBER, KNRBETHHRIE RE
KIEAAREBERER, FTHIEEHEE—MER, MBS N tREXLERHRE—MHEANET LD
R FILUREEBEANNE—MESIINRRE X, LR ETIEFH A NB A& LA
BEMRERNTENNENITH. Eit, XtBERFIREEBFAHTNEZNETT.

NEEPMR, MNRIEEHEAZE, REEZRE T, HEULUN., B THREENER
EBIERAEEEMERSLEIUEEN, S5, EEETFHIEBONE T RAENLL, I
URBEBAHUAENESE, FENXENIRS, BMRNESHNAT AKX ERIREERN ZEIE
REBELEIL,

2.1 A5 HERMEPERERREITERLNGE

itk &R, BITRE—TETRENSETENENELE, XL, WIEL
—ENREEEEBEIXNELT, EEREAERRMEEIT T, FAUMAILIIFINIE
—Fo 53, XIFEETS RIS BB T JAEE R A E B ERREERT.

BATE A R MBPRERENE N FAMERA vl TTM (1 - )N EBY AN DR 1"
FH j MRE TR FANE, 110, TERSGH T MEFEZEZNENMEETIE=ZEN
B ML TR TR ERVIVNER:
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21. AE . AENEPEREFRETRERENTEA

layer 1 layer 2 layer 3

why BM (- 1)™ BHE k" MEETT
0 BB T MRS THERE ERNE

XENFRTEELRTGR, FET—SMENEN. B2, EEMAAMXENRRRLRS
BEHRER, FEREHN—SHILZ TR Mk WIF. FERESRIEEMNSIE, BRETR
KEIRIRRTABEXE Y,

HAINEHNREMAEEESERLEMUNRR. B, HIMER v, RRE 1" BE
HETTHRE, €8« =R 1" EE /N MHETHREE. TENEBBMRRE T XFRR
BN

BTXERT, " ENE N MHETHRUEE B (- )" BRREEEIHEXEKE
KT (WA (4) N LE—F/NTIR)

aé =0 (Z wékaf,g_l + bé) (23)
k

HAPRMZTE (1 - D" BOFAE b MaEx LT, A7 BEENEABEEXNRIAL,
RO E—R | #E X — MBI w!o WNEIE o' TR ERERESD 1" BHETHNE, &
BB, 75 N 1TE KN TINTRR vl KUK, WE—RI, EX—MRERE, v F
ELBEXENFATIET —REQNENS N TRALRRBIESA LM o), SN TERNEZF "
ERENMIET. &RE, RIEMHERE o, HTREMPLEREE oo

EERNFESINAENRE (W0) FZBEFETAEE A (23), £L—F, FHITHSE
ELERELNT, EEXMEFERARY Wo) A8 v AN MR, BIVER o(v) TR
XA TR AITRIREAIER. FILL o(v) IB D TTREKHIE 0(v); = o(v;)e B HIF, WR
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FAMTBIERREZE f(2) = 22, BAMRELH fHRBIERER TEAKR:

([)-18 -] -

WELEW, MENH [ (NXENRENE N TRET T FHER,
THETXERIR, HIE (23) Al ISR P EXMEYMmEENEET AT

at = o(wla=t + ) (25)

XANFARAHT —HENLBNBESENIEENN—RIEENXEAR BRI
A ESER R ACEE L, AR E—MREAR, RS o R, XSRS
BATRENNAEEENER (REESNR3ITHT). EEEMRAREENNRNA
12 T MRS . ERR, FARERRER, FOASLIEHERM T RNEM
oA, MEMANEBHARES . SIFE, E—SHRBEREERTER T XMEAD
S BRI Ao

AR (25) W o HT IR, RAVBTETRER 2 = wla! + bo XM BELE
EHERN: BRIV - 0 | BHRETHENBA. EREEE, RILTIFRERAN
Ao 7572 (25) AR BRUBIBANER SR of = o). FHEHHNE 4 NS TER
o= Y uhal b, HI R RS R NRETIRE KA RN

2.2 XTAHRBIBIRNMERIL

R AEEENEARZITERNERE C D5IXT w M b BRSE 0C /0w H 0C /0be AT iLRA
Zi&e1T, BMNFEHEXTRNMRBBIR P EERIZ. EAEXMNMRIZZE, R EE
BEBN—MINERE. HM2ERLE—EEANTRANERE (BRHE(6). BRE—T4S
BRI, RN ERERE TR

0= o 3 lye) — at (@) (26)

Hipn BIIEFR S KNEFEH T8 MNGEE ) y = y(r) RYNBFEL; L&
TNBIEE; o = ol (z) BHENE « BINZREREUEERE.

57, NTNARBERE, HNFBEXAN R C HMHFAERRRILE? $—MRIZHM
EARNRBETUREE—MEE MINGER 2 ERRNERE C, WHEC =13 Cho XBX
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FEXNMRKPRAR R AERELR L2 —MRIZBNGHERITET 0C, /0w M 0C; /0bo
FAETA MBI B IZRF A LT FIIWIRE 0C /0w M 60C /0b. KFr L, BT X MR, I
MNZANINGEE « EEREEE T, Fig 7H MR, FRANEER C, B Co RERNZIET
RilL, BMEATRURTELSEEX TMWE,

B MRIZFLE AN B LA Bl I 485 L YR 2K

THE, XRRILEIER ZATAIERE ™R w)), RRHFIE. MRENIER j RRSIWARETT, kR HEwE
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2.3. Hadamard &f2, sot

af

cost C' = C(a")
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i, SRENEHFRRDER, AT R@milsE « R RN ERE LS
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C=3lly—al? =5 > (y; —af)? (27)
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2.3 Hadamard €#2, sot
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FEOC /0wl M OC b BREANTIHEXEE, HERSIN—THESE, o, XPBAIN
1T 1t RSB 1 DT ERNIRE.
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B —DHRNER. MFFERRE, XTI THEIRER. FrUETIIXERTRITIENR
N2 HEYPMEBERXLESENED .

TEREZENMABMNORTXERNBITR . &8s D XERTBYE FE IR LU IBY IER
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12 (BP2) kit E 611, RIEBRAAIE (BP2) it & 612, stk —F — S i AL BB NN,

RNRBXTFRNERERRENREER: 72

oc
J

XHIGE, RE o MRSHE 0C/o0), e2—8. XERIFMER, EX (BPT) M (BP2) B
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2.4, RAEENEDERSIE

SERHNEIE 6l PRI LLR (BP3) BIEH

ac

=5 =90 (31)

Hrh § R E b EEHXE— ML T,

RNV RBRFEA—MNERIIER: 5,

oC
awék

=aj ol (BP4)

XEIRFATEITERS LR 0C /0wl HA 6 M o7 XEERH(VEELNENFITE T,
HIEB A UE R FEAE LD TARRIRR:

oC

w
HH ain BENGNE w FIRETRAUEE, doun BHIH BNE w WHEZTTINIRE. MABEN
8w, XM TEXMUEEENEET, KilaH—EEmT:

oC
F5 = Gindout Q

12 (32) W—MNFHERMEBHEUEE an BN, an = 0, BE 0C /0w BEBEE/N. X
B, BITANERIEFES], REBE FENE®R, XMERRRE RS, RS2, (BP4)
N—NERMERBREEEHETINEF IRIFEBEIL,

IO NAT (BP1)-(BP4) BB HE ] LIRS E. HINTNBELEETTE, £EE (BP1)
BV o' (2})o [BMZ—T L—EH SERMBIET, Ho(z)) ENA 0 3E 1 B8R o REETS
FEF KB o/(2)) ~ 0o PALUNRMEEHEZ AT HEREEE (= 0) NESHEE (1)
B, REBINEFIEIE, XEFENBH, RIMNEEMEHMETELMmMT, HE, NEFS
HaRlE (HBEZIEEEE) . FUNERENTTFREHZTHRELEMIIMN.

HYEITENE, HIBEEMBINM R K30, FETE (BP2) B9 o/ () XFUEME
STBERNIEN, o RAEEZ/). XMSEEMBAFE—MEMBHBLTHINEFIEE

BE—T, HIMNELFIE, IRBNEZTHEERK, HERERETELENT D
BHRELENEER), NESFIEIE,

XEIDMESS AZ2IEEETFTERMN, Fd, ISR INTET X THENEFINGE S
MBLRE, mA, AT LUS XM A UHTHT . O NERASEBESIEMBEER
ALY (AR R LIE R, HLHMAS AR TEAEENNERED) Frl, 10
PUEAXEHZRIRITEREF IBMRNEERE. HITXBLMITF, BRISHITESER—
N (FESE) BUERH o #1370 BRIEH, HEFSHEII 0, XEMIETERIBH S BEETia
B F SRE FENERHI. FABNER, Bi1sNEXFEE TSR E, Y
BYEIFX AN /512 (BP1)-(BP4) Al LIEBIMBBENAZEEXLERM, MUhEHHRIFM,

N W I BB ARIBASIEME of (L) B9IE, XEMESHTEERITT. EERI LERERANERT.

= aindout (32)
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2.5. MPMEATTIZANIERR (FIk)

B4 REGENEANSER
st =v,Cod (=) (BP1)
5= ((wl+1)T5l+1) ® U/(Zl) (sz)
STC; =6} (BP3)
5= e
[A] &

- Z-MREEFELGENRTIAN:. REL4%H T £ Hadamard AR R BEEBI R
(LHEZ (BP1) M (BP2)) o MIRIRI XMAFIRRIEIRARE, AlgEE—ERZ. TEIE
BE—MERTRAN, BREETEANEENE, RERENRSEFRERR. (1) I
(BP1) AILAE %,

st =y ()v,C (33)

HA Y/ () =178, ENBLNTERRE o/(z)), AMHTHRYRE 0 IR, XMEMK
i —ARRVREFEOAERTE V.C Lo (2) JEER (BP2) AILAG A,

- E/(Zl)(wl+1)T5l+1 (34)
(3) && (1) M (2) IEPA
o =Y () (wHT Y Y )T (B v, 0 (35)

X BRLE SR T XA BV EEFE T EMIEE, (BP1) (BP2) RIZB A Z B R, M1 B45E
B Hadamard SefRM R EEFHEREUET I,

2.5 HEPMERFIERIER (F]ik)

FANIEIERAX DN ERRTFGIE (BP1)-(BP4)o PRAEXLEERRE Z iR m B TUE NI RIS,
INRIRHEHETUEN, BEATEMIRERZAI R B CHES.
IR AR (BPT) FHi6, BAH THREIRE ¢ WRER. NTIEAXTHRE, BEIZTE

X oc
L _
= (36)
RN AETUEN, BT Ut srsENRSFNEXENR T LEANRSH:
L

L AL
. Oay; 82]-

XERMBEBMEBENABEHETT b EIET0. SR, & N DSt EBUEE o K
Fh k=% " MEETHBMMIE 2Fo PR k # j B daf /028 BEKT . SR
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2.6. RENEEEX

B LE—PHERN:

L _ 00 0
% = dal 0zF (38)
B8R af = o(2f), BANBEZIMRAIUE R o' (2]), HIZZM:
oC
5F = 9ar” (2)) (39)

XIEZHERRH (BP1).
=%, HITRIER BP2), BEALTUT—FIRE & WEARTIRE s ALk, A&
ZLL 5 =0C /024 WIERETS 6 = 0C /02t FATRILURREZUAN

o= = 40
J 82; ( )
I+1
z,ljl 8,2]
+1
— Z 8Zk’ 5l+1 (42)

XERE—THNNZR T GONED, HA L EXRN. A THRE—THE—IKE,

AR

l+1 Z lerlal + bl+1 Z wl+1 + bl+1 (43)
i, FIEE "
%~ uitlol(ah) (44)
azé- kj J

MEAN (42) B 125
= > wHle () (45)
k

XIERUDEFINER (BP2)o
BNV REM N AIEE (BP3) 1 (BP4), B IAFEREEIVAN, MeTEMHER
IERAARIN. BIBENBLIRRNES,

%3
+ UEPA75 2 (BP3) A (BP4)o

XEFERNRTTA T RAEROADNERLARIER, IEARSERERER, BREXLMF EMEH
DR A HETCEN. T TRI LU R AR B E B —M AR SN B 2 7oiAR 70 AV HETUE N SR
TTEANRERIEER AT XEMERAFEEL LRNAE—F TSI,

26 RMEMEGEREZX
REEES AN T — BN RRBENT S RIS AR A
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2.7. 3

1. BNz RRANRSENNABEE .

2. imMERE: WEN =23, .. LITEEEN ! = wla ™1 + 0§ o = o(2!)

3 HMHBIRE oL HERPE L =V,.C0d (D)

4 RENBREERE: WEN I =L-1,L-2,..2, & = (HT5H) 0 o' (2h)

5. WitH: ANREBER 2T = o 1ol 7 3T = o 15H

l
awj &

WAXNEE, RALUEBZIAMERMMEFRAERE. RMNRE—EFBREITERERE
oo XEERREREFTE, NMAIBMNEEF G, BRNRMINEEE RAEEREIER, Xtk AZ
WE KB AN KR EWNE MR MBS R, AT EREANEREENINENREZURINE,
HMNBBEEFEREIVAN, kAMREZIENRAT

%3
- FAREMEENHETHRASGE FRISHIXE—TEIRNEFHENMELT, E1558
MRZTIRMRE (3, wjz; +0), HF f 2N S BRIAREVR—RE Il Ia0FIEE
RAfEREE?
- ZMMZ T ENRAERE  BRIRRITPEIFLEALTR o REERN 0(2) = 2 EERMA
(EFis 7
EANFA] EEPTHRY, RAGEEEN—MIGERTERNRENEE, C = Cy0o TERE
&, EERRAGCEREZNENEIEE TEXIFNFIFEAHTAGER, RII=WFZ]
FIFSITTENNAIBE, K5, GE—TPARNA m BV NLERE, TENEZEXMNMLE
PHEREM ENVA—IBE FEFIEA!
1. NG EERNES
2. WEMNEEZE 2. REXWNAVRNESE !, FHITITENTE:

- BIEERE: XNEN1 =23, .., LIE & =wla® ™ + 0 F o™ = 0 (271,
- WHIRE oL HEBRE 1 = V.0, 00 (251,
C REEEIRE: WEN =L 1L 2 . 238 5 = ()76 © o (250),

3 BMETH: WENI =L 1,02 2REw - o — 1Y, 5@ )T Y -
b Y 5ol BEAERRE.

Wok FESEESIBENASRE B8, B IEREE— NI/ L B MIRIERR, iE
B2 2 EEAHNER. XBRIELKT,
2.7 X85

BT MR R EEFENECHR, BMNWERTUFES E—ZhFEANLI R EEEDN
RIBT, CIA8 F—ZMREE, EEHRTMZTE Network FEFHY update_mini_batch M backprop 77 3%
XL AN ESL R EEMNE AE RN EIEEI R, 555, update mini_batch F7AEL 1T
BLUHT nini_batch PAINEBEZAIT network FINENREHIT T BH:
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2.7. K5

class Network(object):

def update_mini_batch(self, mini_batch, eta):
"""Update the network's weights and biases by applying
gradient descent using backpropagation to a single mini batch.
The "mini_batch" is a list of tuples "(x, y)", and "eta"
is the learning rate."""
nabla_b = [np.zeros(b.shape) for b in self.biases]
nabla_w = [np.zeros(w.shape) for w in self.weights]
for x, y in mini_batch:
delta_nabla_b, delta_nabla_w = self.backprop(x, vy)
nabla_b = [nb+dnb for nb, dnb in zip(nabla_b, delta_nabla_b)]
nabla_w = [nw+dnw for nw, dnw in zip(nabla_w, delta_nabla_w)]
self.weights = [w-(eta/len(mini_batch))*nw
for w, nw in zip(self.weights, nabla_w)]
self.biases = [b-(eta/len(mini_batch))x*nb
for b, nb in zip(self.biases, nabla_b)]

EE%I{/EH;’Z%E delta_nabla_b, delta_nabla_w = self.backprop(x, vy) JXE;_EEEE/‘]; BRT
backprop 71 AT BH T RS, 0C,/0b; M 0C, /0wl backprop 73 7AR E—TIHEARA—H,
XERFNIVINER—RIVER—MEHARNA KRR HENEHR XA HELE
AT Python BV —RERSIFNEREBILIINIMNIIERNEREREG, 1 1-3 ELZES
REPWEHE=1ItR, TH backprop RIS, M—LEEBRH—iE, KATIHE oo S8
RANMEBEERN S FrLARRE T XL, M2 UEEFERANE T, MRELERAILMR
R, (RAIRERESERBNRGHEE URTEER) -

class Network(object):

def backprop(self, x, y):
"""Return a tuple "(nabla_b, nabla_w)" representing the
gradient for the cost function C_x. "nabla_b" and
"nabla_w" are layer-by-layer lists of numpy arrays, similar
to "self.biases" and "self.weights"."""
nabla_b = [np.zeros(b.shape) for b in self.biases]
nabla_w = [np.zeros(w.shape) for w in self.weights]
# feedforward
activation = x
activations = [x] # list to store all the activations, layer by layer
zs = [] # list to store all the z vectors, layer by layer
for b, w in zip(self.biases, self.weights):
z = np.dot(w, activation)+b
zs.append(z)
activation = sigmoid(z)
activations.append(activation)
# backward pass
delta = self.cost_derivative(activations[-1], y) * \
sigmoid_prime(zs[-1])
nabla_b[-1] = delta
nabla_w[-1] = np.dot(delta, activations[-2].transpose())
Note that the variable | in the loop below is used a little
differently to the notation in Chapter 2 of the book. Here,
L = 1 means the last layer of neurons, 1l = 2 is the
second-last layer, and so on. It's a renumbering of the
scheme in the book, used here to take advantage of the fact

HTHORH B H B R

that Python can use negative indices in lists.

for 1 in xrange(2, self.num_layers):

z = zs[-1]

sp = sigmoid_prime(z)

delta = np.dot(self.weights[-1+1].transpose(), delta) * sp
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2.8 EMMEREL, RAEEESRENEE?

nabla_b[-1] delta
nabla_w[-1] np.dot(delta, activations[-1-1].transpose())
return (nabla_b, nabla_w)

def cost_derivative(self, output_activations, y):
"""Return the vector of partial derivatives \partial C_x /
\partial a for the output activations."""
return (output_activations-y)

def sigmoid(z):
"""The sigmoid function."""
return 1.0/(1.0+np.exp(-z))

def sigmoid_prime(z):
"""Derivative of the sigmoid function."""
return sigmoid(z)*(1l-sigmoid(z))

2=

CE-TNIERIELNRARENSERGZE TN TREIEE NERNKIMEX —
NN EBFIRP ISR HRITIED. FTUBII BN R AEEEAFEEFS RN
— NI ETIETHRERRRTHEETR. XMUEAHISMERN A UB—1ERE
X = [z1,22, .., 2], EFSIMEENMMELRETNDE, MAZETNRAAE,
BATBISFANERELE, M1 EXNRRERTTRIRGRE, EFAEMAENA S BRR, RS
PRI IEH TR AEE. BENE HXMH77E TR B network.py REIIX
PHE. XEFMEFAESEFBE T IARLEREE, PR, Xt/ MEEXUE
TRHECTEER (ERREICRBME, E MNIST X L, FERT E—F8
SKIIRE T 2 BRRERM) . ERMFENAT, FrEREENRAGENZEEZR T LMY
BT EE T W IURKLIAT.

28 EWMEEL, RAGESIRENEZL?

EMMERL, RAEERRENEEL? ATREXNMR, BEERS—MIHTERENT
o EIAMEEI LR 50, 60 FRRMEMENTR. RIKIMEHR EEDERERBE T E
FEZIRIAL! AT ILE CRIRERIT, BT ERNMREBEENTG . BEECFE
AR, AERABEIVENRKITERE, BT —2F, ANAHKERREREER, A
[ERIR4ET o FRUBIAERSZ IR MMRERIERNBHAINERRE C = C(w) IS
FAEEIRE). (RAKEAE vy, ws, ... BITES, HEHERLEAE u, BESH 00w,
Mm—AL AR AR N EX AT

oC ~ C(w + eej) — C(w) (46)

ow; €

Hrfe> 0 2—ME/NBIEL, Me; BES j DABLHNBMURE, ®RAER, FH17ILE
S ERNMBEERR w; BN C K1t 00 /ow;, RENAAT (46). FEFFHEHRILA
HKiITHE 0C/0bs
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29. RBfEHE: 2N

XNMEEEERKEEEFE. M L8, BZLU, EHE/ITRBMALUSE. BigX,
XA EBEREGENRITERELREB Yo

AE, BRNE, SR TZE, BITRRRXENAGEEEEIE, ATIERRER, BREK
1BIMLEHE 1,000,000 INE, SHEMREINE w; BIIBEITE C(w + ee;j) KITE 0C/0w;o
XEERENTIHEREE, HMNEEITELNEKE 1,000,000 %, FEE 1,000,000 giEEE GIE
MER) . BATEHEEEE C(w), SHE—RMEEZEEE 1,000,001 Ko

R EEREERER M A LR ERERE 1A LUEITEMBENRSE 0C /0w;, XER—/XFI
B, MEt—REBEE, MR, EREENITECNHMIEN—E, URBEEER
HItERNABMERENFIEERE, WEERTESH, EARBEEEEEANMNE, Il
B AT R ERREL (46) BINEZ:, BEFLEEER,

XMNREETE 1986 FERFERAES, HERSHEENED DENRENT B, X
WEHR T RENHARE R T HEMEHE. HR, REEEHFEHERR. £ 1980 FR/5
B, AMIERRERR, LEREEERRBERERIIGRERENLS, ABEE, KITEE
FIIAITEN A —LLIRBBAFTAR L EAILL I P EHE AL D) 2RI B R EE FR A LS

29 RRAEE: £BW

ESIRFTHHAEN, REEERN TR MRNEE, 8%, RV EEEEETHA? RIE
ZRUTRNHHLHRERR BEEANER, BRERIEBERN—L, i —HENR%
HER SRR E XA BT EL? BoMRERE, EANMHLEEIXA R BIEE?
BE— BN EE TSR E AT UETRR—EE, XA FENEREERT
XA EEE R, EBAIX R, BTE— MEENEE LIS (AR DR
57 AT, R — AN

NTRABRNEFEEREUT (HANER, BIRRITEEN LML !, #— v
WBTH A, :

XN E = FEE R AUSE ERIHEN A

XA AIEN, BRETIMINIAREEX—FX, TaiAEEIEPEIENTERNEETANEEMNR
ELE, MRAGENRITENERMERNEERMR, XERIERABTELMUIITEAN .
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29. RBfEHE: 2N

O\c

O\c

BE, XERTEFEmE—1NT—E, 2imtE, RLTmAHRK:

ACzAE—A@k (47)
E%ﬁ?-ﬂﬂ%%ﬁ%ﬁ%%E%Ei%%ﬁ%ﬁﬁ—ﬁwﬁ%ﬁ$§%m@$ﬁ0$

T, MBERITUMEIRS, EBERIEERSTHENERRAEHER, PARI
FLEEREITE 6C /0wl To
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29. RBfEHE: 2N

BANER— TS Awly SHTE I B j METHREENTN Ade XMTHE
TFENASAL:

Ad ~ J Awék (48)

Ad MBUBRSHTF—R (1 + 1) WFFEREENEK. RIBAIER— N UEE LS
EINIER, T alt,

REARNFIZ (48), FANEH:

daltl dal
+1 . Y% j l
Aa,”" =~ 5l Bwllkijk (50)
J J

R, XD Adt XEET—ENHUEE. KirL, FITTLRERE—FM o), Bl C K
B, REEMNEEENT VSR T—EMNBEENT L, BREREEMNRSNIT L, &
WEEENFIINT o), altL, . ek~ ok, BALRHTEXHE
_dC dak, dakt Balf!t 9l

— — PEEEEY k
dak, dak=t dak—2 3&3 Owék J

(57)

BIMNEENENMEINEETIRE T — 1 0a/0a XML, EERLEERN 0C/0ak. X
FRERT C BB AT MEPXFERE CAURENEN. S8, BINBREERS vl AT
ZREMEMANRERERE, XERNMMEREP—F. NTIHE C HEMAE, HIIMBEX
PR RIRERVERIZEITRAD, B,

— l l
AC ~ Z oC dak dal—'  Baltt dd;

s 52
T T R T T )
X BTSRRI E 0] BERY P B LTI R T KM, XTEE (47) 1B
oC oC Oak Oal1 aaflﬂ 3@9
owl Z dal 9l 0al2 " 0dt ouw' (53)
Jk mnp...q M YHN P J jk
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29. RBfEHE: 2N

PEAT (63) BRMEEER. BR, XEHELE—MEIFHER Lo AN
RINHE C XTHBHR—MMENTAE, MXPANGIFRINNE: W MEETZERER
HEBXEKS—PMEAXREF, XUXE—MERLTBBUEERN T H it L TrE ER R
FHo ME—TREEE M HETHEURRE TR 0d /0wl BENEUREFHIMEX
FEE ERRZAFHITRR. MBENIEWER 0C /0w, TLEX T FrE PIEERI MATIEINE R KL
AN RN RENEUERR TN STNE—TREZ, XNIZEENT,

BN MEFTAENVABALZE—MBAIAIMR, —HEENET U BTN
o URHMNAHXFTEXIMANAN—ERIZRIN. BE, MAILIESEAT (53) RAIE R
WHRSHENREIN. RR—EMRONEE, THXERE, REILGFRBENERREMRTE
5 HXFrE R BERYIE AR, XM TIERLEIRZ 0k, TE LMD, BFAEXZHNEE, 7T
pOXEEfE, s URAIREMEN T, REMAI, BCHEMBEMNRAGE! FrLURE] LIS
RAEEEBRA—MIT EPTE R ERREEURIKMB A, W&, WaER, REEHERL
B—MIGWHIBINE (MRE) B ERRIERE, NXmBERZMAN R AR,

AR ZUERNTE. RAAXIMITAELLIRTH, MRIMEPE—T, sIURAEM. B
EIRAERI, FBHEXMEBLET TUR LULIREEDS By HIRME & (% &,

ABELth By — LA MABY P ME e — & RS B AN EIFE— AR A FLAY? KRR b, SNRIRERFEZN!
WI4E HAYM =, (RESLR R UL R BN —MIERRR. T=0E, LRSI AERENEA
BIERAE KA EMNE . BEA, RIEANERE (FIEMNER) BNERRINERAIMA? SRS
KB XTRKIERRAT A, MEAKNEKERES T —EHERNA LUHITHOERM S, A5
R T —LEfRE, [FETEMERILE, 5 TH, AEXERIN—LEMRAZHE L. HI/L
TIERIERRBUHE, MaRMRANERAEERTIFNOIR, EAMBIRT REMISHAET
7! EBLEFMN, HEERFMEANEIEAEIEMNER. ANIBRERZ RIS
AR TIERVAR R,

CFE—NIWMSE, £512 (53) PHPEBEEREM o)t WEUEE, S Z A RBIREBAN, Fla 2L,
ERFREEE, MRMEFRIXNER, MBLALERABUEE o', (FEINIEBRERLASRIEA HAVIERH

ME AL,
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HHEWBRIF ST 7E

i

Il

&

H—PERAKFNFIEF ST E/RKEY, @8 SEETIES LEBARSHTE, 12
I 14 SEEFNET DEIZ U A REMIERA I, FIM K AHBANARK, £
W89, BANMEMAREERAEREEARER L, XPEHANTR “BREN, HENEFK
WA TEZIMA R R K8, RIWBEETERARBEBAREARNIXT RAFTENIR
AYSEH, RAHWEF IR

REPRBRABE: BN RERBNER —I BN RER; Oy “Weh” 89
FiE (LA L2 Bef, FRANIGEIENANT E), XRERANRINSEIGREZ IR
Bz, BFRINENGN S E;, REEMERFNBSUNR AR L AFEREE
B —ERBHEMBANTH, XENIEZERVRIIELLIRK, AR LUEECHER
WEE. AIEENERLIMXERA, ERMIIRIESES —EPRI0 KR %R,

B2, HNMUNBET ABELEHZNERMARLBEHAIRAN —RRRNE. MR
NWEARARPATINRERE, BERAANMA—IHBOREER, XBXAPIUR. EiETXLE
FKEBRARNNGXERATESNIEEEER, MAZRUIRX AL BRI ML
ARVIERE, XU MUFER R REF = E MR T /E &,

3.1 RXBAMEREL

FMNKRZBAFTERRIELHIR. EAWBFIBRTNEAA G, HE—TIAREIMBT A
F5o FREK, FBIE/ \ESMVHERERSRMN. HEER, RNTRELEZTET, B
AEDPANEBHTHPHEIR, S8, RIFFEEL. T, REFFO, HiNEZENBERIL
BREMF SR EMB AR, M ZEE TARBEREESBERD! Bk, ERIER
FERIFHEXBIE, FINTIEZER[EMES.

B, FIHENRFHENE R LM EIRFPIREMT S, EREF, XMERZLE R
15?2 ATEEXNE, LENIBEE—MNIFo XMFEE—TRE—TRARHLT:

bias b

weight w i :

BMNZNERZX M EL TR —HIFERSENE LRA 1Y N 0. 28, XEEST, F
THEGENNEMREMAIULT, IPBEFAFITE AM, BRKERBE TENAI
REINENREBREB L. FTLL, FAIRBEEHLTNEF o
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3.1, RAXJBHATERER

AT OIFERH, RSEARBNEMNRENBL 0.6 70 0.9, XEHRZ—ARBIFFEA
FIRERE, FHREEAZAEREE, —FHIERVELThELHZ 0.82, FILUXERNIBBIRE
H 0.0 EEBRZ. REMITEETATARN 517 RHREEHLTNEF I 2 iR
0.0 B AERXANPR—IPELREHHE, RBINRESELF ERIEEHITHRENITE, ARE
BREEIRNNENREHTEN, HERTER, REFIER =015 #TFI—HH
EBBHNLIMNREF ISR, Z—7EERIET FINNERSZRA, IR ZRLE %
To RMNMERBEINEE —ERZIN XKL, C. XEHBRATEBITI, FIUTHEER
FREEEENX T, AR, RALUBI /&M EEFSR “Run” HBEEBITHEZ Ko

Input: 1.04©—> Output: 0.82
w = 40.60

b= +0.90

Cost

Epoch

FEEIXAHARYIEIN, MoV, NE. REMNRNMBNERIN TE—RIIEAHAR:

Input: 1.0 Q Output: 0.39 Input: 1.0 Q Output: 0.21
w = —0.38 w = —0.81

b= —0.08 b= -0.51

Cost Cost

T Epoch T Epoch
50 100

o1


http://neuralnetworksanddeeplearning.com/chap3.html#the_cross-entropy_cost_function
http://neuralnetworksanddeeplearning.com/chap3.html#the_cross-entropy_cost_function

3.1, RAXJBHATERER

Input: 1.0 Q Output: 0.15

w = —1.01
b=-0.71

Cost

Epoch
150

Input: 1.0 Q Output: 0.11

w=—1.21
b= —-0.91

Cost

; Epoch
250

Input: 1.0 Q Output: 0.12

w = —1.13
b=-0.83

Cost

T Epoch
200

Input: 1.0 Q Output: 0.09

w = —1.28
b=-0.98

Cost

—— Epoch
300

IESNPRERIL, fREITRIEMF R T EE AN KR TENNENRE, HHTRELHNEEN

0.090 XBANEIAMNBIBREE 0.0, EZ

BART T BRgINMERIENENREE K

B 2.0o MEFRMmEN 0.98, XEMEMRMMENERRS K, WEBEHZTT IHIIE,

Input: 1.0% Output: 0.98
w = +2.00

Cost

b = +2.00

Epoch

REMTTER “Run” %3, RREEIINTFH—RIIZL:
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3.1, RAXJBHATERER

Input: 1.0 Q Output: 0.98
w = +1.85
b=+1.85
Cost
T Epoch
50
Input: 1.0 Q Output: 0.93
w = +1.32
b=+1.32
Cost
T Epoch
150
Input: 1.0 Q Output: 0.36
w = —0.29
b=-0.29
Cost
; Epoch
250

Input: 1.0 Q Output: 0.96
w = +1.65
b= +1.65
Cost
; Epoch
100
Input: 1.0 Q Output: 0.80
w = +0.66
b= +40.66
Cost
Epoch
200
Input: 1.0 Q Output: 0.21
w = —0.68
b= —0.68
Cost
— Epoch
300

RIAXMIFERNTEFENESEREK (n=0.15), FIMTUETINFENZESIRERLLR

2188, XIRT 150 ZARFIIRE, NEMREALKERXERANEL. BEFIRENR, 5
E=PHIFHREMT, HEREEAYE B HERESE 0.00

T ABERMALZITRHERER, ENFALTAKAR, HIEBEEILELR

BRENREZINRERR. EERINELEE T ALRETEHILERANE R FTEEES
BEXEE. MH, XHFRKMINZEXNNMIFHRED, BREEM—MRAHZMNETEI.
NEFEIWMLERIE? Tl e IR R R XG5 7AMS?

AT EEXNRBRYRE, BRRIHL T8I NENENRE, FU— MUY
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3.1, RAXJBHATERER

mSE (0C /0w F 0C /0b) RERVREF ). FFLL, HANER “FIRE" B, KhrLmZEl
XERSFERR N ERMIMNNAXA/NEIMNERBIBE. AT EEXLE, tRINTERS
HEE, RIN—BETRANEARE (6) RN RANEKE, EXWT

2

o_Ww-a

: (54)

Hrh o 2HZTiviEE, JIGFEmAN =1, y=0NE2BEFaL. EXMERNENRER
TRAXD, FlB a=o0(z), HEF z=wz +bo BRAEIVENRKINENREN RS EME

gg = (a — y)a/(z)az = aa'(z) (55)
oC .
% — (a-1)o'() = ac'(2) (56)

HAZEER 2 =1My =0 N7 NTEEXERANNTHN, EINFLE o/ (2) X
—Il, BERIZ—T o REEL:

sigmoid function
1.0 4
0.8
0.6

0.4

0.2 A

0.0

BN UMXIBEIRSY, HEExiimbiEn 1 PR, hETEENT, o/ (z) MR
INT o F5E2 (55) FA (56) LEIRBAT 0C /0w F1 0C /0b =HER /N XELMEF SIEEHNIREAFT
. MB, BNEEBSED, XMFSRE TEHNEREESSPR EtEEIN—ARBEREREF S
FIENERRA, HAMUNEEXMFHFREEN.

3.1.1 SIARXERMERER

BAFATINEIER RN RLERVE? B5UREA, Tl TR OB e AR S AU BRI R
R AT EBTARKIXE, HIHEHAE—TZrvESE0F. KL, FHIIMERIZ
—PMEESETRANZENNEETT, o1, 2,. .. XNANEN wi, wy, ... MRE b:

x1
M
T2 T3 b a=o0(z)
3
€3
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3.1, RAXJBHATERER

TV o = 0(2), EF 2 =3 wjz; + 0 BEABHERM. Ffi 120 TEIGXH
TR SO BRER

1
C:—nz;MMQ+ﬂ—yHM1—@] (57)

Hehn 2YISEIERN 2, RKMBEFAEMNIIGEAN « B#1T78, v 230898 iR Ho

FER (57) BERAFS)IERENRTEHTHEE, LirL, EEBXNENEBERANRED
AEREMBIN! HRRFEIRIERT, HIPREBERXXIE ARG — MU,

R BEMEANRBERRRR,. F—, BRI, C >0, AIUEH: (a) (57) F8
RAFBIFFEIRILFIER R A, FRANEERHBNEXIHZ (0,1); (b) RMFERE—1 RS,

EZ, IRWNTFFRENIIERN v, METLRENREELBERE, BAREREZLO0,
BAREXMITFH, y=0Ma~ 0, XERERITEEEFINER. BIEILR (57) PHE—TM
HEET, ARNy=0, MEZMEFLEME —In(1 —a)~0 RZ, y=1Ma~ 1o FTLITESE
PR AN B AR H 2 B ERE ), RN EIERET .

g EFR, XXBRIEND, EHETAIRIENEBRENRESEDRL 0, XEETHER
ITEEMNRNREAFE, ENXEFENRTRRNRBEEN. T, KIXBHRIERETH
BT BREXIXBANBEE— ML ZRANRHEEFNEERECEE T F S RE TN
B, NTFEEXMER, BITREEXIXBEREXTFNENRS . Hi11E a=0(z) KA
2 (57) P AFREETCAN, 53

oc 1 Yy (1—y)\ Oo
ow; n Zx: (U(z) 1 0(z)> ow; (58)
1 1 ,
T n Z <a?z) B 1(— U’é/Z))> (2)z; (59)
BEREH—T, B
oc 1 of(2)zj o
ow; n — o(2)(1 - O'(Z))( () =) (60)

BB 0(z) = 1/(1 + o) OEX, FI—Le58, RITAUEE o!(2) = 0(2)(1 - 0(2))e BE
FEAIREBRINHEXA, HIERUEEEER MR, BIBH o/(2) M o(2)(1 - o(2) X
FIES ISR EEAET, FUBATRARE:

oc
8wj

=~ Y (o)~ ) (61)

HXE—MIENAN. EHFRIMMNEFZINRERE 0(2) —y, EHMRHHPRIRERNE
fille BRANRE, FROVFIRE, XERNER LHATNER, 530, XMUMTRETESR
THREZTRANERBPLUSIET o/ (2) SBRFIEIE, W52 (65). SF/AMERRZIERIRY
&, of(2) WAET, FIUBNABREX L ERFIRLRRFR/N XFLIFRIE IR BT KAV
Mo KPrL, XWHABIFFETENER. HMEREALUESR, ZIXBHELRZHE XM
MR —MERET

"ATIERERTERICEMAL y R 0 X 1. XBEEBMADKRANER, FlW, BiItERRRH, BT
AN MIXMRISN SR ER A, BEERTERIIAIES.
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3.1, RAXJBHATERER

RIELEBARY A, HATAILUTER X T RENRBS . RXERBLTIFANIE, (ReIEL
RS WSS N
% n Z(U(z) —y) (62)

B—R XBRT RANREFPEPAITIZ (56) F o/ (2) MBHHIFIEIE,
%3
« BIE o’(2) = 0(2)(1 — 0(2))o

UHRNERSRRINGF, REEBRK T RXXBZEHNFS T2, WENRIRBEIEINSE
FCE SR NLE, FIatERN 0.6, MWEN 0.9

Input: 1.0% Output: 0.82
w = +0.60

b= +0.90

Cost

Epoch
Rl ‘Run” HABETERMRI B Z ERMESHNEIER, MREFNNZHadL:

Input: 1.0 Q Output: 0.50 Input: 1.0 Q Output: 0.30
w = —0.16 w = —0.58

b=+0.14 b=-0.28

Cost Cost

T Epoch T Epoch
50 100
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3.1, RAXJBHATERER

Input: 1.0 Q Output: 0.18
w = —0.90
b= —0.60
Cost
T Epoch
150
Input: 1.0 Q Output: 0.07
w = —1.47
b=-1.17
Cost
; Epoch
250

Input: 1.0 Q Output: 0.11
w = —1.20
b= —-0.90
Cost
T Epoch
200
Input: 1.0 Q Output: 0.04
w=—1."73
b= —1.43
Cost
—— Epoch
300

EAFE, AXMIFH, AETFIGRILE, RZiERNS, ERNIBTEEZRH
BBV BIF (55E) , NEMREER PRI 2.0:

Input: 1.0—>©7 Output: 0.98
w = +2.00

Cost

b= +2.00

=i “Run” ¥, REEZIINFERYL:

Epoch
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3.1, RAXJBHATERER

Input: 1.0 Q Output: 0.59 Input: 1.0 Q Output: 0.36
w = +0.17 w = —0.30
b=+40.17 b= —-0.30

Cost Cost

T Epoch T Epoch
50 100

Output: 0.13

Input: 1.0 Q Output: 0.22 Input: 1.0

w = —0.65

O

w = —0.95
b= —0.65 b= -0.95

Cost Cost

T Epoch T Epoch
150 200

Input: 1.0 Q Output: 0.08 Input: 1.0 Q Output: 0.05
w=—1.23 w = —1.49

b=-1.23 b=-1.49

Cost Cost

: Epoch : Epoch
250 300

PRINT | ORMETTRFIRERZR, BRI IERRIIBF. MRIRINBIEEFAE, (Re]
URIMAN REHLZ L R AN R G EB D EREEREZ. BRI IESEBIBEE LT
=34, XIERRMFF S MLt Rl ™5 ﬁﬁEuE%EV%TO

HIEKBRRNABIREIR T HAFEIERR, WFRER AN KRR, HIIERT
n=0.15, TEFHBIFH, %ﬂLfﬁ@%ﬂﬁm%Tﬁ$M7iﬁt ﬁ%?ﬁ%ﬁﬁ@ﬁ,ﬁ
MAREBEREERRFNFIRR, XIFLERMEFRILER WTXMAPAN R, HR
BB B AR E — P REBIL R NBE R BRI ENF I ERRNE, REFTERIRN,
BINRIRMDATFET, X MIFHRZIERT 1 = 0.005
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3.1, RAXJBHATERER

fREJgEa RS, LEFSRKANEHE LANERETEX, BSERIFIERKRE
REREEENENEHLTFEINRE?! IFNRNELSEMEER, FENEGIAZE/NY
WEINENERE, MEBHRT IRENZWIE .

i, BIROVER RN, FIEMHZTIE T RERNBEIRIIHERA