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1.1 125
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z1

T2
T3

0 if S w;x; < threshold
output = { 205 Wi < (1)
1

if >°;w;x; > threshold

Xt — MR SEPTEMFTE FI5!


http://en.wikipedia.org/wiki/Frank_Rosenblatt
http://books.google.ca/books/about/Principles_of_neurodynamics.html?id=7FhRAAAAMAAJ
http://en.wikipedia.org/wiki/Warren_McCulloch
http://en.wikipedia.org/wiki/Walter_Pitts
http://scholar.google.ca/scholar?cluster=4035975255085082870

1.1, RAZE

HXEEANMARE, (Ro] LU SE FRIENERFHRENRE LRENMIF. X
TRIFEELNGF, EEFHEM, MARRENZBERSKEIAF. RIEXTMERME
KT, IRITRIRFAERIMTE B MOET . MERPE, ERERAEREEEM. fBiFzEY
B = PMRARKENERIFHRTE |

1. RREFE?
2. IMNBPRAELRREFREMRE?
3 XM THENNMRERREIN@BER? (REF)

IREILUEX = PMAZE W MEB T HBILE 21, 29 M 25 KK HIEA, WRRSEF, HABE
x1 =1, WRDLF, z1 =0, £Bts, MRIMHNBEPRALBARBZE, 22 =1, B o =00 3
M RTR B o

WE, RFENEFNERNIZE, UETRMERNBAARLPERIEAE, BRERE
ZEERE L. BRMIFMHAKREERENRS, MENRRSIAERMZEL ], Re] XA
ERRANSERAXMRRBIIBF R, —MAARARINEEFEN v =6, HEFHARN
wy =2 M ws =2 wi WRFEAE, RARIWMEERE, LIRS MRNLARFEIR, =%
ERIOINZBILEENS, &fE, RIIMERANBVEHREIRN 5. XiF, BKIESKI T HHERR
RIRE, RBRSIFpAEE 1, KAEFNN 0o WFMNBREANLBREEEE, SEME
BEEAHEE, HiaHlEEE,

MEENEMRENZL, RS AERRIEE, Fi0, RISFAMBHEENRN 3. BA
RABZILBRIFN, HEBLEGZBBRAMRBRRILPERTHER, KEHER,
BiER, EENT A I AEAREE, BERENRTIIERES.

REAR, RBASBFAZAMHRREANDEIRE, BEXMIFiREE T —NREAEFNRBEEN
BARRIRIEFRARR, XE AW DUIRBIERE— R S MEBE B B b By RE |

output

FEXPWER, E—5IRRAEE FAMTEHANE RN — BN RIS =
PFEEEIRE. FBEZZHRAENE? §—MIENEE —FRRRERHMLRE LUX
MBI, —PNEZEFHRMBAI UL E-EFNMEESE XMHRIVAR, EF=EFHIK
MBEEEHTEERPRR, UXMARN, —PZERASEMER UMEE RIFERER,

IRER—T, ZWENBRAENERAERMBIE— M. T LENMETRMBIE L
EREEEZ M. Kfrt, MINDARRRELEY. Z DRSS HFT K E TR — R
MBREEHM A THERASENEA. EMIEE Ml o X8, E/INT5LE,

IEBANE RSB RERFER &M 2wz, B EABLETRK, RTAILIEIZANMISHE
EhRE W B—TENBIE Y wijz; MEMRF, w-x=) wiz;, XE w z XNANEMH

3



1.1, RAZE

ANHWAEE, E-NToEIBRERIAFANS L, FRRMBORE b = —threshold U
RREMASEEE, BBARMSHMNPIUETA:
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1'1—‘

}D‘» sum: x1 P x2
€T [
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MRBNAEARIFXMZRN, BAIUBERIBRFESH AT —IINERN —4 ERE, MAERD
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. 1
T 1l4e

o(z) (3)
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sigmoid function
1.0 1
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0.6 1
0.4 4

0.2 A

0.0 T T T T T T T T
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W — Wy, = W — n—awk (16)
oC
/ — JE— —
bl — bl = bl nabl (1 7)

I EENAX—BHMN I Iwee LR TW, FEBEEEREINHNHRENR/IVE,
MANER, XE—MEELMEMEZ SR,

R FAEE FEMNERZ K. T PRE T —=RNITIE BRINERER—1 R N TIE
FRIRZ A, FAEEB(6) PR ZRAN, FEXMNBEEEXFNTEA C =LY C,»
B, ERBREMIGHEERN C, = el gypmE, EREh, ITIHERE Ve, #i)
FENSMIFRAN ¢ R BEREME VC,, RARRFIIE, VO =Y, V0,0 TEHE,
B NANBEI AN LR RKIE, XFREFITR/BEZIERE.

BRI HREIEE FRENE LR INET S, HEEMEEI IR SR NF 1K
HE VC,, #MEERE VO, BT HEDEFARFIIET TR LURES 2 — 3 T SLrE
E VO BRENMEE, XEBTINERSEE TE, #MINES >hd12.

BEMMIR, FEALEEE T BT ENLEBUNERY m NIRRT, Tl PR X LAY
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,.
BEALIEE N fEiE i e e B I 2R B N RO/ it 8 B ER T AF,

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

‘SRR E, BESEAIZRI—¥, BN 8°C/0v;0v: = 8°C/0vidvjo [EIFE, (IREIEEAM.
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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, SBFENNE. E512 (6) F, HIVEIERF L KeREBMUNREBIKR ). AMTE
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,
XEKREAGEBEIEFRMET 6,000 &F! A, XMIBEHFERTEN — FESHITK
o) — BRE&VETE. HNIKRFERONBER MDA LBESIRELD C, MXERERNTHE
BIFERRRITE. EREP, BIBE TREEMELMBNFIPR ZEA. 20808
R, EERABRERANRSERF IR E .

%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, REFNMNEMS—MIERAN, B—AEIMNENRE. ItEE, X MIEHETN
4. online. on-line. EBFBEF ], 7£ online FSJP, BEMEE— N REFES]—
MmN (EWAEME) . XWEEEB—N 2K/ 20 BFEVEE TF, 5
BB S B — MR — MRS

NP — DL RIEEAREEE TR ARRBER SEXEOIRNE. EEEMED,
MR C B— PR TARENENRENZTTREA, REERMEX EXR, 2E— 1 a4%s
BEXT —PFHEH. BEARGEEBOME: I8, ROMBBRATCZHEE" MWII=H
AR “BABRBREINAETE, EABRAE (RELBHH) . BTAEMITRDEMRE
B BFERTERBRES? SRR BMERZERT WA SRF RO EBR HIU4E T B A
Fo MBI, BV BRHEENAERBESAET A4S, ENIAN] EEFAMEAIAREE, 3
AR (MARER) #E AC KITBENETUAEEL C B, BBLEETRESHERARL
BEEEESBETZTRBNRARANRE; RNPABKIGEE—MIF. XERAKAEZBET]
SJBTEE =LA AR SR, BE—BIRUREXFIIRIRE, MEBBEMBNTESH%ER,
HABEXEFART, NRIMRKE, RA LR DR T ZUBHFRINAEE 54T
ITit. BNV —ERARRZAERES, BRESZERFHNATERLRENH 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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http://mathoverflow.net/questions/25983/intuitive-crutches-for-higher-dimensional-thinking
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git clone https://github.com/mnielsen/neural-networks-and-deep-learning.git

NRIRTAE git, WETLAMIX B TFEEIRAAI,

IRER—TF, HFIEZaiHER MNIST 2B, FIRE DT 60,000 MIIZRE A 10,000 4
MiHE &, XE2EHH MNIST B9k, SLirt, HITEBHEMARN ESEHT 9. &K
(MR EFSEREE, B2%5 60,000 NEERHI MNIST JIELED LR DERS . —E84 50,000 D
B, BITEARIIGERIIEBEMEE, F—NBIRA 10,000 NEERIIEIEE, EAREHEA]
NMEBWIEHIE, EREAPHNEEHITESAN X TRRNEEIRE F LI ML T8
BHIEREPN — FINFIERRE, XESHIHBINNEIELEELER, RERVIFHE
REFA MNIST FSEM—E84, AMIFS ALXFATUER MNIST, H BESREMLEHERK
IFESREIEMN, MIMTERYIKRIZE “MNIST JILEIE" B, FRIEMESRITH 50,000 MEE
HiEsE, MARERIBM 60,000 BGEEESES,

B£7 MNIST ¥3E, HRITEZE— 0K Numpy B Python 2, FSRMUIBIRL MK, IR
%8B 2225 Numpy, TREEFS M X E T E,

FEHH— NI ARBEBER 28, LEHRER—THEMEBIZOEFE. ZOAEE—
Network 2, FATARFTTR—MHEME, X2HNTBRIBL— network STRAIED

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
Eth #Z TS = B 5 ARG, XMk RSININFAEEES IR — i j M k
RIISFEFEN, WERD? FAXMNFNEANNBERCERELE=EHELTHEZINER:

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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https://github.com/mnielsen/neural-networks-and-deep-learning/archive/master.zip
http://numpy.org/
http://www.scipy.org/install.html
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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

78, HITEE network WRMHNFERBEEF o MUK MNAEN]— D KRIMFEVEE 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 IEIRFIAIAY IECERENE, MRERB/IMEEEIERNI KN cta BF SRE,
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)]

KREBD TIERXITRIBSERR:
delta_nabla_b, delta_nabla_w = self.backprop(x, y)

XTERT —MMARAEFEBHNEZE —MRERITEANRKBNEENHE Hit
update_mini_batch B TYEXAN @ XS mini_batch FHIE—MIGERITERE, REEHME
T self.weights F self.biaseso

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

URNE—TRENRER, BRERZEIZEIIE TR, BRT self.backprop, ZFEEHT
B ETR — FREMEETER self.scp M self.update_mini_batch 52k, XTHEFHAIESR
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
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https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/src/network.py
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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, WRIMBIXEHEETITHE, FITRSRE L6 — W T—a HEples
(BZE 2015 F), ERERER/LOWRIET. RBIMLEIRTE, AEFRHREHNE
— ML, IRMFETERERIESER, R UBTRERIRE, B/ REESZL TS
2, WEIERMDIINGEIERRESEE, ERXFTENRIPRERRERIR: XL Python Rl 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

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

BRI, STIZRBINE L HAVIRFIZRE A 95% — TEIE(ERT Y 95.42% (“Epoch 287) |
ERAE—REW, XBIFESATEN, AMKLIZIRER, NRIMETRIBAEFIINER
MBEHFTE—HF, BEAEANFMERT FEN) ENARENRERTBERNIIIME, HTXK
BT =RsTHhNRMERIENERENER,

BN EINET LEKLK, RKEESMETHENE] 100, EWFImEmNER, WMRIF—LHE
E—0ETRE, BN ZESMTEREEESK—EEBERAT (EHRAVSEL, XPRK
F—RIIRERFTE/NT), RIRBENHER ARIDETHER, 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 I, (RUNBAMER ZFIRIIBEAER 30 MREMETHMELEN, 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
BF WA Z AR GHEENBBIFHER, EEBENE, HiFH %F‘ETE/EE EEIFRY
BEHMIFREE, RITEEEAPBPINIEXE, O LEREEAFEFBSHN,

%3

- HERER—MUBERMERINE — /\Eﬁu)\):'ﬁ ’\Eﬁ
RERBE. BREIEE TEEEIINZ

4R, HHIE 7847110 1%
REEAEI S IRBIE?

ZHIBAAS, BB T amME MNIST BB T, XRER, XBHIH T TENAR
13, ATFFME MNIST BUEMEIBESHE X ERTEIEMER — 2B ERIER, TAM
Numpy ndarry SIRIFIER (WNRIRARAE ndarray, FBFIBENTEREZ) :

"

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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1.6. SKIFAIBIRILER D 280

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
AEIBNMIBLI T KB 10% BREZERD . HITPRFELXMITELF!

—MRENBERER? LRNER—REERNEE RINSE—BEGE28. Hin,
—iE 2 WERIGEEEL—1R 1 HEGEREL, MXRANELZEERFET, ETENTAE
zN:ip

2/

XA LRGSR RITERFE RN FIIEE, 0,1,2,...,9. ZE—R@HNER
ZM, JMETEERRNEBE, AERNEZEBMEFHNEYIBEE. XE—MEENER,
MEARZRERIE, FMIUBRTEXRIREIEE HK — WRIRBXHE, RIBTE GitHub ©
FEE, EReMBEVMIENAELLE TR, 8EEF 10,000 MAERF 2,225 BIEHE,
BN 22.25%
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1.7. BEREEFES]

HEIHEREFERBHERE 20% 2 50% ZBHDE A, WNRIREEE LB 50%. 1B
EREFSNBEARE, XEELSWIATNNSRFIELRREEDN, UFRNMNEAERETR
ERNEEZz—, ZFAEN, T SVM, WRFEARE SVM, FEEL, HINFHFEEER
SVM tEl TYERIATS . BATEER scikit-learn Python 2%, T2 T —MEEAY Python 2
O, 8&7—"MNAF SYM BRI, #A LIBSVM B C &,

WMRFATRENZE BT scikit-learn B9 SVM 732828, ABAEHEEM 10,000 NI E&R &R D
359,435, ((RIBAILIMXERSR), BE—MEANNE, mEiF FHRINHENETFIEENE R
DEFE. WE, XEKE SYM RIEB/LFMEELNE—1FF, RRET —RMB. TEHEE
THERMNENBFBEAR, IEENMBEBOENHEMEFEFENRIELL SYM Bt

XABWENER, JAM, 10,000 19,435 BILERE scikit-learn £13%J SVM BRIARVIRE . SVM
BRZESH, EHRIFTLUSRERINER THEENSHEEN. BASPBRMHXLES
¥, MMRMREHETES, ALUESZEX) Andreas Mueller BITEE . Mueller B/R 7@ —L 1k
SVM S T(E, BrJaEIBMAEIR SR 08.5% BIFEMIE, A&, —MARITH SVM, 70 X
BRRRNFIE AT, FELIERET T ! MENKEMIFIETID?

B E, BM1a. B, BORITHWHENEHEITAEEHER MNIST AR, 81F
SVM, I7E (2013) BILERZEM 10,000 BMERHPIEFHD A 9,979 T XZEH Li Wan, Matthew
Zeiler, Sixin Zhang, Yann LeCun, # Rob Fergus 52, BATEEXAPBEEEEICIIAN
KREIDFEAR. BNERBMEREEET AL, MALUREY, RAEKNZH MNIST BGREZEXT
ANFERGEBRERE IR, Flu:

OIALIS 2 N85 (
A2 UL &R T

BRGIMFRIPLHFRENIN ZEE MNIST BRSSP XENENR, HEMLEEE &R
1R 10,000 TN HXEGRPIRT 21 BZINNVEEFMBEER, XRIGHEISEH. BE, SR
B A RS AR —D MRS MNIST MFHRE TR — N ERIE L. (BRRMERNIZ 1R EIAY
Wan FAREXFAREENE, USNRIBSESNEELE MEMNEX—EFELEINE
ENTTE . FIENEREBIMIIGEIET S, EEMEX L, HIHERMPLEER
BAEXPEENSER, XAEER-:

ERNEE < RBINFIEE + IBIZEUE

1.7 BEFEEFEY

BABMNBIHZNELHT S ANRRZIBRI, EXFRRINEE /LM, MBI
ENREEREIRINB. XEWREA I FREILANERW A EAMBI. BT 4. FiIBESK
B —LEARERRMNINSBEIH ARBOXRFENF? HE, B8 TXERER, i)
REMIS B 4FS?

AT IEXLERAE AR, BRI TFEEENE512T ATERE (A). EFR PR, &K
IREER B XM BEMER TIFNLAING? 50, HANBEBFIFINENRE, XEERK
NEEERY, XENHELMENHINIREZTERN. EATERNFHARME, AMH
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1.7. BEREEFES]

EEWRATERNSIIETR, WENESHERIEEEEERINNE], URALKAY

T BERAERTAIE SRR AMBINIG], BAEEEM A TERERINIH
FEERXERR, RN ENBE - THELSHIRIFTANATHL AR, (Fh—i

BRIHEN . BRGRINERE—BEGRSER~EARS:

i ok 5o

AR LUBARF5IR5PIEAVER 5 TR B e X Mol — WA BEGTER,
LR HR — MR MRELTTA TR “B0, X2—KK™ 3 “f, XT2—KK

BRIFA LRI T X1 T50%, BEFRBNANEER—NFIFE MEEZAFFIRIT
— PR, ANEEFRSENNENRE. RINNEEFER? TRASIEEENES, IR
BARN—1MEERRX N TR BRINELAE—TREE? A LABE—RE
i5? REE— T RFE? TEPRE—NEL? LEAEXLS? EIkE,

MR-ERFENEER "2, WEEEMNNE "HER", BAT TR UFHEIEX M EIR
FIRER— KA. MHRH, MRAZHXLERFTNERZE T, BAXKEGRAETE KM,

A, XMXNE—MEEBINEE, MEEEEITFZ0RE. BIFENARRX, BEXK. 1
WA MXEEBR R E D, HEXKREEAER, Hit—LEEEFIEREMAT, ~IxX
AR T IR TREB LA EE WS RARRX L TR, ARATNTEIFRI OB KX AR R
FIRJRBINBLE SR, WHR— D ARMNBEEMSE, TERIZ—1ARERSEN, ERGE
RNFME, AR, XABR—DARNPIEYIMEBERTTE, MEN T HEIHRN M ZEMN
FUEIERBENER. TERZXMNWSERLEN:

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. iz SBEE LM,
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1.7. BEREEFES]

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
Fo IAXERFIBYZEEXTUENGERS — BN “EELABEE, LEBIKEE? —
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, HNKTET —PNE, ERF— P EREXRNFE — XKERESE—K
AN — DERNEREREE LA EENIFER SRR, BT —RZEEMRTH,
ERIENNEER, EOEXTRAEBGIFEEREHNEEN, TEENNEER, ERIIT—D
EMNEZRMMRNEREN, BEXMEZEEN — REXNEZRREE — BINESRIRE
ML
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A, FRBREIWMAEZRR T D BN FNE, FLIgIMNEFRRINENRE T =)
KEREY. RMARZHRZ, HNBEEAF IR ENRILNEZRETE Ao MIZREIED F SINEN R
£ — XIF, Ol—MESRREREN, 80 R 90 FARMMRARZIR T EAMEIBE T
AR B RERINFRENS, FENZ, F7T —ERHRIESH, i KBERFREFIER,
BANEEEFS), ERFIREFBERE, TEEEXRFPER.

B 2006 FLIK, AMBEEART —RIBRAERERZNEEBZF S, XEREFIRA
BETHNEE FEMREERE, H5DETHNEE XERABZEER (BFX) NS
#illZx — MG —1E 5 2 10 BEfREENNEEZRE WA, MESSKIERA, FiFZnHM
£, EftBEREHENE, FlINE—NRENNE, RANEMLHE. SA, REER
EMEREBEHEE—NERNVBRSHNRRER, XA REERFIEIES LARRUBIIZ I H
SKBEKQREZFITENIER. BRENESLENEHITHEL, BREBERK—1ESHT
REERANIERIES 5 — M EEETREE RIS EIE S #HITX . MREFEZWEPRIFI
MESRRNRIEAVELAR, BERFEE,
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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/ ow WFRIA . XNRARNFIFENTERENENRBERN, KNRBETUHNRIE, RE
KIEAAREBERER, FTIEEHEE—MER, MBS M REXLERHRE—MHEANET LY
R FILUREEBEANNE—MFEINRRE X, LR ETIEFHNTAE B EL LA
BEMRERNTENNENITH. Hit, XthERFIREEBFAHNEZNETE.

NEEPMR, MNRIEEHEAZE, REEZRE T, HEULUN., B THREENER
BIERAEEEMRSLEIUEEN, S5, EEETHFHIEBONE T RAENLL, I
URBEBAHUAENESE, FENXENIRS, MBRNESHNAT 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.

A TE Sth LS P ERAEMIE Mo FANER wly, FRM (1 - 1) EHY K™ DERETTE) 1
FHY 5 MEZ TR FRUNEE, B0, TESE TNEFE _ENEN ML TIE=EM
B ML TR TR ERVIVER:
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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

XEFRNFTHEELRSEE, FRE—REEEL. B2, EEREAIXFNRTIRIERT
EHREA. FEN—RHEKSZE MR j Mk BIF. MeseRERIREMGE, BRETH
ZERIRA AZZIF .

AT MEHREMFUEELSEAEMIRTR. B3, HAVER o, RRE I BE j©°
MEETHRE, £/ o ®RITEF P MEETRAEE. THNEFEMARRE T XFRT
RIE N

BT XERR, ' ENE N DMERETEECEE o B (- 1) BRACEEBT HIERER
k7T (WA (4) N L—=07e)

aé =0 (Z wékaf,g_l + bé) (23)
k

HARMZR (1 - 1)™ BB kMg E#HTN. A TREENTEAEETXMRER,
HIMNE—R | BEX —MNEEMR w's NEREMK o' FITRERERE I BHETHNE,
SIS, EH N 1TE N PIRTERRE ol KM, WE—R L EX—TMRERE, V.
REABEXENATET — RENENS N THERENLEEA LY, SPTENLT
I BB MRETT. &E, RINEXWERE o, HTRERLEREE d

EERMNFESINAEXRE (W0) FZBEFETAES A (23), £L—F, FHITHSE
ELuERENT, HEXMEFERRY Wo) A8 v AN MR, BINER o(v) T
XML TR AITRIREAIER. FILL o(v) IB D TTERARRE 0(v); = o(v;)o BHIF, MR
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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

RAEFEENEARZITERNEE C D5IXT v b BRSE 0C/0w M 0C/0bs AT iLRA
Zi&e1T, BMNFEHEXTRANMRBBIR P EERIZ. ELAEXMNMRIZZE, R EE
BEBN—MINERE. FM2ERLE—EERNTRANERE (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
FIRANMEEAG T, HRNEMNRIIAINIGHEERERNZE C, = 4|y — o|?e XMRIEXTH
iR 2RV B E A — MU BB AR R U 2 BT

FEXNMRKPRAR R AEREER L2 —MRIZBNGERITET 0C, /0w M 0C; /0bo
RRBANEBIERREINGER LT FINIRE 0C /0w M 0C/0bs KPR L, BT XMRIE,
MNEZANINGEE « EEREEET, 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

7T, BRAFETSIE (25) PRITFEER/RXENEHRBHLE, XE—IINRE, BRSARD, XZEERINTLTE
BAME (BF) “WANERMEIBUEEL" XENERENTRE,
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2.3. Hadamard &f2, sot

af

cost C' = C(a")
a

i, SRENEHFRRDER, AT R@milsE « R RN ERE LS
(=
1 1

C=3lly—al? =5 > (y; —af)? (27)
XERHORTENRS, YR, N REERERHRT B y, RERESEAAR
MABRNBEE— y R, OE BAWIGRE « 2EEN, FEEy FREE—
BENSY. LEREHFRALMEEBIHTNENRERYTH, BREY, STFR®E
W3 SR FiLl, $§ C BRIVERHSEE of HRYT BEEN, My UVBEBHEN
BB,

2.3 Hadamard €#2, sot

RAEFBEEZETEMNZERICE — BNRENE, MR EE, BRE— 15
BAKREN. [, Rig st EMPEFEENRE. BARINER s o t KRTETEN
PR FTLL s © t BUTTERE (s ©t); = sjtjo L2 DHIF,

HEBEeIEH .
2 4 2%4 8

XML IZITRIOEE EWR I Hadamard R, & Schur ', FHITXEBEGEIE,
FBVREFE B ® =R Hadamard SRARAYPURSEIL, 1ESRHL & AL REBIEH R AERIE TS B,

24 RRAFEBENEITEDSHTIE

R AfEEERENNENREZS U AN RPIIENER. RLRNEXELREITER
FEOC /0wl M oC/9be BRATIHEXEME, HITERSIN—THEE, o, XPBATIN
1T 1t RSB 1 DT ERNIRE.

RAEERLGEITRIRE o) B0RE, REREXEENTE 0C/0w], M oC/ob, Lo

NTEFRERINAENXR, RIREMENE B —MERR:
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neuron j, layer [

XANER R | RBIE jih MEETT b, SRS, R BRI TR,
LHIRNOTA Azl FERETIBIUAN L, EEFETTRHE o () T o(2 + Ad)s X
PEWRAMEEENRHTEE, BESHEMMNEE 25 A HRE,
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REER, XNERETCEARBIRET . FUXBE—MEERAR, & B
IREMES, ]

IR EEHIER, BITEX | RIS j* MG EIIRE o 8:
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J 8%
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RBHNTEBHOBRG), RIVER o RTEXET I REHNRENE. kROGEERRESGRIT—F
HEEEN I K55, RAERXEARENRAERNIRENE 0C /0w, M 0C/ov, BRRER,

REJ e A BEA AR MAR RERTHREN 2L BEBREALHHIEE & EER
EMBER, AEMERA 25 (FAEBIRENTAT . KiFL, WREXFHENE, AR THE
HEHET S, BREER, MENSARLRASEEAREE FEEHRER, MR
RESHER 6L = 0C/0:L {FNRENEES,

BRAR. RAEEETONERSRERE, XEFERARN—MITEIRE ¢ MANRBHEE
W%, BIHXOANFIR. BEFEIR. MAFE— N FRBANERXLEAT, HEH
RREMAR, Kfrt, RAOEELDEABTRS, T2BEMXERERERRTIHNEMIL, F
B —THRNER. MFFVERRE, XFRTHEIRER. FrUETIIXEREFRITIENR
N2 HEYMEBHERXLESENED .

THEREZENMABMNORTXERNBITR . & h D XERTBYE FE IR UL IBY IER
M RRUBABEHN ARG EXERANNE LTI, ARTIXENREINEERESRIAR
1789 Python f{F3; AAENERE, HEAXERE—PXTRAEGREASESXHNERER, Uk
AT EIREB M BB R I MR, RIRIE, B TR XM PNEASGE, BEMR

XBREIEMZ, RET A RNNBHEAEEBHE. RINBERIGIDERIEHITH I,

ENKRBF, REGHESBIEDEMNERE, NRBEMBERNET 96.0% BT, FBAHIRZER 4.0%.
REAE, XA LERRINRENERNFEKRT . EXRHFNATR, KOXMHENEFEEZM.
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WXL IZIERVINR, MISEERBMETR, EERFZWMBEAN.

BHRIRENSRR, oL §NTREXWT:

_ o o' (zF) (BP1)

L
05 j

X2—MEEBANERER. AXNE T 0C/0dl FRANHEE ;™ BWHEUEERZ KM
LURERE, BRI C AREM—MFENLHLTT j, BA O AR/, XERHRITEER
MR ANBE M o' (2F) WE THE 2] LBUERIL 0 ZUWHTERE.

ARENE (BPT) RHIS MO BMERIFITERN. R, FMETENSITARTE 2],
XAXNFE— R[N TAEFL A LUTE o' (2F)0 =R 0C/ 0l BT AN EREBIFE R 2AT,
SHTET RNRE, T8 0C/0al SRERBHAKRPIRT .. B0, WRBAERRRL, A
C =53y —aj)?, FTLOC/0ak = (a; — y;), EEHEREZIHTE.

12 (BP1) XY 6L SRIRBNMENEMMIFTRIAL. XB—MEEFHNFAR, BREEHNE
EHREMRTNER. B2, LIEMERES HEHTRERES,

6 =V,C oo (zF) (BP1a)

XE V,.C WEXR—TAE, HaRERISEIC/ddls REILLE V,C BEMZE C XTHH
BUREMNRTEE, HI12 (BP1) A2 (BP1a) WENHLEEM&SZ UM, FrUIEHA®B, FKils
F (BP1) RxXM N AR ZBNMIIF, ERARNEREREY, 3118 V.C = (ol —vy), FTLL(BP1)
AEENEPEFE AT AR

oF = (o —y) 0 o' (2h) (30)

WIRFT L, XM AFEFNESNIEE —NMEFEER I, PrUBE MRS EHER G
Numpy XFEFBIREREEHITITE T
FRAT—EBMIRE ' RRTEHFIBIRE o0 1,

5[ _ ((wl+1)T51+1) ® O'/(Zl) (sz)

Heb (0T 2 (1 + 1) BNEE o't WERE, XM RNE LEBEESR, BEE—1xExE
BFMERR, BRISTIVANE [ + 1t BARE o'l URNTNMAEBEINEERE ()T, I
U EERMIBEEEREAENESREENRE, 47T HIEEE ' BHENRER X, A
&, FA1#47 Hadamard RIS E 0o’ (7)) XRINREET | ERVEUERE R mE R eI FH L4
HESE | BHEEARNIRE 6

BIdAE (BP1) #1 (BP2), A 1e] LUTEEMERIRE 6 B5EER (BP1) it& 6L, SABNA S
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/ 00 e2—H. XERIFHIMER, 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)

XEIRFA VT ERSE 0C/0wl,,, HF o' M o XEERAVEEENENFITE T,
AR UE R FEAE LD TARRIRR:

oC

ow
HA ain BHINANE w FIHRETHEUEE, dou i HBENE v HETHIRE, RAXEE
NE w, EEMTEAXMUEEENEZT, HilaH—EET:

oC
F5 = Gindout Q

12 (32) W—NFMERMBHEUEE aim BN, am =~ 0, BE 0C/ow HEBEE/N. X
B, BITANERIEFES], REBE FENE®R, XMERRRELRSZ, 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.

= Qinlout (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]-

XERMZBEREENPIE®RETT b EIETH. SR, %L PHETAREEUEE of R
Tk = B5E " DMRETTOVMNNE 20 FTLUE k # j BY ay /0=] HKT o SERIATAILL
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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)

XIERD BN (BP1)
=%, FITRFERR (BP2), BAETUT—RIRE /! WEARTIRE 6 Ak, HIE
ZLL G =000z BERETS 6! = 0C/0zk AR LUBHETUEN:

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
TTEANREREER AT XEMERAFGHEEL LHNAE — F TRIZSLIA T,

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 71 7AR E—TIEARA—H,
XEREMVINIER — HNER—NEHARN SRR [HENEN R, X PRTHESE
AT Python BI%F1E — MERSIFERRRZILRINNIIRNEEERIEH, 1-3) HLZE
PIRFBIEIEE =TI, THE backprop IS, M—LEABRE—E, KATITE . S
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

44



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
FAEERE). (RAKERE wy,ws,... HTES, BEBEHERENE v, WESH IC/0w;o
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 ERNMEBEAERR w; BN C Kib1T 00/ 0w, , RABNAAT (46). FEFFHEBRILA
HKiITE 0C/0bo
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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, SHEMREIINE w; BIIFEIE C(w + eej) 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 EEREERAEN M A LR EHREREN T UEN I ERENRSE 0C /0w, XER—/XF]
B(EHE, MLE—REBEE, MR, EREENITECNHMIIEN—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 7o
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29. RBfEHE: 2N

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

Ad ~ J Awék (48)

Ad IBUBRSH TR (1 + 1) WA REENT K. RIBEEF— N EUEELE
EINNNER, 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)

BIMNEENENMEINRETIRE T — 1 0a/0a XMLIRIT, EERBEERN 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 HETHENRREFRE 0d /0wl BENEUREFHIMEX
FEE ERIRZAFHITMR. MBMVERNE C /0wl TN T A P ERI MBI E R KL
AN RN RENEUERR TN STNE—TREZ, XNIZEENT,

BN MEFTAENVABALZE—MBAIAIMR, —HEENET U BTN
o URHMNAHXFTEXIMANAN—ERIZRIN. BE, MAILIESEAT (53) RAIE R
NRSHENTE. RAR—EMRONEE. XL, A LUFRBNERERZES
XS P A FIRERYIB AR, XM TIERLEIRZ 0k, FE LML, BFIEXEZHEE, TN
X, SR URAIEMENT, REMREN, BCHEEMEEMRAERE! Fr R LU &
AEEERA— M EPTE R EEURIKRMB A, W&, WaER, REEHERE
—TISHBEANE (FIMRE) MUNERIERE, A H RN ERERTR AR,

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

ABEABRY— LB T — R AEFENAE—TFRHRAIR? Kir L, MNRIREREHN
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 —LERE, [ETEMERILEE, 5 TH, AEXERIN—LEMRAEHE L. L2131
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

REDRIBAREIE: BRI BRERAVIERE — I ERER; AN “FSEl” B9
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 OIFERRR, R=aoRNENREDRNN 0.6 70 0.9, XEFLE—ARTHRTF
SRR, FRBEAZIENRE —FrRELTREEE 0.82, FTUAXBINIA B
0.0 REBRIT. M TEREEMZTINEFIEILHHESR 0.0 B, FTEXEEGRERERZE
EHETHENITE, ARERABEENRINENRERTEN, HEHETER, KEFIE
Rn =015 #TFI—HHEEBENLRINERFZINIE, Z—HEBFRIETFIBEER
SRA, JIRDHROZRES T RNTRBERNNEFS —EREN XKL, C. XERHBZHAH
W, PRUAFEREREEEEX T,

Input: 1.0—>©7 Output: 0.82
= +0.60

w

b= +40.90

Cost

Epoch

FEEAUHARYIEMN, METiviEd. NE. RENAHIELIN TE—R7ERFR:

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

Input: 1.0 Q Output: 0.15 Input: 1.0 Q Output: 0.12
w = —1.01 w=—1.13
b=-0.71 b= —-0.83

Cost Cost

T Epoch ; Epoch

150 200

o1



3.1, RAXJBHATERER

Input: 1.0 Q Output: 0.11 Input: 1.0 Q Output: 0.09
w=—-1.21 w = —1.28
b=-091 b= —-0.98

Cost Cost

; Epoch —— Epoch
250 300

IESNORFr L, METIRERMF R T EEAMRKETENNENRE, L0 7T RENBEHN
0.090 XBANERNNEIRHIL 0.0, BEEERI T FRKEINILERBIENEN REELIL
B 2.00 MEFIRMmE 0.98, X2 BERMENERRI A, WEEBEHFZLTT IRITIE.

Input: 1.0—>©7 Output: 0.98
w = +2.00

b= +2.00

Cost

Epoch

BRI TR —RSIZL:

Input: 1.0 Q Output: 0.98 Input: 1.0 Q Output: 0.96
w = +1.85 w = +1.65
b=+1.85 b= +1.65

Cost Cost

; Epoch ; Epoch
50 100
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Output: 0.80

Input: 1.0 Q Output: 0.93 Input: 1.0

w = +1.32

O

w = 40.66
b=+1.32 b = +40.66

Cost Cost

T Epoch T Epoch

150 200

Input: 1.0 Q Output: 0.36 Input: 1.0 Q Output: 0.21
w = —0.29 w = —0.68
b= —-0.29 b= —0.68

Cost Cost

Epoch — Epoch
250 300

RIAXMIFERN T EFENESEREK (n=0.15), FIMNTUETINFENFESIRERLLR
RI188. XIRT 150 ZARFIIRE, NEMREALKERXERANEN. BEFIRENR, 5
E—=PHIFHREMT, MEREEAY5E B HRERESE 0.0

AT ABRRMALRZITRERRBR, EWNRELTHRPMR, RIMBEZEILHELR
AENRNEZINERERR. EEHRINELER T ALRETEHILERANE L TEEES
REME, ME, IMIARAMUXZEXMNIFHREI, BEESEMN—MRBIEHEMNEE LI
AEIFSIUUEERB? A REB I EE XA B Ry T5 A0S ?

N T EEEXNRBRYRE, BRRIHL TEEINENENRE, FU— MUY
WSE (0C/0w F 0C/0b) REBREF S PRLL HANER “FIRIE™ B, KFFLER
XERSHR N BRMIMNAIXA/NERMNERBBE. AT EEXLE, tRINTERS
HEE, RIT—EBTHANEARE O) R RXANEE, EXWT

C = (y—2a)2 (54)

Hrh o BHZTiREH, JIGFEEAN e =1, y=0NWE2EFEL. EXMERNEMRER
FOEXN, BB a=0(z), HF 2 =wz +bo EREIVENRKNENRENBSLELE

% = (a —y)o'(2)x = acd'(2) (55)
oC N
S = (a=y)o'(2) = ao'(2) (56)
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HPFEER 2 =1My =0T, ATEEXLERAXNTH, IUERIMFLE /() X
—I, BELINZ—T o KEHEL:
sigmoid function
1.0 4
0.8
0.6

0.4

0.2 A

0.0 T T T T T T T T T 1

BTN IEBEIE L, S@Loivmbin 1 pIEg, mMaT/REEF, Fillo/(z) 7R
INT o 7312 (55) F (56) EIFRFEA] 0C /0w F 0C/0b AT /N XELFLEF SIEIENREPT
T ME, HMEEESRE, XMFIRE TENRESSR EHBRE BN —MRAHENEEF S
REHREA, AMMUNEEXMFIIPRER.

3.1.1 FIARIERHERIER

AT TINEIER RN RNETE? B5UERER, AR LUBT E AR SR AU R BRI — R
R AT EBFARKIXE, HIHEHAE—TZrmvEE0F. Rk, FHIIMERIZ
—PMEEETRANZENBIEETT, ©1,20,. .. XNANERN wi, wy, ... MRE b:

T1
M
T2 T b a=o(z)
3
x3

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

1
C:—nz;wma+ﬂ—yﬂM1—®] (57)
Hehn BIGEIEN S8, KNBEMEMIIGRAN « EHTH, v 2N EREH.
FER (57) BERAFSIEENRTEHTEE, KbrL, EEBXNENEBZRRNRED
AEREMBIN! HRRFEIRIERT, HIPREBERXXIENFAIREBHEREL— MU,
RRXBEMRANEHBERRRR. £—, EBIFAN, C >0, AIEL: (a) (57) /Y
SRANFRIPAEIRIIAIINERZ AR, FRXTEEREHIE XIHZE (0,1); (b) RMFIEE— 1S,
FZ, IRWNTFFRAENIIERN v, METLRENREELBERE, BARERELO0,
BIGTEXNMITH, y=0a~0, XERINTEBERINER, BIBEIARN (57) FE—IIN

"ATIERERTERICEMAL y R 0 X 1. XBEEERMADKRANER, FlW, BitERRRHY, BT
BATNTIMIEMRIRN SR ER A, BEER TSRS,
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MEET, ERy=0, MEFALFERE —In(1—a)~00 RZ, y=1TMa~ 1o FILUFER
Fria B A Binta i 2 B ERE ), AR X IEREMEET .

PR, XXEEIENH, EERELTAIRIFNERERNNESEL 0, XEEHLHMER
TTREERN R, HINXERIENE T RRNMREBEEN, FTLl, XX BMEEEH
PR T, BERRXXBANMEREE — N XN RHEEIFHRHEREEE R T F S RE FEH
W, AT FBERXMNMER, RIMNRKEEZIXIERB X TNENRSEN. H T a=0(2) XA
2 (57) PR BmFREETEN, 155

oc 1 Yy (1—y)\ Oo
ow;  n Zx: (a(z) 1 J(z)) ow; (58)
1 1- ,
~ Z <O’é/2’) B 1(— 08)) o (2)z; (59)
BRERAH—T, WA
oc 1 o' (z)x;
ij - ; g O'(Z (1 — O'(Z)) (U(Z) - y) (60)

BIEo(z) =1/(1+ ) NEX, M—Ez8, HNAILUEE o/(2) = 0(2)(1 —0(2)). JEE
FEHIPFRERFITEXD, WEAIUEREAXNER. FI1ED o/(2) Mo(2)(1 —o(z)) X
RIME A EFEREANET, PIURETEAE:

;= 0 2 0) (61)
XE—MIENAR. EHRBIMNEZINRER T 0(2) — vy, BHEREPINRERIT
flle EANIRE, BERNEIRE, XERMTET LEATHSER. Silt, X MMUNRELE R
THBREZRRNRBFLEMGIZR o/ (2) SBHNFEIEIE, WA (655, SRINMEAZI GRS
&, o'(z) LT, FIUFENTBREXOEZFIZLR/R/N XMARIMER T RAVHT
Mo Kbr b, XWHAZIFETTNER. HNEEEFTUES, XIBESEREHEXME
MR—MIEER T
RIELRMUN T E, BITAILUTEEX T RENRESH. BRXETAELDIFANTEE, R
L EmNECE] -
9 n Z(U(z) ) (62)

B—R, XER T ZRAMNEBPEMGE (56) F o/ (2) MEFBEIEIE,
%3
« IOIE o’(2) = 0(2)(1 — 0(2))o

IRNEBRISVBGIF, REBRN T XXBZENFITE. WENARREIESHE
BEXRAIAUMES, FIaNERN 0.6, MREN 0.9,
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Input: 1.0—>©7 Output:
w = +0.60

b= +40.90

Cost

Epoch

0.82

BEREMMRZRIBZ EMEHNFIER, MREERN TR

()

Input: 1.0 U Output: 0.50
w = —0.16
b=+0.14
Cost
; Epoch
50
Input: 1.0 Q Output: 0.18
w = —0.90
b= —0.60
Cost
T Epoch

150

Input: 1.0 Q Output: 0.30
w = —0.58
b= -0.28
Cost
T Epoch
100
Input: 1.0 Q Output: 0.11
w = —1.20
b= -0.90
Cost
T Epoch
200
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Input: 1.0 Q Output: 0.07 Input: 1.0 Q Output: 0.04
w = —1.47 w=—1.73
b=-1.17 b=—-1.43

Cost Cost

; Epoch —— Epoch
250 300

LR, EXMIFHR, HETFIFHEIHE, RZAESS, UERIMNBEEZRN
RV (5EER) , NENREEB BN 2.0:

Input: 1.0—>©7 Output: 0.98
= +2.00

w

b= +2.00

Cost

Epoch

[UESE=E R )=z

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

b= +0.17 b= —-0.30

Cost Cost

T Epoch T Epoch
50 100
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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 Output: 0.08 Input: 1.0 Output: 0.05
N N

w=—1.23 w = —1.49

b=-1.23 b=-1.49

Cost Cost

Epoch —— Epoch
250 300

RRINT | BORMETIFSIREMR SR, BRI IR MRV EBFH, R
RN RERHLZLL RN RN G EBRERREZ. B HRXXIBFHBIBEEILTA]
&3¢, XIEEHMPFHIEHLTHREIN"EHRNEURREREF S,

HIEKBRRNABIRBIR T HAFEIER, WIFafER RN KRR, F(I1ERT
n=0.15, EHBIFP, HNNEROZERRFRFIERRG? KL, RIETECNHERE, T
MNAEEBERAERRFNF SRR, XFLERNEFILR X TXRMANERE, LR
IE B BRI — P REBILR(EREEUIIENFEIERRNE RERTEERR,
BIRIRATET, X PMIFHRIERT 1= 0.005

RAEJREE XIS, LEFSRZANEEE LEANERETEX ERTEE ST SIERRAL
RERERENMEHEZLTFEINERE?! XFENRNELZEMEER, LENEGIAZR/Y
WESNAINERE, MEBHRF IIRENTWIE T

i, SIAVER RANREEY, FIEMHEZTIE T RERBIRIIHEALEF S RiEr
HIENMREERE, MERARXXEFE S ERTRETTLTREHEIRNBREER, [, 3
FAVER RN RERET, HHLcERLIEBRRHATIE T AEEIR R, FITEEM
ZI8;, MERARXXE, TELTLHAEFRNFI[/ER. XENRFAMRM T UNAIKEFS]
HE,

HMNEEMART —MHELTHRIE. i, JEHE HERZHELTNSEHENE L1
EEEREM. Frlt, BRiIZy =y1,p0,... EREHLTENERE, Mal,df,.. . ELMFEEE
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Bo BRATMIEXZXFWT

C == 33 [yytad + (1 -yl - ab)] (63)
PR

[T XERBBWAERBALITHITRM X, 5 XPNEKMENFRIBAN (57) B—#H
o XEARAQE—MERNTRE, BEFREVWANEEALR (63) BESERZHMENESH
BT SIRVEIE, NRIREHE, (RALUIRIA—F TN EPABHE S

BAFNINIZAEH A BRI R E R RN RER? Kir Lk, IREREALTE S
TR, XXB—REBEEHFRIER. AHTA? EER—TRITBIEMNENENRERYY
B EEARMEEN TR PRRSAEXFNER, XEPREFRSWRELEINERERNREES
BAE — tbumin, BfrkatE 1, MmEfrMER 0, siETE IR, NRIENER RN KL,
BAXMESHFIRERN T . EHTET2AUEFINTRE, HAXRENERFFEMEM
EARGHTES, BEREAXTERITEENHR,

%3

- —NNEEARLE N AR R S ERY, RME— T FISEABLEN y M o BRAXI AV Eo
XEbungt, FRAXWIEBWAZE —[yina+(1—y)In(1—a)] EE ~[alny+(1—a)In(1—y)]o
y=08%E 1 WRBEE_NREXNEREF? XNOJASEILE —PFREXD? Fft
A7

- EWBEMMZTTIIER, RIBELHNRAFAEINGEIES 0(2) r y, IXBR/N X
PMEHEILEN y RRET 1 HE 0 BX. XEDLRFA—REATH, EBEXTEMAY
[BJER (FAElY3RIER) v ATLABR 0 M 1 Z (B9 (ElERY, IEBR, RXXBXIPREIIGRANTE
o(z) = y AR EIMER. LR NIEHRTE:

== lylny+(1-y) (1 —y) (64

T

MER —[ylny + (1 —y) In(1 — y)] BBYERFF AN _ITH

EI}
- ZRZMWATME BL—E=NEXNFTS, IEEXN RANEE, xTFhatENNENR
SHA -
%ﬁ=n2%#%ﬁ—WH%0 (65)
M o' (2F) 2TE— ML TR HIREN SEF I REN T AN FRBHNER
B, HXT—MINFER » WEHIZE 6F A
ot =alt —y (66)
FEAXNFRARIERX T HHEINEN RSN

oC 1 _
Bl = n 2 (0~ ui) (67)
J x


http://en.wikipedia.org/wiki/Binary_entropy_function

3.1, RAXJBHATERER

KB o' (2F) BUBKRT, FRUXERR T F RIS, MUZEE—THETL, M
BEZEZ TS LEEFR. XTOMIEBFEEREBRE 8. NRIRXTXD
EAHE, BRABFAE—TREN D,

- EREEERZEMRZTRERZRANEE RERITE -1 ZEZHETNG, &8
HMHENHELTHEEMMET, WHEAERE S ERBIFRANER, ME o = 2. I

WNERBAMER RN RE, BBAX B MIGER ¢« VELIRENE
b =al —y (68)

KBTI — DR, ERAXNTAIKIERX Tt ERNENREN RSN

oC 1 _
Jwl = n Zaﬁ I(GJL - yj) (69)
Jk x
oC 1
WL " n Z(%L —Yj) (70)
J x

XERBBIR A H LT BRI A RANR BT B SHF I RE NENRE, TEi
BT, ZRANERERE TS ERERE.

3.1.2 (FEHAXXEFRIT MNIST $#F#H1ToHE

RXIBEEBRZENERBE TEMNRAERSNHTEREEZIN—HORELI. HITF=
EX—ENEEFHITY BIEBIER network.py BIBOH, FTHFERF B TE network2.py 1, NEHE
TR, BNERZERNANEMBTE AR, WERINEEHERETHIT MNIST $F 5 2800]
AR, NTEE—EPFBHEF, HNMNSER—DEE 30 MREUTHING, M/ EHIEIK
INMBIEE N 100 BATEESERKIGE N n = 0.5 3 ARGV 30 NMERH networka.py AYFEOA]
network.py THIMANE, BRIEERREEMN. RB]LUERAL help(network2. Network. s6D) XIFH]
ﬁ%%ﬁ% network2.py E’\J%D 271%/10

>>> dmport mnist_loader
>>> training_data, validation_data, test_data = \
... mnist_loader.load_data_wrapper ()
>>> dmport network2
>>> net = network2.Network([784, 30, 10], cost=network2.CrossEntropyCost)
>>> net.large_weight_initializer()
>>> net.SGD(training_data, 30, 10, 0.5, evaluation_data=test_data,
. monitor_evaluation_accuracy=True)

‘;E%E\E—F, net.large_weight_initializer () ﬁ‘ﬁ%@ﬁﬁ%ﬂ%-%ﬁ% E/\][adiﬁ/\jﬁft%ﬁ%ijé
MRENDIENH. HMNFEETX oS, EEARNEEX—EREEA AEFIARIINEL]
aEr L. BT EENAERINER T —1 95.49% ERTNME, XBHITEE—ERFEHRT
RANREBERINERBEROE T, 95.42%,

2B B M GitHub FREX,

SEE—SERNAT XN n = 3.0 WFEIFER, FECLIIOT, HEHthiEH SN REAETRA “4BFE
By FHRRBRAA, XEFHEERN W TFRAMANERE, F4LEETBSHINERE, FREM T LR E—NME
IR R SRR, IMEIR—T, 8— N IEEHERIER BN RN BIE SRR RERHES ENFR)
2B, RANBIBETRE— MM o' = o(1—0)o BISTIUEXIZER o WEFY, [ doo(1—0) = 1/6.
FA] GEEHERM) BB RN TREBNZESER, LIFHYIE 6 BHEEHITES, XRTEIT—NEENRESR
SBIRTRARNMBZEIERGLL 6, LR, XMNERIEEFTE, TUMAENRF, 7T, GREXENEBNES.
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https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/src/network2.py
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BIFHRIAER 100 MREEET, KIXEREMSHRIFFIENE . EXMEET,
BATRIET 96.82% MU EHR, HAEE—SFHE _RANMEREBER 06.59%, XB—EMRT.
XERRZ—MIVINEWL, BRERINREXRDEM 3.41% TEE 3.18% 7. HITELEHER
TRIFEN 1/140 XESLZRINMAGH,

DAREN R BN ERES T BN O RARNMBLL RN E B FHE R, A, XL
SERHSBREBEHIIIAR X B EFNIERE, BRRETFTRESRE 7/ O FEEHESEEBENFES
RE, IMEEHIBANEEXENBEH L, AT UXERAFRRR], RNNEEXNEBSEH
HITRENM. A, XEERMARSAEEN, NE TEINNREXRTFRIXBITF ZRK
NHVERILIC A,

XARAZGENABTMEARBRRABTFTHEN—RIEXN—I 9. FRITELE—H
HEAR, AEHTEE, BERE “RBAN £R, 2%, FIXEHTSEREFN, BEXLE
RANBRE—RIREBREES, SR BERINTET T AETIERMEIE EMpB S,
FHELEB R TEERK, FTBAENITEEEN, HEEOFASFTXENRAE .
Bk, BREBLEEHFTHIBLEREXBMIRNRKIALE R RMIREILEXEERMIR AT =
BAIERR, BB F RIS MBNIT R,

Zit, BNEEETAERBNMABR XM AR — 1N REELTATH MNIST ERHR—=
SRR ANRAEERXAZNIEN? BE, HIN2BIEMNER — M5B, 2FREKR
BYRF MR, FTUAAEX AMBHITICRNE? A0 REAETRXEE—M 2EHANAN
RE, EERNER. BERENEENFERERALTHENZHMEMEH— N XBIRIM, B
ARPERARTENIEX M)A L, FEFEIMERNTICR XA R X E— M RIEREE
TCIEA DA AT R X A [B) RV AR 4 B9 SR 58

3.1.3 RXMWHMEX? REWE?

BA I FRXEINHEBREERMO AL, XBAREAR, BEHUE T T —1KEE
CIZEMNEMEZBS LA, 1 KNBFARBRNTA? FE—LER ENBRERIXEH
FEE? FATMARB R MR

IENMMRE—NREABREE: FAEBREATRIBRRZNE? BISKNAMFEIRE T
BT, HEMERRZERNTAT (55) F (56) FH o' (2) BB—, EHR T XEARG, FHi16]
EERMASBENAE—NFEE o/ (2) N ERE. PTLL, XBHES—MIIGER 2, ERAN C =,
R

oC
ow; =xzj(a—y) (71)
oC
b =(a—1y) (72)

MRFBNDERBIANRBUB X LM, BACHIsRELE 2N D N2 IXFREE: P16
IREMA, HETFIFHR XWEBMRFSIRE TENR, Kirt, MXEQTNFE,
NEFNTHEBEERERNNHUFHNERHESHI BT AZ T8, HIHKE—T, BEVA
n, #JA1E

ac _ac

% = 3a° (2) (73)
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A (2) =0(2)(1 —0(2) =a(l —a), ENEFEXMRETR

oc oC
5 = %a(l —a) (74)
WEEER (72), #11E o
_ 7Y
da  a(l —a) (79)
XU HFEXRT o HTIRD, B3
C=—[ylna+ (1 —y)In(l — a)] + constant (76)

Hr constant EMRNEE, XE— NRMANNIGHFAR » RN EEHBTTE. A TEHENHK
MR, FNBEXNFIEIIGEZETTY, B52T

C= —% Z[y Ina+ (1 —y)In(1 — a)] + constant (77)

x

MXENEEMNEFIERBRINEEN T, FRURNEBRIAE (71) M (72) M—HE 7R X/EHY
erl, FMET —1TEENT. XPRZXXBHABEEZTEN. M1 B ZAME £/
T ERISRIE R

PBARXXBEREXXEMHA? BNTNEERFE? RNEEX—R BRI E—M KR
FINERIUE. AT, ERERRE T, A MREERICHBERI BN AET . HESH
W, XXBE “THEMN" W—MESE. [, ML TRETERR 2 -y =y(x). B
B, ERER = a=a(x) T TER. RIKINF o BREF(TEETTHIT Ny = 1 BIE,
m1l—alZy=08EX, BARXBEERFIE y WERERNFIIERIAREML. W0
RELINRENER, THEEMS/ N —R; k2, MRHEMERA—LE, =%, BAXERE™
A “RMATER" HREWREN A, FIUEBERGESSHI%. BEXFL, £ERIETAE
—MEBRNARKEX TREERER T 4. N, REFABRAENSE L, MEBFR. &/
B, EEBEXNXTEZEAITIE. BUNRMEBARANT BNIE, #EFGREE—TMREENEE, X
RS MRIEMMRERX DS MEMATRING, RII18J LR Cover and Thomas BIEHE
Wk Kraft FEBIE XEBIEHIRNE,

A&
- FIELRANTE TR RN ERERBI A R i L T IR AN R S R 18RV,
S—PEEEEMFEINERZNEEALIE (61) Y z; T BT, HEAN 2, #1108,
STNVHINE w; =F IBHEERIZ. AR LU R AN BREREER «; THIRZME.

3.1.4 FMRKE

RE, BINARZHERERIERBRAFIRENZ, BE, WEEHENE—T5
— MR NN G A, BETRERKE (softmax) HETR. RITAREMRER THET
PEARMEAER, PRURIIREN 8, AR T—NIN T, A2, ZRUHSEXKETA
BEHEZME, —HEEASEEER, 5—7H, ANRMNSES EENRE LWL
WHRERARERRER.
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高亮

http://en.wikipedia.org/wiki/Cross_entropy#Motivation
http://books.google.ca/books?id=VWq5GG6ycxMC

3.1, IR

FMRA BRI EE TR RN BEMEE N —FHROH LR, FFART S RE—E, &
S EHIEAY 2L = Y, what ! 1ok, T, XBHRAVRAEA S RRMKKSH Lo
2, 2EX—E PN AR RABRSE L b, BIEXNRY, $ ) MERTHOME
8 b 32

2L

L e’

ab = - (78)

’ > €7k

Hrh, 98FpRMEERENmE ST I #HTH,
NRIRAPEX NI MERAKERE, HiE (78) AJEBRRSEEREIERE, HANTERAX

PRBHRERNERE. XeeBRNERAFIZRIEN BB ARE, N7 BIrtEER751E (78),
RIgHMNE—MEEM N ELRLTRIMENES, SMANEBEN, JRN 20, 24,24 M 24
TEAAFHNFRETHNEANRE, AWM EEEUAENER. BREE, — NI
Fraautth 7 €0 24 -

) I

k=25 a¥ =0.31454
-] | l
2 =1 a¥ =0.0095
) I
22 =3.2 af =0.6334
) | |
2k =05 al =0.04257

ZRIE N0 2f B9BYR, (RE]UBRISYROEUEE of BUIEIN, MEMBEBIEEME T FI20T
BExR 2L 28y

) I

=25 al =0.27394

) | |
22 =1 a = 0.00827

) N 2
2k =3.2 a¥ =0.55164

) | l
2k =2 al =0.16615

TEST -F 5 569:

EERFERAENIEFRNEEER F—EPNBNT S, NRTBBLE THRLERS, (REEBREET
%B_Eo
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) | |
=25 a¥ = 0.06567

) [ |
2 =-1 a¥ = 0.00198

L | |

22 =3.2 af =0.13225

) N |
2k =5 al =0.8001

MM, INSRIRFER 2F BBA of SIHEZ T, METEEENIEM. P TEER 25 5 -2
B

J B 42

=25 a¥ =0.32733
) [ | |

2 =-1 a¥ = 0.00989
L B

22 =32 a¥ = 0.65915
) | l

2k =—2 al =0.00363

TEETR 2f 79 -5 B!

) I

2k =25 af =0.32846
) | |

2 =1 a¥ = 0.00992
N

zE =3.2 a¥ =0.66144
L ) [ | |

2k =—5 a¥ =0.00018

KPr b, WRIMFHE, ML ERMBET, EMEEENENRTIRFIENT of B9
THHN=H, RREER, RBIBEEN, MHBBEEMNRERIEG N 1, EHAAT (78) F 18] LAIE
R

S e
b ==L =1 (79)
Zj: ! 2o €7k
FrLL, N8R of 1810, AIAEHMBHEEESERSH TRERNE, RERIEPMEEEEDN
MR 1o HA, RMUNE I HMBBUEEBEE R,
F1% (78) A RIEMEBUEEEBIEL, ENIEHMRHEIEN, BXFREaieXR, H1E
FEMEAEENBEE —LAEMN 1 ERNES. 52, REEXRERENE LR LIREM

B MRERD T,
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XEFHMRRLABE. ERZPIETD, SBREHELAEE o ERNMNEN T ERBLHA
j BIRBIEITRIFE S @8 PG LHAIFE MNIST 2T, TR o) AR A LR (G
EMRBFDERN j B,

W=, MNRHHEZ SEE, BATMEENERLIVAEIR T — MRS, FAT
FUAX—R, BRIRE S EEMNBUEERTREBTM—ITE I —MRIZINR. PRUER
SEmtE, FHIPIREXF—TX TR EUEERE SRR,

%3
- IEHFRBARR S B RRMBREEEUEE of FAFAHEN 1

FNINEF R FSERMERANERBEITE AT HRAE T . REIM—T: £ (78) R84
R T BRI EUEERER. AEHIE (78) AN ERIRMXRIE T R M E X E KL
A Lo FTUXMEFENFAAABERZABMEELIRRT . RMme—MHERE L EEER A — 1
KRB RALGHBRE—MENET 2 775, RAERBXNMEREGIERM
— MR DT,

%3

- RUERAENSENE IEPRINR j = kW dak/02F NIE, j# kAR ERE, 1802
=IESYNREHEUEE o FEAEMAEREIEE. RIELEBMFRGITKE
MHERTX—R, XEFERAE—NZIKIER,

- RESKENIFRSE SEERN—IFLARNY o BNNHEEA of = o(2]) BIR,
BRNAN T RERAKERERN, FAEXHOBER: EERENEEEUEE of KREFR
BRYHRA N

A&

- BREMERER BRFMNE-NERRERKERHEHHENSG, AEHEE o
B RN NHERINBITZRNA 2F = Inal + C, HREE C 2IRILT j 8

FIFBEFE: HNNETEENRUEEREALTER T —EMNIANR. BREHINEREE
AP RUEBKEEZEAFBRFIEIENT, N7 EAXR, 1LHNTREX—DITEMA
(log-likelihood) ATERIER, FAVER = REMERVIIGRN, v RANNHERELH. AEX
BRI MR N BYXS TR BRI L2

C=-1In a?f (80)

PREL, SORIATIIZRBIZ MNIST B, HARN 7 HER, BATRAIXTEAARNBZE — Inako
EEXTERLENEX, BRISNEXRIEFAN R, BHEHIAEAR 7R, XiY, s
=P WRAER of IR 1 FEEL, FAUAN —ned MER/) Rz, MNRMWELIXRIE
BERS, B ol MBS RN, AN —Inal BEZIB R, PRUCHEINAAN R BB 2 B T THIRS
AN ERERBY A RV
MARTFIRIEREE? AT HNE, BIR—TFIRBHXEMIE 0C /0w, F 0C/0b}
ZLE . HAZBIML LIFANEST — HSE TERVREPERIR)ZHAES — B
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Rl —RABEERAEE:

oC

égz'::af —Yj (81)
J

oC _

e = af T (e ) 82)
ik

XEFREELMBNIFIEI R XIBEEINE M. HESHTE (82) 1 (67, REGEHITE
MNGERHTT FY, TIEAER—EW. ME, ENFEON, XERKXLEHERE]
F=BRFI)EENRM, FRLE, B— 1 EENHUARNHZERAEREE, BE5—
MNEBRXBANY S HiaHEIFEEM, XEREBEAN.

BT XERMEMUE, MZER—EEBRNERNN S HigHE, BE—MEBEXEHMUA
KNP FEERAKERHREE? KL, ERZNADHSS, XFHANHNRREFE. KER
THRE, BMN2ER— SEBHBENRXXBANNAS. EE, TEAER, KITEHE
SEAFERKNERHEEFTHUARNBAS. IENREAREN TILENPIWEFFE LR
BEEFWMINFEREXXFHNEAEAE M. FA—FEINERANMA, ZMERAEMN EXTEE
ANASEMERTHREEZTERHHEEERBAMENG S, BHARE—NEEXENG
M, BEEEN MNIST XMEBEEFRESN D LRB LHIEE B

B
L SR (81) A (82)

- REKRAEXINBMMELR? BRISHIE—TREERKRERL, EEMEHIEEE
XaR

CZL

L e’
aj = S, oo
Hip c BENEE, A8 c = | WWAVENREEAEREH. BEORHINERRREL ¢
FEIRERIREL, EAR EMERENRERAXERSZ R, 1Falth, JERRYMIL RS
BESER— XSS, ENBENRERAERE. RIGEITF c BB, LR
¢ — 000 MAMEBEE of BRRERMTA? ERRTX NG, RIIZEEBBREN
AL c = 1 WNHNRBEFZ— T ERAMRENERANNERE, XHEREEAE
RNIEBIH R

- REKRAENMHBMUANRREE —5, RIESTEASEENRAEESR L /N
TNRAREERANERNME L, RFERERRE—BLIRENTR 67 = 0C/0z).
IEBRFEZ VT

(83)

§F =ak —y; (84)

ERAXNRER, B UECERREEXNERMIT PRI BIMNEE LN AR AT

CERXBHMRTENER, XEH y M E—BRNFE, EL—EBPERNA y REMENERE L, fl0, a0
KRPAR 7 WEGEE— 7. BEETROSRED, HA ¢y TTYNT 78EEEEENHE, B, EB—1RT
B 7R 1, HERMBUHERZ 0 VRE,
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3.2 ITEMSHMMER

BIREIREE, MEFREER - BKE AWMy —ERFERHI— M UERER
B, XPMFRUZABR— D EEZIRBRAOIERED, REUMLELIFELE, BREFH KA
STHFE T IR, tnREPEZGENERSHESZ DD, BRERE 4. BROEFE: “Hid
BEROPARAS -3 BREIEXEYR, BONSH, RALUEH—KKRR, MBEL NS, &K
WRELLE ST

X8, HLERMEAEN 8RS HRRAREHRAT @R BMEXIFRIRIAET
RIS EENEE, BATNRTIE—THRE, AAXAERRRNRE P EBZNERE
EEER ERIVF B A E XN BEIES, MARTEREERRNRIART. UK EXME
R, RANBEENEHIBESRNEL, EEXWHEIEREZ M. N—MRELEIERNZOH
R EXNRA NI RAVFNEE .

ARG EF S E O NS HEVRE TG TEE 7o TR MNIST £F533589 30 D
BRfEL AL T BB A RO 24,000 22! B8 RZ. Fl1E 100 MR TN ERE ik
80,000 N&%L, MERRILHEIIRAEHLZNBEE B HRHETZRNSH, BN HEBX
LEAERAY

A PEIWE—PNEZ W RESRERIGIFEX DR E B FIBINEHR 30 iR
427, 23860 N2, BRI IF=MEAFTE 50,000 18 MNIST JIZE &, ik, IR
fEFERT 1,000 IEEIR. BAXMERINES, FILZUNEBRRE, FIZBZAIRFRNSI,
ERRXIBRNMEE, FIRFIZEN n= 0.5 MNMEEFEANMZEN 10 TIXERIE)
%5 400 MARHA, LEREMNEZ—LL, RARMNRB T LERNIGER. HANME-ER networke
SRR ST ERER R R BB
>>> dmport mnist_loader
>>> training_data, validation_data, test_data = \

... mnist_loader.load_data_wrapper ()

>>> import network2

>>> net = network2.Network([784, 30, 10], cost=network2.CrossEntropyCost)
>>> net.large_weight_initializer()

>>> net.SGD(training_datal[:1000], 400, 10, 0.5, evaluation_data=test_data,
. monitor_evaluation_accuracy=True, monitor_training_cost=True)

EALENER, RIFTUE L EWEZSINANEZHRIER

63X ANB| BRI E R E —F Freeman Dyson FIERIGI A NI E, EIRHXMEREMNERMAZ — —P
F TSI A RBIGIF 0] IFEX B3 E,
I XANEF AR EE TR NEIZR overfitting.py Ao
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Cost on the training data
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XEHRARRED T REMNITRE. 87200 ERE (BFEREER) FERKEART 82%.
REFIZTNTE. =KL, 1280 SRELADREREMRFLTIEL, EEAENRE, XX
EE T £ 280 R AREX B BERENB/)VER. BXIEEMaIEmEHRTIE, simmE A
WEEIBEXNANIFETE TR, URHENIEBRNMMN, LUK MBENRITE B
957, BRMNEEBER R TRAREMER. MMEEX AR MER —1E, FH1IHW
(R7E 280 RS LA B RERS T FNR 2R Lo FTUUXARBEREMNE S, FITIHMLEE 280
ERHEMEEME (overfitting) FEREIIL (overtraining) 7o

AR EX BN AR 2B TRIMNENBIIGEENAN, M tbMAZNIRNEIEL
WD RERESHN,. R, TEHNXBEHTERMEFHITLL NRBA LRI
ELIANFNHEE ENRN, sREMF4, BINRERRIBMNESND? EATER1
DUEEBRER MRS M9 EmEM? SShrE, AERIERAAEENSR, REATS
Tk, BERRLEHE—HEN, ILBRITREENNSURE LN THIER:
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21 Cost on the test data
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] RIS P
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AT B EIA S RN 15 X AUEIR—BAR, MEEskiE, REIGHES
ERRNERIBEREFR, XELZEF—MREIENGHTR, RE, XEHRTXTHK
1IN =R 15 2 280 B S FR I B G FFER T IR E R BT M—PREAE,
FNENROHZRANRSIEE RO LERE, MIRES ENANTIED REHRYN
— MR FrUEMEERNERMER 280 KAHEN ST ENS B mF SR E <.

F— NI ENGHITREIGEIE LR D LERT ShaEE R

Accuracy (%) on the training data

] S SO S

/0] SO S O
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Epoch

MR —EAREOR 100%. BRI, BB IEFMMXIFRAE 1000 BERHITH
K mrERES, B ERRUNEEIEIAER] 82.27%, PFLATRATBIMEE LR E1EF STlIZRER
TEERVIS Y, TR —ARMFHITIRG. HAIMNE/ L FRERMAICIZIIEES, MREN
BF AR TIERRRE 922 L ENH R SR L

HENERHEZNEN—PEERM, XENANEFRRFIES, RANENENRENS
EX. ATBRMIL, RNBE—RNUTENGEFIBRENRA, XEFERINFZIEI
%o FFEINMEBEE — LR ARRKE UL EIN S RIR b,

S EHERRE R AR ER LA G E — REMNABIESE S LRVEBXEIIGZ L
1B SNRIFAVEZNINGIE ERVEMRABIE, AT ELIZ. =2, gtk X
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HIHAFZIEDIEN— M EIRR, ERMRAENIZGRE LFERKP]BERRN LR .
SR, KAXFRREER LEIESEIEH,

Khr L, FMNEEAXMMREAEUFIRKIAL, IBEZARNEAN MNIST #HENA T =
MRS

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

BIFERNT—BEEER training_data M test_data, ;2B AT validation_datao validation_data
FEET 10,000 BEFE R, XLEERF MNIST JIZREIEEFR 50,000 18 E R KM=
HIEEPH 10,000 BESAMEE. FITSEER validation_data MARE test_data G LT E A
Bo HMEN test_data AN LEREFNERNERRE. BINESTERBNREEITER
validation_data EMYDIEMRE, —BREMREZEN, sELII%. XD RIS IR
Flbo H2A, KEENAF, FMAZULNEFANRERRZIEN, Bk, FME—BIIGKE
FRNTAEERECLIBME,

j?ﬁ[gf%ﬁﬁ validation_data %*E*Tﬁ test_data Bﬁﬁﬂg}w\é@@’? QQB/]_'\J:, JZI%_/I\%jU_
AERIERERA—E0 D, X D—MRAVEREERLEERA validation_data R EFEREBSE (QIEHHE,
PIEREK, REFNERNES) WEFENNR. BNERAXFEDERREBSHEEE,
Hit, REFMETAKBRAXR, BELEBIEACEBEHNAT —EBSHEENT
%o (BZABEAEFEITIR)

LR, XMAREBERERTATENTA vatidation_data M AR test_data KB LET EIAEBIIE]
Ao Kbrt, B—PEM—MRBIPIRA, BENEA validation_data HU test_data KRB FIFH
B2 ATIERXS, BEISEBSHN, RITEEZ R EZTENESHEE, R
REBSHERET test_data WVIE, AIRRRARNTMRBENIEIE T test_data NBSE 5L
B, HAMTPIRERIREIIBLR B test_data FFRIBESE, BEMENMEEH TR ZHEIEM
PHEES Eo A MER) validation_data RefRX NI, AE—BRETERENBSHY, &1
FAMIFLEERD test_data HATEBMERNE, XA 7T 11 test_data LRIEREB—PMLKZHEENE
ERNESAANEL. MEZ, RAILUGIIEES N E —MSHENIZREIESERBEHE B I]ZF
SIFBE S, XMIFHNBESEN G EBREREFTY hold out 757%, FE validation_data
EMtraning_data NIAEFRBHHEE “EL” H—ED.

AL AF, EEREHET test_data NIERER, RITIRBEHEREHEZHIIN
77k — BIFR—MARERNERNE — R E5IAFHFHABSHIEE, WRBATXF,
SEBEAETELTEIUET test_data WEIRA? WA EFE—MEIEENERELRRLET, X
FEAREBBHAERAREEZI? KRR ELE —NRAMEMER R, EZX AL
NABER, RIMNASBOKZ, Bk, BINSBERAET treining_data, validation_data,
*D test_data E"]g$ Hold-Out E\;fo

BRMNEAMR T RER 1,000 BIGEGNNSEDEGR#. BANMRRINERFAERN
50,000 IBEGHVIIZEBIES R EMHA? RITEREMEEENSEE—F (30 MRET, F3
HREK 0.5, NMEEHIENZEN 10), B2XEN 30 /R TEIETR T 72 EMERIIZGAINHE
ERNZRIER. ERFNERNHEE, MARRIEES, NTLEREERMNAENESE
F B

SXBEE—LHEIRERBE N AREELLE, EHRATENESR, & 280 ERBERZIBNNMS . FTEXER
KAEMT o ANHEMEEHRZIGIZRURE—PREY, RAEXFBRA. WRE 400 EXHAE, EEXF
iR (BIFRE—LLBIRFA), MEBIRIER. P, IHRANELEREE % 5 E /D AUHAYERES B2 P LAY,
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Accuracy on the training data

900

5 10 EF‘IDSCh 20 25 30

SOPRPRIL, TIREEANIIREE ERY/ERRZFARLLIRAIER 1,000 MIGHBUIRRBEES /N 5531,
TSR B ERIRER D REE 97.86% RELMIEEE £AY 95.33% AEHES T 1.53% MZHl
BBlFF, XPNERZE 17.73%! SENSNARET, EREBEMET D B M
AR E Bz R TR EE Ee —MRik, SFRRMIENESHHEAZ—s2Emil
GEANE, BT EBNIGHE mMER—MIRIFERNNZLAREZIENEG, T
e, VIGEIEALEREENERBINIZR, FIUXAE— P ARTISERYIER,

3.21 #Ek

ISR ER —TRESENSH G £, REHMAEZEBRELENSNEE
15? —#e]{TE A UL BRI MR, AT, REINLSIHEE —MEb/ NMNEERIE I, Fr
PUX BFE MR AR AL,

Fiie, TEEMNEAREBREHIENS, BERNMNRE—1EENMENEE I
£H. XMEANEMEN. &7, B8l —MRAEBIIEHFE — B ERTITR
ERH (weightdecay) & L2 #EK, L2 #SEHBIEARIE M —PDESMI BN REL L,
XTSRRI, TEEIMSEIHAIR X E:

C':—Tllz [yjlnaf—l—(l—yj)ln(l—af)] —i—%ZwQ (85)
) w

HAZE— I BN X EHNRER. ENINEINANNERBENENFE LM, A
BER—TETF \/2n HITEWIAEE, Hf A > 0 AJLUMARSERSE, M RIIGEEHK
N FMN=EREITIE ) FNEERKE, FSEIFIRNE, IBHNERHAEERE. XK

EEt=BHHR,
IR, WTEMBVAH T RE D ] LUHITISEL, BRI RN ERE. FEUARASE AN T
o S [ R e (86)
2n ~ Y 2n —
MREEB P LA S pliXAE \
czco+2nzw:w2 (87)
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HA Cy RRBIIN REL,

BuE, MBHBMRRILMEMETFFE SN —RpINE, EMPREE N, KN
BEREEBAHANREE—TEBNRANAEATF. MEZ, MTHALLHH—FI /)
N EN R/ NMEBRIBIIN ERELZ BIRIT . XS Z BIEXNEZMRA A BIEREH T !
A, EETFERIMURIBANRE, kz2, HETFNINE,

MAE, WFXEFENFTHRAAEREREIENSEFREREL! B2, LRRIKRAT XN,
BINEE TF—REEXNMAE. BIE, RITEREE—MUEUREEDEMNSEIFF-

ATHEEXNF, RNEAREFTERNAREENEE TREENBE— B HimE
W& o R, HOFEZRENAITEXNNEFRBENENRENRSE 0C /0w M 0C/0bs
Y52 (87) #HTRBS IS

oC  9C, A
% - aw + nw (88)
aC  9C,

TR (89)

dCo /0w 1 0Cy/0b FILUEE [k A& iE#ITIHE, [EWE—ShERpvEr. PRUFRIIEE!
HELHEMCUHNANRENBERRE RN RNBERAGE, REMNLE 2uBEIRER
ENRSH. MRENRSEMAZLN, FILURERNBE MEF IR ETK:

0Cy
b=b=n—7" (90)
WNERF SN LR :
w%w—n%—mw 91)
ow n
:<177)‘)wnac0 (92)
n ow

XEMBEENHE TRESIMUER, BRTEI—MET 1 - L BHEAETINE w. XFhF
EERNEMANERR, RANEEENEZ /. HE, IFRSBNES T TNER 0, B2
FRAEXIFR, RNMRAERBAN RIS NERIEE AT R RE= 1A ELE Mo

Ty, XpiEBE NEIIENERE BARTIESE FEE? ENESBENEERIREIEE T
B, FTR] LUBE 1Y m MG ARBY MEBEIERE T 0C) /0w, ELE, N THEHIEE T
RSB F SN (BE 75712 (20))

w — <1—n/\>w—77 0C, (93)

n m ow
X

HAPEE—TREINFEAR N MLETE « E#1TRY, M C, XS MIGFERD (TAELRY)
Rthe XELMZ ANBEHRENEE FRIMNE—H#, RTE—METEHRET 1 - 2,
o, N7 R, BALRENISEUNFEIMN, XIABMIENZBIERNEHRIIBE—
HT7 EEAI(21),

n oC,
b—b—— 94
~i-23% (34

XERMBREINNGERRY NMEESTE « BT
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ILFMNEBEE UL WNETRAMEERAE,. XEXRZEHAE 30 ML T, NMER
1B XN 10, FIRERERN 05, ERERXXBIELNE, AT, XREMNEAITEHUSHN
A =01, FAEEREH, RIVEBNEEEFN tnbda, XEEFITE Python H tanbda BREF,
BETEXNE o BRBEHERER test_data, MR validation_datao A M, AT
S validation_data BY, RNBIEEEWI T, XBHXFM, RRAXZILERMIFNEL
SR LLERWRENMERL, (RA] URAAHIEEE N validation_data, REKIEEPARILER,

>>> import mnist_loader

>>> training_data, validation_data, test_data = \
. mnist_loader.load_data_wrapper ()
>>> dmport network2
>>> net = network2.Network([784, 30, 10], cost=network2.CrossEntropyCost)
>>> net.large_weight_initializer()
>>> net.SGD(training_datal[:1000], 400, 10, 0.5,
. evaluation_data=test_data, lmbda = 0.1,
. monitor_evaluation_cost=True, monitor_evaluation_accuracy=True,
. monitor_training_cost=True, monitor_training_accuracy=True)

WERE LR RESEE T, MFTEEICEHRE R — MR

0.26 Cost on the Frammg data
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XN T—"PBIEHRIZR overfitting.py 2E R
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B, MBANERREERRAIEIEHIEH, ME, EHREEST, RELEET 87.1%,
FRET ZH1BY 82.27%. [, Bl 1JLF RILIBRIETE 400 B2 B RE) I 2B BT R
BEEXR, SXE0W, WEHILMEEEBIrZAEEN, EEMEAR T IEMUSHIRME.

NRFLAHER A IR 1,000 MIFEGIFE, EmAFTE 50,000 BGiI%E, 2K
EfA? S8, RNZAEEEIIEMUSTERNENEIE LEKAEMBARE T BIEE
RETRECZIEN BVIFARYE? RIFEBSHAMZEI—F, 30 AR, FIEEN 0.5, /Mt EHHER/)
710 AEFANTXEREZREAEUS R REETIIGFEIERNARNELEM n = 1,000 2267
n =50,000, XMERENETHATF 1 - Lo MBRAWFEMER A = 0.1 R ER/NWINE
TR, EIEFRASEURIRIE IR S, HATEIEN A = 5.0 KAMZXFF T,

TT, RIGRWE, EFABUINE:

>>> net.large_weight_initializer()
>>> net.SGD(training_data, 30, 10, 0.5,
. evaluation_data=test_data, lmbda = 5.0,
. monitor_evaluation_accuracy=True, monitor_training_accuracy=True)

ASE:

100
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—— Accuracy on the test data
Accuracy on the training data

900

Epoch
XNERBERE F—, HENNAE LR D LKEHRTERIEHES TR, M 9549%
2 96.49%, X MREAN#HT ., £, BT UBITINAEIENNHEIIE LNSER 2 8NE
BUE/NT, XIBAR—IANER, NMIRNELEERE T AR AR NIEMNSHHD,
&fE, BITEBEER 100 NMEEZ MBS EA X = 5.0 BTN 2 e,
RASHHFADN, WEFENTHIT, REERINVEA—ERTT GIXEREHM L2 ASEK) &
5K E 2 SHUERR,

>>> net = network2.Network([784, 100, 10], cost=network2.CrossEntropyCost)
>>> net.large_weight_initializer()
>>> net.SGD(training_data, 30, 10, 0.5, lmbda=5.0,

. evaluation_data=validation_data,

. monitor_evaluation_accuracy=True)

ERATEIIFE FRVERZEGAE] T 97.02%, XLt 30 MBI A Bk, SEfr L, FEfRER
T—mm, 605K n =01F X =5.00 FNFARHE T 98%, KET 98.04% NN IEME, X
F 152 ITABX MU REETE!

HEABIHERA—MRELEMNETRES D ZEMEN S . Khrl, XFARNEDN
grhb, SRERFREA, EEAAREN () NEYIRLHITZ IR MNIST WLEIZ4R8983®, HAI

74



3.2. AEMUSHMEL

TAEHRINE S BARERE, BERETANRENBHEMNEL. ERMENEIST
RLHBAERKRIVER, WEER, ICHHINLSEBRHETZEHER,

NESXFF? NEREE, RANRBELEHN, BANERENKERRESEK,
MEMBAREERT—1F. MENERES, XRSENERAEETEER. FIUZEENE
MEREHEESERELNAE TN, RANSKERANNERERE FEHRNEUNE
SIREBDABERERNEN. FREXMINRILBANFE IR AR BRENETE,
RASEIREREI AN B RMNE,

3.2.2 AEHCEHAUEEIREIEMNE

HNNELE THEHALRERTRBADIEINET . XELAREY, T, XEEHNER
FEAEMA! BENRER: NINEERMEE L, EREERNERE, BrtddiEsa
TMERRAERARE, RN, XBARREE, TIERT —LrEEX
ST ARERBER. LHNEXMEERAL, IABHR— T, WEha— M EETES, X
IAERIIRA:

XEFANEHELEAREMELRINR, My TREREE. FNNERZIIG—MRE
SKITN y KT~ = BYERER, Fl TR LR MEEREXMER, BEHA RN ERAY: B—
NEMIRING TR XFWHREELEZTMVRL SN R ESILFELEEMELE. —
BIMERT 2R, NTEEME LEES, 0E, BHRE+1m, FIzA U
HEIME— 9 METR y = apz® + a12® + ... + a9 K2 P EHIE. TEZZTANER':

X B ABEHYIEXERI, TIREZA— M0 Numpy B9 polyfit ZFEREEKEl, MRIRITULEFE, AU
MXPETRREHEEEHI ST . EPRIE 14 178K p (x) EFRXPER.
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http://neuralnetworksanddeeplearning.com/js/polynomial_model.js
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R

MERIFRIRE? I ERIRERERY? B MRE BRI 2 R H BB R IR
A L?

XA RRAERIERRE, KfrL, HNNRKEEZXTERURERNERNIE, H1
REES H EEER—NRENESR. BZ2ILFNZERFRIENER: (1) 9MZMAKLR
tRTEEERTELBERNRE, RACRBRIFMZNK; 2) EMNERER y =2, BEF
FEERTNERESHRTINIES, EFRETREBERDIIS,

SRR HM N BEMRR (E, NMREGEMNBERHI) . ZEEH, XLEER
REH. AEXFAEMARENESR. EAHIHIEL, MMRENKIELEERNZH, B
RRISTATREINX TR NBIL TEIFFIER « BY y BVE, AR MEELENERZES
EB—MEABER, BN IMEMANREREEESRK «* £F, MAMERERBLMERIIE K,

AERFER, —MUREIANFIENS BN ZEMEEE BRI SR HEI— P RSEREN
FReB AR R Z BB AR, HMEIHEINARIATAR! 82, XERKRERAVE
ANNZZBALIMBITKAIRE, FATHBRRE N INFRAHRELEXTIUNRINERNEE, 0k
ERGIF, LERENNSESELZMIENMRIRE. AR ESESBALIAVERRSA
EF. AN ZUNLERENEERAL T —EBENEE, NXTBEER, ZUIURE
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HARZH AR HXIH, IBUMEFESIENEMNMIGEFREE HMPIEREHITRN. XHHE,
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A UERARKINERZIERINNEEETNRENAEEENEREREL, B52, MBHMLE
ZIRFIRBING TR IR TR EEXT B R RE, MmeEBRTrIREUE RS B
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—HRFRIE, B EALRNEERRERITEEEBEEILLENEXNBERERF, K
frt, BIESEMEZ#NEREELEIER.
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R FRIAERR, MM ITIERIAE], GE, IEENE, [ 2 XA, BEYIEF N Hans
Bethe RLB &k, Bethe 73iA] T Schein, BEEALRETR Schein BUFTAI FRIMITHE F. BRES
M plate £, Bethe # &I T R MREASIEREEW AR, &5 Schein B4 Bethe — M &
o RIREFHI plate, Bethe WX AJgERLE — MIT LR, Schein i, “BHI, EEXAIEER
BT, EERRIEMRECHAIN, HHLE 1/5 BIEE,” Bethe i%t: “BERIIELEL TX5
N plate 77 &%, Scheinii: “BRIEFKM plate &, & MNFMW plate, FMNFHIHE, RER
TARENIER (RENEMENF) HITHE, MERE—MRIGKEREPIEN plate,” Bethe
EI&, “TEIRFIRBVAER Z BRI —E7IRLE2FNEEN, MBEFMENNRZIEHE, RE—
HEEEE RN, BNZEMBEMMEEEERI.” BETIEIERT, Bethe BVEARIEHEY
i Schein R FAFEIEH,

FEZNMIIF, 721859 £, KX FE Urbain Le Verrier MR EIKEFEBRBAM A HES|
HENNTHITER. SHMNFRERNDNRE, BHNE—EHEBERESFMNFETE LM
/NRIBRENT o 7E 1916 FERHTEIERRRE B XA Lo LIS ELY, XE— M4
BHRRBEERANIEL, ETEERNHT. RESINTESZNERM, MNSERITIBHHE
BHLZERY, MmEUmAOFRIMEMA—EREZE, HEREIRN. XELRAFENFEERHT
BRIEIRAMUNEERE T XN, SERZHMGMNF BRI SADEBTERRE. 7
g5, SAEIRAZBE, EREMENIECERIGEH T —EFmMOFEREBTNEINET. 8
BXEES ANZFAZ NI RELELANNAEINA R, NR—MANEL BEREEN
FHTSIERARELM, BBA—L4WMAFNSHIRIC A ERBRRXENGIE—L,

MXEWEFRATLIEH =R, £—, WERMEREFE D “SNEe” ENE2—HHEAH
T, =, BMEEANTAT U XE— T, BeEMEE—MERNSZERS/ NS
=, WREAIFNNATNEERY, MEEEMZSEPXNHBENFHFUNEES .

FrL, BTN ENFNIZEX—R, AEHHNEERE R BB LIRSz LEEIE R,
XRE—MRIEST (empirical fact)o FTLL, ABRTHARE, HTEMEMERICHE
No HELT LEHE TAMREEREE—MAEBLAEBLE—BEAGHARDNXTAEHA

XN ERYIBEE S Richard Feynman E—XFFHEE R Charles Weiner BYRiF 3R,
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EEHRAR, REEMRENE, ERNHARKE—ETENXTARERRIVER, MNE—&
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XEMBEERNE, XMNoFEER XRFRIXRBIRR — 106Nz 0. MEipesss
FA—MitE EEN B SNSRIz, BEEFFAaHKRELEENES, BEET
25 FBNT AR SA BRIFN2,

XERARS AR, AAFEREEET, BNAXREZHLERINRT. 4—1)LB/UBAR
BER, fBRREREFZINREMBIRR, S, MIERESRE, BRI —REFIR
IAKRR, BRE—MREHK, XPNIEFBIER. FIUEMNEITNERSE — AKX — HEE
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50,000 MUIER. HMNHINEEELENGRET R, B2, XFHINELIR LIZEER
¥o ATA? X—RFHEBRIFMIBH. XBEENMERS: BE TRFINDSE—MEINBY
BYRN,, XEZ—PRMZINIITE, BHHERT N TXMIARERTMARZ, I, FHilE
BAEREEKRRXMEEAM R RN BB AR AR, HENEBRERTXRRINA BiF—L,

MEFRNEZEES FRO—PET: L2 AEHRERGIRE, UILFARTISEL, S
T, SYRSERIA R EEER A LT REETIE 7o KEEXR, MEXFREREF AR
HERONTKRS, P, ARMEE L, AW REHITISEHEEMZ—MIMT . A, FE
AEME, B—TMANBEFFNZEAAINEFZ LB T MARIER. FIUEINAE
2N RAVRE PSRBT SRR IRAE T EB 0. B, RIFRBIRERSELLNAEINR
B — AN, RREBILHZTENEZEN, XEMEEHRIIFIEARENMR. L, 3]
BEAZBEHITUE K.
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EHFK, £4AT, HESMAH=FPARIENESNEMBGE: L1 AR FRFAIEM
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[EREZ—TISEURARBI S

L1 #EH: XN HEERERMENRIAMNRE LI E— MY ELIERI

A

23 e la] BB AR problem of induction, A& =R David Hume 7£ "An Enquiry Concerning Human Under-
standing” (1748) F#iTieid, X2 AFTHEAN, 139BREMELTE David Wolpert 1 William Macready (1997) B9
HERBTFENTIET (855 #AFT P IANNSEFESINER.

3% Gradient-Based Learning Applied to Document Recognition 1, #£Z 9 Yann LeCun, Léon Bottou, Yoshua
Bengio, #0 Patrick Haffner (1998),
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E—NMEERRNMENETER EHTXESER, HIIEXINENREHEITEH.
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HERZN S IURAERZM Mt f110, WRFAVNET BHME, HR=ME—NEF
DL 37, MBRAIEEIMZE 3" BINRTAIBERMIET iR XM TR HIVEEZ 1R
R (RERNMEBER) WAXKBEIENS. RRAETAERMNERESURNBRIA NI EIM
G, PARRERTEEII DRI EI S,

MAXMANEHAXRIE? BAIME, SRNFERNEDNEZTESG, BRE&H]
FEINGARBEEMS, Frl, FNIERAERENRNEBIRBVTFIIHIF. FEBILE
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AL TR ARREN FEPEMRERRE.” MEZ, MRBNTERNVEZNEEM—ET
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LA, FNANEESEZEEATRAMEME L LN AF/HEHEN, RiBieX N
AT RENATRERNEESHIEAR, WK, FrIRHEBIZ MM AFNE MNIST 24
FoEL, AT —MHENZEINABEMERBIBIREENE, XRIEIRRE HFRT
BVEERZAEMEE LES T 98.4% BY/ERHER, MIERFMN L2 WEHHAGKERSET
98.7%o KMBEREREHMARRIES LHEF T —ENRN, SEEGMIESZ IR BAE
=0 FEATEIG AR REWEN CEE R, RIS EP S R B R o
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REEMRENEHIE . FNER/NMEEBEIERNN 10, FIERKRF =05, WEHSHZE
A =5.0, XXBANEE HNE2INGEIEES L1430 MARH, ARRMEE)IGLBUE
ST ML AR N XN E, N TWERNERBAAFEIIGEESE AR, RI27E
LENIGRE EFERMEHSEN A =5.0, RAEEEAE/NDVIIZREERIBTHRA L HIHIFEET A &'

"ImageNet Classification with Deep Convolutional Neural Networks, fE#& 9 Alex Krizhevsky, llya Sutskever, #l
Geoffrey Hinton (2012)5

SImproving neural networks by preventing co-adaptation of feature detectors, ¥E& 3 Geoffrey Hinton, Nitish
Srivastava, Alex Krizhevsky, llya Sutskever, &1 Ruslan Salakhutdinov (2012), FEXRIESITIE T IS4 4b,
XERTXMEENNBERITHITL T,
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RN VEAX R ENELITRIE, PTUEELENT:
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XERRET EEERMT, BINIERRE. XREBIMRIAVERREE ZH0)I4RHE
NHgBEHEE HZRNFERFER, MARNIX 50,000 > — B4, HAIRIEEBEIEL
BUtERE, BIMERAXEFRYRESEMES,

REE LRI AR LR REFIIRZ, F=ZE, XTMAEANER, ALHRFPEEER
MEREIRY, oD, WE A EREBREEMIMER, BmEANYT BIIGETE. RISHIIE
FA—" 589 MNIST JIRE1R,

>

BEHIThESR,, Ebumig 15°:
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XX B EZHILANEFIERFH BERERRERIMER—IZE MNIST JIZEHEFBIE
BEAER. P LUSXAF BV A IO IR EE 2R Pl ae B BN AN IBYMB F S B Z AT 7 36
BF. ME, EABMNARTREINXEE R FATFIUFERER MNIST JIZ4fFA L@dRE
NBIBRERY R IR, AR BERIIGEIERIE A INEBIERE.

XMEEEBRBAHEBER ZNAT. URIMMN—RBIEX"EE—LER, XBIEXH,
TEETE MNIST EER T LN XMEERNZ AT, ER—M & ERINESEESIMIIE
ZfEATRIEML — — DB 800 MNEEITTHIRI SR NEE, AT RIUBN RIS EiRE
Y MNIST JIIZREHE LEiTX LK, 18217 98.4% MDLEMRE, MITRRNER:, TR
RREIGCRY RIIIGR TR, BIEX N REMEIESE LAV, MIHEFAEIT 98.9% BIAEZ,
AR “SRIEHIERT BVEUE BT T R, XE—MEREIA TR FEARAIRE B EhRY
BT %, B fEAE MY BAVEIE, MII&RZAE]T 99.3% B0 LKERHR, i@
IR ISR EHERVPR A R AR T TR RMZE AT L0,

XMENZ U UBERAFERF IR ZIMEFIES LBV —RriEl
WA AR BRE SE SR BV IRIERY BIIGRERTE, HBIXET AR LA, flan, REM
B—MEZNERHITIEZ IR, HALXEETUEEERBENER TIRFIES. PR
BILUBIIIEINE R AR BIRBIIIZREHE. Tl IR seus Xy Hdt 1T IR A AR R IR S AE N HY
T ERiE. FIUXEA M —ET RIIGSIENS . XERAHFTSEEHR — i, HX
SHADUETIIABRS, BN BIEHTIREREE, XFRREMER. S, 1CER
DUHITEEENY &', SRNMAZEZRISEMEN—HE.
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- IEON_EEIERIARIE, —HRi B MNIST JIZRE3ERN A 2B —%/ ) \avhedt. NRZA1n
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KFARBIEMEN 2 X ERBNRIMBEING:. L RNBEEHENLEHIEEIILE
RNBARIE R
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10
Training set size

RigFHAMERFIBINEEF IRARK D LKRT, MABELWE FIg, MR EAX
FREN (SVM), HMES—FELBBENEIE. ENE—EFMIER, FEBORATH

Best Practices for Convolutional Neural Networks Applied to Visual Document Analysis, {E&:A Patrice Simard,
Dave Steinkraus, A1 John Platt (2003)
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A SVM, BATARHITRANRITIE, FAIVER scikit-learn FIRHEAT SYM BRI, THE
SVM RE M REREE ISR BB EN A NEUNIE R, FHBEL T RERMEIERFK S EXTLS:
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- (FARERE) AN BFIEEEIFEARNGIEE LINEEIT? WEELENEL, H
KEEX —PREEVIGEIEMR LRI MR —MIRBE AN RN, —MiE 2HERA
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EHARSRABHARBHIIER. REEBI RIS REERE 5 4RI LIRS
AMS? NRAILL, EEERARIBINLER S SIE AR AL,

EXNEFERIERE nore_data.py £ (M EEJLMEFR—) .

YR EMFIFE N Scaling to very very large corpora for natural language disambiguation, fE& 4 Michele Banko
M Eric Brill  (2001)
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BT XERE, TRM 2 =3 wiz; + b IHRAR—MIEN 0, FHBERREENSHIH. &
%, Fl1E 500 MEN 0 BV 500 MEN 1 BYRIN. BARSZIER 2 BRMIFEN 0 17
ERNV3/2=122.. NEHNH. XBLLUGEERGNIEE, KRB THTEEENHLL
B, S WY ATE T ESE:

04 4

r T T T T 1

-30 —20 —-10 0 10 20 30

XN —MPZTEATREIEMN, R WA KEIEEIBEIF SRE TP,

%3

CBIE 2 = X, wies + bIREER /32 FTEMSTEREEN: (3) MIMNTEMN
HE, BEVEURNTESENN; () HESAENTS,
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«

“python
>>> dmport mnist_loader
>>> training_data, validation_data, test_data = \
. mnist_loader.load_data_wrapper ()
>>> dmport network2
>>> net = network2.Network([784, 30, 10], cost=network2.CrossEntropyCost)
>>> net.large_weight_initializer()
>>> net.SGD(training_data, 30, 10, 0.1, lmbda = 5.0,
. evaluation_data=validation_data,
. monitor_evaluation_accuracy=True)

A MO ERF 7 EREITNERIIE W XKFF EIREER/ R, EN networkz FAINTT TUTLE
T@ﬁﬁ%ﬁﬂ’\]?’i%o ﬁ%ﬁﬂigﬁﬂ\]ﬂuﬁﬁtﬁﬂ’\] net.large_weight_initializer() S

>>> net = network2.Network([784, 30, 10], cost=network2.CrossEntropyCost)
>>> net.SGD(training_data, 30, 10, 0.1, lmbda = 5.0,

. evaluation_data=validation_data,

. monitor_evaluation_accuracy=True)

RERAERREERY , HIUSE:

100 (;Iasyﬁcahgn accuragy
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— Old approach to weight initialization
86} New approach to weight initialization |
0 5 10 15 20 25 30
Epoch

MBI, BT 6% HERER LB T, RBNDLERE/FRe—, BN
YRR R T RERR . EHE— MR AN D REHERTE 87% LUT, MINAEEEL
JLFIRET 93%, BEXRNERMERN IR FNENBUR A IURINGFR T — MR
5t LTS EMNREMSEFRIER, FEFRERE 100 DMELTHIZE BB T

T RREMXIB AN F—IBEFHIFEF R weight_initialization.py o
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100 (;Ia55|f|cat|9n accuracy
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— Old approach to weight initialization

861 New approach to weight initialization |
0 5 10 15 20 25 30
Epoch
EXMERT, MMEIHEEES. A, RN ALI T HLE— LA MYIEH

B (XEZERET) EHZXETMZE/LFHEEN, A, EFXERE, ERREANNEDR
R MRINNER, FERETENENRAEMRE, A, EFNE, HMEBI—L0FEERE
A 1//nm NEVIBEHKPAETHEREEZEM. FHit, MUNBEBEHRIIGRERINR,
BIRERA It LB RARAIRS .

1//nin BURERNIA N A BB RITHEA THENKZZESIN A K. HMAINEBHIRAE
el , REHRRETXPEANRR, ZAEXERIMEMAYSE, WA 1/ /nn BEL
AU TSR 7o WRIRRHBAVIE, FIEFIMEBT 2012 FH Yoshua Bengio ALK
141557, UKABERAIZE MR

BE:

- BHCEUHBOHBINEN RN T ZESER L2 BB RS Boha ] — L8 MUT5H
BRI LTS AR AR PR, RIRFA VLR IBRIFRMNERN S £, ER—TBERANWR: (1)
fRig A AN, NENE SRRV FRNER RSV, (2) TR\ < n, NER
BIBAF exp(—nr/m) 8 EXHRR; 3) RIZ A AXKR, NERBAZENERED 1//n
AUBHRIRIFE, HH n 2MNEFNEN DR IEXEFAHECSEEDRT 4 HERE T
AR o

3.4 BEFEIRMRE: K5

ML AZNEIRIXER L, FNPREEH—DRIER, networkz.py, XE—TIIEE
—ERFREY network. py BIBUEIRZS, NRIFKBEFHET network.py, HBIRFJEESFEEIRA
EX T XEARIAVINIE, XX 7417483, BRZE,

*D network.py _4{$: Eggﬁﬁj\?\jﬂ% Network ;’ET ) ﬁﬂ\]ﬁﬁlz/l\%%/j_—\ﬁqﬁééwégo 'fﬁtiﬂq—/l\ sizes
MFIREN G DN N EHTIGEN, BOIAERRZBEERRN cost 2

class Network(object):

def __init__(self, sizes, cost=CrossEntropyCost):

22practical Recommendations for Gradient-Based Training of Deep Architectures, fE#& 4 Yoshua Bengio (2012),
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self.num_layers = len(sizes)
self.sizes = sizes
self.default_weight_initializer()
self.cost=cost

BHGTATER _inic__ 737ERIM network.py F—HF, BILIRZFE, BE TEMITENH,
HANFBERBMAZIEMS T Ao

BAVFLEE default_weight_initializer 7%, AT IR ENGBINESE. W0
BINBLEBIN, FRATHYEROMAVEEN 1/vn, n ANNEENEZE M HIERNE
70 TIREEN 1 IBfia RN RE. TEEAN:

def default_weight_initializer(self):
self.biases = [np.random.randn(y, 1) for y in self.sizes[1:]]
self.weights = [np.random.randn(y, x)/np.sqrt(x)
for x, y in zip(self.sizes[:-1], self.sizes[1:])]

AT BN, FEHE o SLEHTEMEREBUEEN Numpy F. HIEEFRNF LS
import Numpy. EIEHNTEEXNE—ENHETHWREHITINBRIL. AANF—EHLEZRANE,
FrUREES | NERIRE. FATE network.py T T2 —HEMEB,

YEN default_weight_initializer B9%NFE, BAIEEE ST — large_weight_initializer /7%
XNFEERT E—EPHMRBL T REMRBE B W EN default_weight initializer

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

R 1arger_weight_initializer H/ABRHRNREREMREEEE —ENERES LR
RHSEZRARENEEERAX A EANEFESR.

R AEZE _inic_ FREZDHBARAMRESENIBNLT cost B, AT IEBEXDTIER
BE, IBINE—THARERRZXBRNALES:
class CrossEntropyCost(object):

@staticmethod

def fn(a, y):
return np.sum(np.nan_to_num(-y*np.log(a)-(1-y)*np.log(l-a)))

@staticmethod
def delta(z, a, y):
return (a-y)

AN E—T F—TEENZE: AIEEANERXE, HFLE, sE— PR, XERK
1A Python BYZEMAZ Python BRESEIL T Eo N ARXIFEIE? ZRMBAN REIETAIRY
MEFIE T RMAERN AR, BHENAEREANEBREEUEE « MBIREH vy ZEMHH
E%o JX/I\%@,EE CrossEntropyCost. fn Hif%?ﬁ/gﬁo (‘;E,I%'E\, np.nan_to_num ﬁ%ﬁﬁ'f%? Numpy
IEMAERGE 0 BUXTEE) BEANRBELREE S —1MAR, ABF _ShieiTkEEREE
EN, HMNFBEHEMERLIRE, 6 XMEANBLIREABTRNREINEE: TEN

BINRIRAFE Python BIBEA 7%, RATLIZBE estaticmethod EIHRT, XAUE fn Ml delta BIEEEAZ. W

RIRBAEMT, FTEM estaticmethod FIHFIR SR Python SRR EMEMN A EZRE MR TN R, XtEHN
A4 self BRBIEABEEN fn fl deltao
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MR, BWEIRENTZAMAE. N TRIIBRY, BHIRERILAI (66)FFR:
ot =al -y (99)

FELX, %ZTHEXT%:/\Hif; CrossEntropyCost.delta, Eﬂgﬁtz%li[mé%%ﬂﬁﬁﬂﬂﬁﬁiﬁﬂj
RENTE. ARFNTRBXRMEEE—MEEMERTENENE X ANHREERRIEF,

KA, networkz. py MBE T —DERR RN RIBIZE. XPEARME —ERVERET
LRy, RABRERANLFEEERRZ R IR quadraticcost. fn 3 7AR X T ML
o BRI y B RN R ERIT LR B quadraticost. delta IRBIFEET XA
MEREBANRERIER (30), HMEE_EHFIE,

class QuadraticCost(object):

@staticmethod
def fn(a, y):
return 0.5%np.linalg.norm(a-y)**2

@staticmethod
def delta(z, a, y):
return (a-y) * sigmoid_prime(z)

IAE, BAEMET networka.py M network.py MPNKRILZEMIEEES, ARREEIR,
WE—EE/)NES), TERERMNSHTNE, 88 L2 WEHRIKRI. RIS ZET, ]
EE network2.py TEERSKIAET, RAFEXNFAMIBBBX LD, BRENBENEWLEEX
MAPNASHNIEREIFEEEN, X, Rer] UIRRERERAMIN I SR, Rl
ECERERANMAR! WRIMEAKTIER, BABFRE TENHE, AEBLEAEFR,
27T, Harhg:

"""network2.py

An improved version of network.py, implementing the stochastic
gradient descent learning algorithm for a feedforward neural network.
Improvements include the addition of the cross-entropy cost function,
regularization, and better initialization of network weights. Note
that I have focused on making the code simple, easily readable, and
easily modifiable. It is not optimized, and omits many desirable
features.

mwin

#### Libraries

# Standard library

import json

import random

import sys

# Third-party libraries

import numpy as np

#### Define the quadratic and cross-entropy cost functions

class QuadraticCost(object):

@staticmethod
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def fn(a, y):
"""Return the cost associated with an output "‘a'' and desired output

Y
mwn

return 0.5%np.linalg.norm(a-y)**2

@staticmethod

def delta(z, a, y):
"""Return the error delta from the output layer.
return (a-y) * sigmoid_prime(z)

1"

class CrossEntropyCost(object):

@staticmethod

def fn(a, y):
"""Return the cost associated with an output " ‘a’ ' and desired output
'y . Note that np.nan_to_num is used to ensure numerical
stability. In particular, if both '‘a'' and "'y ' have a 1.0
in the same slot, then the expression (1-y)*np.log(l-a)
returns nan. The np.nan_to_num ensures that that is converted
to the correct value (0.0).

nin

return np.sum(np.nan_to_num(-y*np.log(a)-(1-y)*np.log(l-a)))

@staticmethod

def delta(z, a, y):
"""Return the error delta from the output layer. Note that the
parameter "'z ' is not used by the method. It is included in
the method's parameters in order to make the interface
consistent with the delta method for other cost classes.

mwn

return (a-y)

#### Main Network class
class Network(object):

def __init__(self, sizes, cost=CrossEntropyCost):
"""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
“self.default_weight_initializer ' (see docstring for that
method) .

i

self.num_layers = len(sizes)
self.sizes = sizes
self.default_weight_initializer()
self.cost=cost

def default_weight_initializer(self):
"""Initialize each weight using a Gaussian distribution with mean 0O
and standard deviation 1 over the square root of the number of
weights connecting to the same neuron. Initialize the biases
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using a Gaussian distribution with mean 0 and standard
deviation 1.

Note that the first layer is 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.

mn

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

def large_weight_initializer(self):
"""Initialize the weights using a Gaussian distribution with mean 0O
and standard deviation 1. Initialize the biases using a
Gaussian distribution with mean 0 and standard deviation 1.

Note that the first layer is 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.

This weight and bias initializer uses the same approach as in
Chapter 1, and is included for purposes of comparison. It
will usually be better to use the default weight initializer
instead.

mwn

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

def feedforward(self, a):
"""Return the output of the network if "‘a' 1is input.
for b, w in zip(self.biases, self.weights):
a = sigmoid(np.dot(w, a)+b)
return a

mwn

def SGD(self, training_data, epochs, mini_batch_size, eta,

lmbda = 0.0,

evaluation_data=None,

monitor_evaluation_cost=False,

monitor_evaluation_accuracy=False,

monitor_training_cost=False,

monitor_training_accuracy=False):
"""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, as is the
regularization parameter "‘lmbda’'. The method also accepts
““evaluation_data’, usually either the validation or test
data. We can monitor the cost and accuracy on either the
evaluation data or the training data, by setting the
appropriate flags. The method returns a tuple containing four
lists: the (per-epoch) costs on the evaluation data, the
accuracies on the evaluation data, the costs on the training
data, and the accuracies on the training data. All values are
evaluated at the end of each training epoch. So, for example,
if we train for 30 epochs, then the first element of the tuple
will be a 30-element list containing the cost on the
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def

def

evaluation data at the end of each epoch. Note that the lists
are empty if the corresponding flag is not set.

nin

if evaluation_data: n_data = len(evaluation_data)
n = len(training_data)
evaluation_cost, evaluation_accuracy = [], []
training_cost, training_accuracy = [], []
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, lmbda, len(training_data))
print "Epoch %s training complete" % j
if monitor_training_cost:
cost = self.total_cost(training_data, lmbda)
training_cost.append(cost)
print "Cost on training data: {}".format(cost)
if monitor_training_accuracy:
accuracy = self.accuracy(training_data, convert=True)
training_accuracy.append(accuracy)
print "Accuracy on training data: {} / {}".format(
accuracy, n)
if monitor_evaluation_cost:
cost = self.total_cost(evaluation_data, lmbda, convert=True)
evaluation_cost.append(cost)
print "Cost on evaluation data: {}".format(cost)
if monitor_evaluation_accuracy:
accuracy = self.accuracy(evaluation_data)
evaluation_accuracy.append(accuracy)
print "Accuracy on evaluation data: {} / {}".format(
self.accuracy(evaluation_data), n_data)
print
return evaluation_cost, evaluation_accuracy, \
training_cost, training_accuracy

update_mini_batch(self, mini_batch, eta, lmbda, n):

"""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) ', "‘eta ' 1is the
learning rate, "“lmbda’" 1is the regularization parameter, and
'n’ 1is the total size of the training data set.

mwn

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)
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 = [(1-eta*x(lmbda/n))*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)]

backprop(self, x, y):
"""Return a tuple " (nabla_b, nabla_w) " representing the
gradient for the cost function C_x. ‘‘nabla_b’' " and
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def

“‘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).delta(zs[-1], activations[-1], vy)
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

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

accuracy(self, data, convert=False):

"""Return the number of inputs in ‘data’’ for which the neural
network outputs the correct result. The neural network's

output is assumed to be the index of whichever neuron in the
final layer has the highest activation.

The flag "~ ‘convert'' should be set to False if the data set 1is
validation or test data (the usual case), and to True if the
data set is the training data. The need for this flag arises
due to differences in the way the results "'y ' are
represented in the different data sets. In particular, it
flags whether we need to convert between the different
representations. It may seem strange to use different
representations for the different data sets. Why not use the
same representation for all three data sets? It's done for
efficiency reasons -- the program usually evaluates the cost
on the training data and the accuracy on other data sets.
These are different types of computations, and using different
representations speeds things up. More details on the
representations can be found in

mnist_loader. load_data_wrapper.

mwn

if convert:
results = [(np.argmax(self.feedforward(x)), np.argmax(y))
for (x, y) in data]
else:
results = [(np.argmax(self.feedforward(x)), v)
for (x, y) in data]
return sum(int(x == vy) for (x, y) in results)
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def total_cost(self, data, lmbda, convert=False):

"""Return the total cost for the data set “‘data’ ‘. The flag
‘“convert' ' should be set to False if the data set 1is the
training data (the usual case), and to True if the data set 1is
the validation or test data. See comments on the similar (but
reversed) convention for the ' ‘accuracy = method, above.
cost = 0.0
for x, y in data:

a = self.feedforward(x)

if convert: y = vectorized_result(y)

cost += self.cost.fn(a, y)/len(data)
cost += 0.5x(lmbda/len(data))xsum(

np.linalg.norm(w)**2 for w in self.weights)
return cost

def save(self, filename):
""Sagve the neural network to the file ~“filename™ ."""
data = {"sizes": self.sizes,
"weights": [w.tolist() for w in self.weights],
"biases": [b.tolist() for b in self.biases],
"cost": str(self.cost.__name__)}
f = open(filename, "w"
json.dump(data, f)
f.close()

#### Loading a Network

def

load(filename):
"""l oad a neural network from the file "~ ‘filename' . Returns an
instance of Network.

1"

f = open(filename, "r")

data = json.load(f)

f.close()

cost = getattr(sys.modules[__name__], data["cost"])
net = Network(data["sizes"], cost=cost)

net.weights = [np.array(w) for w in data["weights"]]
net.biases = [np.array(b) for b in data["biases"]]
return net

#### Miscellaneous functions

def

def

def

vectorized_result(j):

"""Return a 10-dimensional unit vector with a 1.0 in the j'th position
and zeroes elsewhere. This is used to convert a digit (0...9)

into a corresponding desired output from the neural network.

1o

e = np.zeros((10, 1))
e[j] = 1.0
return e

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

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

mnin
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ENEMEBNT AR RIENT L2 Eh. REXE—1TMEENHIS EMNTE,
ARIHPEIEEERE, SAIBREL, NNBEEFESE bda BIRRNGEHR, TER
Network.sGD /77%o SEFR ERI TAEFL R —1TAIAYETE Network.update_mini_batch BUEIEREIH1T,
XA 1B E FREMASRFEITNE TN S, RENSIE), BENEREMARAK!

HILXMERTHREMEP LI —EHRANE LR, HIESE T ETFHRERITICM
SBtbe BIRPIERIERHYEM, B2 ANEIERTHIBHERINIEE, BYWEZAIE AT
B AU Bt rT LASREL 7

S—MUNAEEN A shEMEN IR E TR AL MRS ARG N, XEEARE AL LA
SERNFVEREN BRI TF AR, XEREMURIAR ratse B, BEERNGIFH, EEHE
H True FIEIE Network BYMEBE, BN, network2.py FIBY Network. seb J77EIR[E] 7 —NATTHRER
TR R, BT UXEFEFER:

>>> evaluation_cost, evaluation_accuracy,
. training_cost, training_accuracy = net.SGD(training_data, 30, 10, 0.5,
. Ilmbda = 5.0,
. evaluation_data=validation_data,
. monitor_evaluation_accuracy=True,
. monitor_evaluation_cost=True,
. monitor_training_accuracy=True,
. monitor_training_cost=True)

FTLL, B30 evaluation_cost HRB—1 30 NuRNFIEXREFEETE N ERPERIIES
RN REE, XTHREWEBEERNS T ANSERES BB, thil, e UAXREH
BRMERERY B F SRR, HE, XUEREENETFEREEN A, AMEIEDN
RUNREAIREMEREIRENIE, SN THTNTEMRRTYIR,

F—MEININFLRIE Network. save J77EFBIRED, FBXE Network WRIRFEME L, XE—
NEEIRNENRER, XD A2 A JSON #1789, MIE Python B pickle E crickle 1R
R — XEEEE Z Python 18 EMRFFAEZITRN A%, £ JSON WRER, BRIRERK
BEX, BAIEHZ network FERAIFIE sigmoid BUHETT, ITXNERERISSIL, i I&ERAIBERN
THE Network. __init__ FAFEXHEM. MRFNEEH pickle R, 2T 10ad REH
8 JSON #1757 r] LLETUHIIEE R Network 55RBETS 1oado

HAhthix s —E MR, BEIRLERZE network.py BIIE, ERMBIEIEFM 74 (THEK
27T 15217

A&

- B FEAVAAERSLIT L1 FSB, 2R L1 FBEER 30 DRETRMEARLAEXT MNIST
BFHITDE, REEBIHREI— MBS RERL TR EFA?

« BE network.py FBY Network.cost_derivative /I 7ke X NHER AN ZRAMEREE M,
BB LB TRXBERNKE £? REET BRI B B E X X K # B B AV A
A? TE network2.py B, FKNTBLREE T Network.cost_derivative Fik&, BHHERFT
‘CrossEntropyCost.delta’ 57EH, 1A, XiFEUARAIRELE L IRHAY?

3.5 IMERMIZMENESE

BEIIE, RNDEREBRENENFIRE 9, WEHBH N FFBSERNTE KR
RAHPBERRBRHFNEMD. KExF, HIRERHLMBEA R, FHIFHIBSHHASE
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SREMN—HEZE, 50, FAIEARFR MNIST 8@, FERST FER M AENBESEH—T .
Ri%, NIFFEMStRERTTEE TS HEE R AR, BEEAFESIRERE n = 10.0 AT
WS N =1000.00 FTEEHNN—>1 =i:

>>> dmport mnist_loader

>>> training_data, validation_data, test_data = \

... mnist_loader.load_data_wrapper ()

>>> dmport network2

>>> net = network2.Network([784, 30, 10])

>>> net.SGD(training_data, 30, 10, 10.0, lmbda = 1000.0,

... evaluation_data=validation_data, monitor_evaluation_accuracy=True)
Epoch 0 training complete

Accuracy on evaluation data: 1030 / 10000

Epoch 1 training complete
Accuracy on evaluation data: 990 / 10000

Epoch 2 training complete
Accuracy on evaluation data: 1009 / 10000

Epoch 27 training complete
Accuracy on evaluation data: 1009 / 10000

Epoch 28 training complete
Accuracy on evaluation data: 983 / 10000

Epoch 29 training complete
Accuracy on evaluation data: 967 / 10000

D EEHRHA N LREN LR B, WETERRENIRE £ —

fREJBER W, “XWF, BEFIRFMICUSEHE T.” F=2, RATILRMAE
XEGEREREERNBS Y, PIREEIERIRMLAE 30 MaETT, AEMAEREN, TE8H
INanfErEEEMBSHENR B FR? FIEHINENEEED 100 MREMLT? 2EZE 300
PNREELTT? NEBZENME? HEFFRBREBHIN? AIEERINPINE—EEFS, R
BFIBEEEARE? PIAE minibatch IRBYARVNT? RIBETRA B EUIRAL R AUHTEREL? FIREF
NBEZWAAEINEN BTG E? FFH, REZNEESHRIERTRKRT HE. MR
MEMIRRA, WEER TRZVIGEE, IMBEIMESARET, EA—RIIZAEER
ZIVNVNNEZEJLRDEIVE, REFAESERIF. NRIMEL—BEXE, I LR
BiE0. ARRMEMEEZNEENEEGIRPMEEIRIR? PIRERNIZBF XM T 7

T, REpH—ERTIREBSHNBERIVEEL BNEEMABRH—ELIFRKBREE
IS EBESH. S8, RAZBEBSRMNANEINTZE. BRAEENHA, MEEFR
B PREBTE2AANNE, BAFE—MERNXTEBRBNHEIN. S22E L
RIS RILIEE TR & — R EEE. BRATHEAIVARTEIMA NI K.

B2 ANV, — M ERERERA—FIEIENFES,
WL, BREVNEREFHER, XPEFERREXE, LHEBE —MHEAm0
AT 1L BB B ML SRS o] LITE i Im X SE R (& = 1lo

Rig, FMFE—RBEE MNIST DR, NIFFa, (MEERE, ERIE —THENETE
HREY, ReR/AEER. MWARIAILUFREEI. EANGMINEESPRIABLERRT 04 1
RUBRELEE . ARBENGH—TWERX D 08 1o AMUREELL 10 Mo RBBEREX T, [
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FEh=RLD 80% UIIZEIR, XFRALT 5 EHINR, XEFEAJURIESRILLK, HEEA
R TF AR BN B IREV R,

RIBIEHNERINRLLHITEERXNF S, WRIRE(E [784, 10] BIMLSTE RIsELLBE]
BN D ENR, BAMMXNMEF ALK, X=EIg—1 [784,30,10] INLEEIR, 1R
A LOE—F =l E—

fRE] OB IR = I IT MR R IR PIRESZ — MR T o TE network2.py B, FTEESD
YENEENREHITRIE. 8R4 50,000, FESIANEFZININRGIFTES L—=
JL — FEBEMEIEAR LIS [784, 30,10] W E AR LSS 10 0. HA, 10 WHAKREK, T
REBEZB L THBSEEMM T, WRFEBRIESHIEE, BMEERF 7. 11y
LU B IIME M IR R30I ARG R IR, LLIRES 1,000 XillFE GG, ME, S5H
EAE 10,000 TBEGAVKIEER WITMHRE, FATEILUER 100 lBEGRRHITRIE, HEIES
ENENEEIEBRLNEGRMEENFS), FEEBMBEITIERE. HRA, HRIMNER
network2.py FEEBMIXFNRIE, BREA—NEENEBRERMERNAZE, RITFIIEK
ARR/DEIFT 1,000 18 MNIST JIEE B, IEENMN=H—T, BHER. (WTILREENEE,
BISERMUZ 0 1 HNER. S, BFHERSZMAILUIEI),

>>> net = network2.Network([784, 10])

>>> net.SGD(training_datal[:1000], 30, 10, 10.0, lmbda = 1000.0, \
. evaluation_data=validation_data[:100], \
. monitor_evaluation_accuracy=True)

Epoch 0 training complete

Accuracy on evaluation data: 10 / 100

Epoch 1 training complete
Accuracy on evaluation data: 10 / 100

Epoch 2 training complete
Accuracy on evaluation data: 10 / 100

BAMHARRERENRE! BRE— T ARSI UIEEIRER, MARZH
F 10 8 A L. XEKREMRAUEMNRRMSIOEMIESE, REEZZERSHIHITAR
BB BIA ST,

FELEEMFIFFR, FIRE N = 1000.0, RENZa—HF. BRANXENRZ TIIFFERFN
, BMSAX N #HTRBURIENE TRIOES %, XEKRENRZT A = 20.00 NRFATXHE
®KE, NAE:

>>> net = network2.Network([784, 10])

>>> net.SGD(training_datal[:1000], 30, 10, 10.0, lmbda = 20.0, \
. evaluation_data=validation_data[:100], \

... monitor_evaluation_accuracy=True)

Epoch 0 training complete

Accuracy on evaluation data: 12 / 100

Epoch 1 training complete
Accuracy on evaluation data: 14 / 100

Epoch 2 training complete
Accuracy on evaluation data: 25 / 100

Epoch 3 training complete
Accuracy on evaluation data: 18 / 100
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! WEBTEST. FRFBRENGES, MER—MES. BMNFIUETER, KX
TBEUMMABEZARF . AIRRINBNFEIIRRFEEMN RESAN, XRE—D
AREHREN, RARE=H, BREERKR) FrLUS T IAIRBENROR ¢ EEE=E 100.0:

>>> net = network2.Network([784, 10])

>>> net.SGD(training_data[:1000], 30, 10, 100.0, lmbda = 20.0, \
. evaluation_data=validation_data[:100], \

... monitor_evaluation_accuracy=True)

Epoch 0 training complete

Accuracy on evaluation data: 10 / 100

Epoch 1 training complete
Accuracy on evaluation data: 10 / 100

Epoch 2 training complete
Accuracy on evaluation data: 10 / 100

Epoch 3 training complete
Accuracy on evaluation data: 10 / 100

XHRF! FIFBRNZAENEEIRN, RBEHANEFEIERELE T AL, FIEER

nBEn=10:
>>> net = network2.Network([784, 10])
>>> net.SGD(training_datal[:1000], 30, 10, 1.0, lmbda = 20.0, \

. evaluation_data=validation_datal[:100], \
... monitor_evaluation_accuracy=True)
Epoch 0 training complete
Accuracy on evaluation data: 62 / 100

Epoch 1 training complete
Accuracy on evaluation data: 42 / 100

Epoch 2 training complete
Accuracy on evaluation data: 43 / 100

Epoch 3 training complete
Accuracy on evaluation data: 61 / 100

EIFGFR T FRUBRNA USRS, B PERENESHN, BIEREA . —BI el —H
RTIHERERY n B, HATMAI AT HFIE, AR —1BENESINEZRTHTRI, &R
RE—ME 10 MREITHING, ARSI » X BEEERL 20 MRREIT. ARRKEMBY
B2 BIEE. MI#ET, B8 —FEAFA] hold out IR IERE, EAXE
EERWABAKMTES . SN LB E, —REBFERERBLHERLIBTIB
SHCNE TR, XA U—F T p D mirasnE,

PREXEEA—TEDZNRBERRERRIG, AN, HBELZISHESHNRR. KR
E, BMEE EEAIEBEEHT FRUWAIM R KirntL, REZBIHEZNEFIFEE
ARIREIE . MRAIEBRERETRERRESH L, MAREHE. FIUEEBEFR—T7&
RTERIRR Z M SR R R AIBE R RVRIGRIE R 15, BR LR, XEEXREWDEMNEB NN EE
RARAURER . KFR L, XIFREBERAEIIR, ENIREEE BRI EEEREXHIESHIW
&, —BIFRERXEES, RAURZBIHBBSERFRENIEERE . XMALEPES
BR—1F — BEHKRM
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47, FEMER ZER. IERINEELAERNREBEHNETE. HBEEFY
K, L2FBHESEH N, FTMEESIER . A, BEZHNSBEFEAUNBEEMIBSEH
RO b, BE—EXTWEREEN. EEipFle i —LABEEmB AL momentum
co-efficient XiFHIEBS .

FIRE: BGFENETT = IFREFIRERE (np=0.025. n = 0.25. = 2.5) B MNIST
&. BINSBHENANLIIBIFILEEMNBSE, #1730 [E&, minibatch X/NA 10, A5
A = 5.0, HNEESFEREE 50,000 B)IFEG. TEE—EIBR TIIGANHTLERNE:

1.2

e—e 15 =0.025
o o =025
e—o =25

1.0

0.8

Cost

0.6

0.4F

©%00o0,0900 0000000°%%000
0 5 10 15 20 25 30

Epoch

A n=0.025, ANEHRFBTRERENEIS. A8 n=0.25 FKNHNFBETE, TR
20 D& EEOLIBNRDS, EEMERNEZMENE . &REAEA 9 = 2.5 UNHMIBELER
B7PFERE. N TEEEZNRE, RIE—THEGE TEESKZHEINREEZ AR
BN ERERBY A RBY

V2

V1 1 _1

PR, 03R n RKRENE, PREIERABERESEAERIS/IMENERNET T BFK. XTE
n=2.5BAERATRERE. HRNDERE n = 0.25 BY, AL RN THR T ARME, B—BE|
AT AR, XREAZEBEHITE, MARIEE »=0.025 8, 7280 30 BEIGEFRFAEZ XD
BRI, S8, EREXNWNFIRER, HEHHRZ DA — BIRE TREEEZIET .
—MEIFAVRIRE SRR, EHFGEREEA »=0.25, BEEMREELARK, BB n = 0.025
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XML EIRENFZERINNEESNA. BE, BIMBEEREH— N 2REFNESHIERE
BIERE, 7o

FTLA, B 7 XENEE, HITTLINTRE 1o B, FINEREINGEIR LR ILEDF
BT EMIAEE ZHEEINBER n BREREIT. X METTHAZERIEH. /Re] UG
MEREL, LBINRM n = 0.01 FFia. WRRNEINGENFIEE TRISFE TR, Ria]LIE
FHZEE = 0.1,1.0,..., BERERE—Dn WECEEEABEETRSN A BE ZHEEIN,
R, WRANTE n=0.01 WHFFAEHHELM, BIMER n = 0.001,0.0001, ... EEIRKE
KNTEFBEIER FENIZE. HRXENTE, FITAIUEEZEIRENFENEHKIEHIT.
RE] DO (1T, EEAER AN n, tEAW n=053E n =02 (XEHWAFELTF
FEHE) o

E, n EPMERAMIZLLREKXR, ELfrtE, R NEEEFEREZEENIE, REMNEZME
BRfRvN—ap0E, fle, BER—FXEREE, XEFENEFEEY 2MFRIIIEEZ0EE, +
SBIEF SRERE,

£ MNIST #3EH, FRXFNRIESAGEH— MR TFEIERER » N—PERKNGEIT, K2
0.1e T—EHNRE, HNEFANTHE = 0.50 FTLA, FHIHZBNINIAYEL—FMRBEHAE 7F
SIERE N n =025, KFrlE, HAIGEE » = 0.5 7 30 EI&EARMNBEIH, FFLUEERERD
FIRE, B4R,

XERREEER. A, ERIIGANRECRIERE » BERFMIE T2 5 2B S iEsE
RFEBSHIINIRE R FE. Kbr L, FHERRIEAERRRIEFEIEHESEL, minibatch
KN, MBERERT N ENE S, FF, AAUNEIRXERRENAER? BEEM
I, XERFELEBENAEZRRET, PAIBRET. REMEEMNBSHME FRARE
FOMNREE EMY D SSERRE, FrLUSMI T B I ERERIEFRESIE—LL, AT, FIREN
N2 BAMEMREZNDXEMRERN, FIRXRFTENENEEFBEE TENT K, BTk
KM BERTFIRNT I KNG E, I, XELME N ANRST. EFIB0a18E, WRIIE
EFERIEF, YIZRE B ETE T BE. FTUUTESSE R E B A F 2 A N H A XY HIRT BRI K A,

ERRAELERBENGIENRSE: NN EREZRIEINICHAE, RBAFLERTTE
SPEIENERRE, RIEETERIESE ERNDERERR, SEHTRIBRERM, MALE. Xit
EEOSHREERES, Ft, BRKREHITNTIBHFEECENMEERISGHMEMBS I
BUKER, MH, XNIEEEEHN. HIN, REIFLEHEBEAEMIIERIENS REEEX
WRTHA N R BIRAELL, XFr UEREMIRENES, ERAXEREFNEHTE, BiR
R E AR —HHRIER S,

HNFEBRR— T AMED EMRABREAN, XFHARIEMELE ENRMNER
BN, DREHREREEE TENRDIBSHEHHER . ORBNEEBENFFET
FERVBHERTLISLE, BABER BT ETFRER. —MAENBRRDZENR D REMRTE—R
B E] NN B A RIIHRLR b B30, FHRAIZMR MNIST 8@, WNRDEEHETDE 10 MEIE
TRBRIBE R, BIPREL L, XFEANAIUBRENAZALSIR, WaBERIT
E—EHTFEIHIE.

X 10 B & MEARL LEAIMNIRIE S MNIST RIEB—H IR, A, MEERES
ERKNEAT—MIEN D REBIXIMOATFENBE, AT 2BRA. NRIRZIAR
SRS, XPHMNATEME AL T — FIER/RAER, L, RENEREINR
NHIEREEIZRRI T TR, (ARG ERE AR 10 [ EFRTTMN, AEEP L EE A
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&, e 20 RIS MEFATELLL, 50 [BSAMEAMKIE, LULEH, S8, XR5IANT —
MR EZMAEBSR! KEH, EXEREZREXMESUCKRFRIFIER, K1)
#h, WAET MNIST BRI, 10 BEF AL MU SRS BHTERIRT, XEEUR
TIRRESBR T AM, HT—2/ Ak, RIVIFRVIRRIZ LERVERERIAZ RS B R,

BNELBERNB MNIST SLIFEARAZ L, RRERINEZLR T AENFE I Mo
XAFEE R E LRSS EARAFINELE S, BRE, 1E networke.py PRIIBRIRIEILZEREE
tERY:

=1

* AEDR network2.py RSEIMRAITLLE, Fib n BIGREALXILEREEPHY n A FLUSENS

Ho

- (REEBBRBEABE T n DS EAL I RIBAVEMIZATR I REBA? 8T, MNINIZEET
RIFESHIIDERTMABEINERA FIRBIBUASEINIE networkz.py 1, BT
JoA] 10 [Bl & AMRFHER LSRR LA M RS IE A B R A I ZRAV RIS £

FIRFPFPE: B —BEBRFIRGENERE, B2, BERATENFEIRZEFNE
Mo EFIIWNEIER, NEOREIEREERE. FIURTFEER— MRANEIIREINETHEE
R @G, BATIUBRFESIRE, XHEA]LUEHEINERNIBE,

BMNENMEEFSERER? HLBREHZE. —MHEANNRZ2FEREAMZLENRZE.
BREFIRFN—NEEEIWIDERIABTE, RAERBENETREIRE, iR
IR 1080E 2, HMNEEWIIRETRX, BIEFIERKEVIAER 1/1024 (5(E 1/1000), B
BYRELR b,

] B F SRR LIRFH RS, BRUSFEAREFTRENER, XEEERIEAKE ()
AR ERRBEBENABRMUEFEINM, HRFEKLE, RBNERE—NEEFENFIR
EWEF, X8 M— I RFIEM. EE, NRIERFEFNLRE, ERFZRBERDRN
TR, REHREEAEHNZER,

%3]
+ B neworke. oy RIFETHN: SRBIPEHTHE 10 EATEFHE L RIBNHTES)
W W STEEREEIAMERT 1/128 B,

AERSH: BB, RSBt (A =0.0), #EnE. FRMBTEERN ),
7B AR A IIEEIESRIERIF Y Ao MBI N = 1.0 FF3A, AEREBINIESE AV EEIREREF 10
ENEeR D EE, —ERELNE—PNIFRIER, ReILISOE X BB, XERER, RutelbL
R [EIFEFLAL 0o

%3

- EABE FMERRAFIFNBSRNERELRZHGT. R UBGXTEARE THEX
HE X VRS A? (REEBRBRX T REAME TERAE » HIFERA?

TEAPRE, RRMAMEREBSHE: NRMFERETLE HBHEFRE, MRAIRE K
2E 9 M A FLE2MBL LN —F. RAETHEHTNERENRE], BMERZEFMALE
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ZHLEANUL, BERNBLHINERTEUWRF IR, iR, LR TRAN R
MR BAN R, LBANENRKBIFIRTG R, BAERMEN, FF. N T EXELRE
BEX, BBESBESMARER Z EFREAE (HEHTEENRERFE). 2R, AFESH
WNAFNFIMRE B R ALK EEICRIE, PRUZBIRLEBSRE SR IT R,

AT XEFFR, ALFEAFUZRARNUE NE—URIBS IR, Bt L, Xt
REUWBEAFHEN, FARENERIIFIUERIES M RERLIER. B2, HRIIEKR
BREIRASEHTT T ARZAILLER, KL, RRTEMIFTEISHNIERR T XWERER
WRARKABRABRYF FIF—ERMN) BSHERE,

MEEERIEAD . FIROZ g BN ESIEIIA/N? AT [BIEX DR, EFHA)E R
EERTEETS), SR EAX/NA 1 p it EHE.

—PRTELFIVEMEERRE — M AR N M ERERHR I TEENEIREIT. K
frLE, REANPZERNTEXNAT RAETETE—HBEMITAITREXEH. HIIFE
ERHERRNTRBURT TENEBEHINEGT. MRRNEEERIRR, BRRBE—IIKEH
By (E110-20 F) fEmtt. MRIMFNESAEMIOETERT, B RETIIRT TA L IER
BAE, PrUREIRBERAIRR.

BETXMIR, XRERFERNFEERELT S, KihL, BREEEMEZR. £ £
—ERYREA FRIE IR P LU AR PR AKX PR 12/ it B #dE P RV A RIBT 1+ B AR E 55T,
MAZHITEN. FTLL, BURTREEMAMEAHMENSIAT, XSEF A AHITREENR
ReFZ, WIFE 50 A 100 BEHEZ,

WAE, BRERZNHANBEAR. FlIER 100 B/ ELFTERF I T,

1
— — —
w = w' =w =17 Em VC, (100)

XE B/ NMEEFIRPMMEINGEARN, MELFIE
w—w =w-—-nVC, (101)

BIEENE 50 (BRVRTIE], SERMALLERTAFIEY, RARINELFITHF[AOIIMNE
To Ri%, HILELUET, BITEFEIERY KT 100 &, BFANFLE

w%w’:w—nZVC’x (102)

BRI T 100 IRIZEVELTF S, BRMNXLEELF IR T 50 (BHINE, =4, H
SEAERIFR 100 RELFS), FANMLERED VO, REXIRIFRINEHTTEEN, MEL
FIRZEMFS, ERAERKNNEMIEEERIERE EEMAEBEHITIIZINER,

PRI, EESFRNMEEBBIERIMER—IHTR. X7, (A=A LRIFRIERZERIRE
8. XK, RENEESEBIMEMENNEN, MAAFEHNBER—MIRNE, FTUEX
FINRE, FThE, IWWEHEXNBIEFRELEEWIRIN— MBS (WEBER
MINNZER) , FRLURABEMUBLESHRIHIFY MEESIER /N AL, PTLOEENH
EERARLERUEZNE (FHFEERMH) FARMSHIER, ARHTAR/NEELNR
ERNNRE, GREEBFEE . BHWIEERRNERE JFRE) THE, EEmR
FRRIRMEEMNRTRVNEEBHIER/ N BET NEHIEA/D, Bt L EMABESHuH

103



3.5. WfEIZER A B RIEB SR

TR T,

S, MEEIT, IXEHLKEMEIXAZ, Kirt, FMNKRALKEERBE Mt
SWEBMRET K. SR BMER T/ NNLETIEXRNN 10 FTLL FHAMNEKALUBIZ
TN EHERNFETRE. REREXFY, ANRFERTNMEBIEART 1 BfE
A, BRARKELLRTIEAMREALAHEE, ARER, RMNRSBWEAEELSERN
BRI EHIE BN, ASER AR IRMAL N ELHER/ ), A2 S ABVRERR .

BalEAR: BRELLHRELZEF oI TBSHRNANNBERNAN, FohtEHAREHE
BEWMEIT AN G F. A, BRE, RETEELFERELITEHRTT. BENFE AT EMIE
& (grid search), ALRFAWMITBSHNSH T BHIWNEHITIER, MIEERIIKFH
BRI (5 FSEMBIZIAR) £ James Bergstra #l Yoshua Bengio 2012 FERIEXHFBEXRLAHT
Sk, REBINEARNF A HWAKIBHET . BXBFARLHNE, BIFBIEH 2012 F&E
FA DM E L 5 B Eh iR (B B E 2 RIIE S I T UM X B3RS, W BEWEMMARARER T .

B4 R EAENZWH TR BRI S DA RANER. BRRAIsAIR— TR
Fafl— P BuAEM, Falt, REZLIFERIIMITIC TEBSHNERE, KKk, BSH
BFEERS X R, (REIREERA n i Tile, KIMBELRE, RAEEMKL N, EMXEXH B
F—E T, EREFR, —MEBRLOTEHITH, RAXZFITHMEFIFNE, 22, BAIMUE
KREREY, TEREMER. MNIZIEMBLELZEMRNZHNES, ARTEHAEZ T,
R, XEKEZEEIMNABHIETHRENENTTA, F5RRIFSE EIVERE,

EFEBSHHEET T UFERERBSHN A EZRDE, XEFENBEITZHNHRILN,
HREFEENNE—LEHARTARNANER, AMEEENEE, BERELZMNEXAET (BIHE
FEW) B AM, BB L5518 RIS XX LR AHIT 7T MIEMS4, Yoshua
Bengio 7 2012 FIIEI?OFRLA H T — LB F X Tl mE WL A0 R BEEAEE TE
B AR SRR, Bengio MR Z[AlAAYITICLE X B E MR, HFEBSWMEHITRANL
HEBSEHIEER, S—RIFEFIIEIE 1998 £8Y Yann LeCun. Léon Bottou. Genevieve Orr Al
Klaus-Robert Mller FRERY? o XEEICSUHEETE 2012 FH—ABH, XEABNAT R L5
LML ERRID %, XAPERY, BRENABTELEERIEERZENSE LT, BiFE
RS ZE LB E—L,

FEIMBRXENER, 552 TiHRN, SEMERNEBSHMUMAZE— T ELRTS
R, DA LRI E IR, BAXTIEREERZ: “BUERIETE,
REWEF” XRAEMENKZNH LB BSHWTEAKRT, AUANMTEEENTE
i t, ReeRiaAELFA. PRLUFNERNEZREL — D TIERKRRE SIRERMATS
H, XHEFPIUEE BB EM TR AN EENSHAITEMA TR,

REBSHBIBEGI—E NIRR ML NZALL AN SEZE I B AR EAENTIRHITS
kR, BUARFIRESAEMMA: ‘B9, SHGTENBEMNE R ExEX AR ERERMH
MR, B2, HAIUSR—THBIIZRM (30& SYM & - XE-B 2 RENRA) %
TERY. HEBENENEEEIBMRIFINMEMNS,” HR8, M— I LEEAE, SEENAEM
24Random search for hyper-parameter optimization, {E#& 73 James Bergstra 1 Yoshua Bengio (2012),
Bpractical Bayesian optimization of machine learning algorithms, E2& /9 Jasper Snoek, Hugo Larochelle, 1 Ryan
AdZ%r;rzoctica\ recommendations for gradient-based training of deep architectures, {E#& 3 Yoshua Bengio (2012).

ZEfficient BackProp, fEZ& 79 Yann LeCun, Léon Bottou, Genevieve Orr A Klaus-Robert Miiller  (1998)
ZNeural Networks: Tricks of the Trade, HE Grégoire Montavon, Geneviéve Orr 1 Klaus-Robert Milller £8%8,
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https://github.com/jaberg/hyperopt
http://dl.acm.org/citation.cfm?id=2188395
http://papers.nips.cc/paper/4522-practical-bayesian-optimization-of-machine-learning-algorithms.pdf
http://arxiv.org/abs/1206.5533
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
http://www.springer.com/computer/theoretical+computer+science/book/978-3-642-35288-1

36. HExAK

BRI XEMRNIFELIER DR S E M, KA R, REFHE— TS
BIERRBRRABIRE, B2, NRRFBRMVEERRZEZNERNIE, MUAEFTEZR
EMEREWHIANIRNTG AT . MRNSEFIEE2RBANEBERGF ALY, BEEE—TN
SRERREGEF IS AE R,

3.6 HeKAK

FEPHARNE M RAELZRER/FEIN, EXHATERMERMINE—RE, FEEHNHE
SRR B CAAETE R W ES 1 IRV IR) R LUK AR X L [ P #t 1T A B 73 e PREL, FA)
NAEELFI TUNRREHENSE. *EREMD, HBEMNB-RIEMEAR XL
AR Z A BINEE, TIBREAL X T LML S LRI ARBIE o

3.6.1 RENBE TRENZEATEN

B R AERHTHENEE FEREZE MNIST iESLKRA B TREFNRDL, AT,
TERZEHMPOM SRR RE, iR, XEHABEBHREE/ N LSRN RE T
BIFRIRER, &7, M@=, Hessian Al momentum AR,

Hessian fAR: N7 BHFHIITIEX MR, FSCBELMERE—L. Bk, REERRE
RNEANERER C BIHRPE, Ef C ZZMSERBRE, w = wi,wa, ..., FTELC = C(w)s
BB T RFEAIL, RNREKALTER w BTN

5 o
+ ;§ij%Awk +... (103)
BT LLREESE M
Clw+ Aw) = C(w) + VC - Aw + %AwTHAw b (104)

HEVC ZBENRERSE, H SZEHEMAA I Hessian 8[F, HAE jk TRLE 0°C/0w;0wyo
Rz BIEFBSHMBVTERIEM] C,

C(w + Aw) ~ C(w) + VC - Aw + %AwTHAw (105)
ERAMRY, BITNEBARRIAN AT LUH TRIMEY, T8
Aw=-H'VC (106)

HRFE (105) RN BRI ELBIF B ARA T, I VRN R w BB E w+Aw = w—H'VC
B LU B E MR AN RIBIE. Xpttah T — I RERBI A RERE A
- ERFER, w

PRI, WHER— N RME, MANNE—MRE, RINFERIL Hessian FEMFREEN, B, Xk
ER C BEXRBEG— UL, MAE—ELUT—E3E,
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- BT w BHTR W =w— H_,VC, H Hessian H ] VO 1£ w T EHKAY

B BT E w=w — H-IV'C, EF Hessian H' 1 V'C £ v’ {M+EHFER

KPR A, (105) @ME—NAM, HBEERFEE/IWIKEEF. RiITEIEEMERNT
2 Aw=-—nH VO RHZ w, HF n L8 FIREE,

XN NMERINT REBY 575 = BTN Hessian 3R 2% Hessian ik, FIE1C_EFISCEE T
H94E RECREA Hessian A ALLAERNSE N EAZRSUREE R, Faliy, @I 5| NLNEER
M ZEE, BJLIL Hessian FiA R EFE FMEPBEMEINZEEZ (pathologies) [8)#,
me, kREEEEENGLRAMLE AT ITE Hessiano

YR Hessian MU XAFE, AAFRIMNXERNERER? FENE, RE Hessian Lt E
RLZOREFYE, SELSTRE— PN RFRM s ALERPREMENAH, XN @noRERET
Hessian 28I AR T o BRIZRIRBE— 107 MUEFNREHINGS . FBAXINE Hessian 8= H
107 x 107 = 10*4 MR, XENRARKRT! FILMEKREF, 8 H1VC MikERM, i,
XHARRFIBRELERT . Lfrt, BIRZXE Hessian Lt B A E NENTM, BE
B KRB FERY R, IEENBEEHP—MERNET momentum #BE FENEE,

ETF momentum MHEETE: B LE, Hessian MMM ESSEMUNEETHEE, M
BERXesBEENEATUHMNEE. EF momentum EEE FEMETX N EN, B8R T M
SHMBEENED, 7 EH# momentum B, BRERMNEXFHEE NENRIGE R, EAE]
R T —NRRBLANT S, AR, BILMBE TR, RTXNEFH, BEUTFERR
EILABIESES. momentum ARER T HE FMENMAMEZ XMNTFX MBS, B, A
1B MBANBHEINT —MEREE (velocity) HEIS. BENERMENTEE, Mz
EENNEMAE, UEYEFHIINERE, IzEEMERAE, 5=, momentum 75
ESINT —FMER AN, RIS D RE,

IERNMNAEEINEBNEFRR BISINREZE v = vy, v9,..., HPRE—PIWN w; T
£, REHINTEHBE TEEIAN w — o = w — nVC BN

v—=v = pw—nVC (107)

w—w =w4 (108)

EXERER, p EAFTHIESNEEENNENBS N, N TEBRX IR, AIUEE-T
8 p=1808R, SNTRBEERER. FLL, WRIRRILEBRIN VO RETRE, v, BE
fEEBiEH w THX, BN LE, HNBIESMEIIEETRINERE, X&RK, NREE
ARLEINIRRNFERENA R, TN LUSEER N AR LR ANBE, BEE,
MRBATERIINE FE, IREMFA:

DE—MBENEP, v, TELERWEERENNENRE.
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3.6. HERAR

V2

V1 1 -1

F—PREHFABMIGEKA, FrUIRISHERERMATSE, XERBEBHFLR momentum %
ANEARERNBE TRZETEER. 4, XBHERA, —BRIA/K, HilHsBEhd %,
HE, IRBEXRZRENEMEENRE, BAKNEAMBSERBIRNSRALEBHAL T X
FLETE (107) PEA p XNEBESHNER T, siEmiesl, p ol LUSHIRFFNER AN, B
IR, RRIZE 1 — p BERERERNNE. Hu=18, SEFE, RETE2HBE VO /R
Eo MR, BR =0, SIEEERANEE, RETESM, AR (107) (108) BLEK T 8 F I
ETE, w—w =w—-nV0, TR, /A 0M 1 288 u B UATEITBR T EMNEER
EMRENIF. BT LUER hold out IWIFAIBEFRIAFEGERN 1 B, BLEHNZBEE 9
0 A

RIMEBEELE n EREBEH. RRET p WIRES BRI B4 moment co-
efficient, XELREIL AR, FAH u HAZRYIEFES U MEE (momentum) BI&RFE. HH,
TEGEREINES. A, WEXMRBEEWAR ZHERAT, FTUBRI4EFRE.

KF momentum AN —MREFNFRREER EAFTENT RKLHE TREIEIMAT L
K. AT ERRAEERITERE, AGIEmBLE, FEAMYLIERZER minibatch B
Fite XIFEHNE, FIEREEIBM Hessian FEARF RN R — FERABELNFNTENE S,
WA FEE R THUNAIEEE, LB, momentum FARBEIL, HEEIEHRFESRENIEF .

%3
- WNRIAMER 1> 1 B FAR?
- INRFAVER 1 < 0 ZBHAR?

] &R

- IEINETF momentum BIBENEEE FBEE] network2.py o

HEtfi NG E: BR2EMHORNURNREMN S A ERIEERT, FEEXTH
FERFNA—E N, SIRERERNT BEEWNEE, EEEASREMIRLEAR, EBEM]

TENRIE, MBLHE, UREREPNFNA, sTEERIN—EIEE, NMEHXT T
R, BEHIMEE TN BFGS /57% (BAILIEE limited memory BFGS, L-BFGS, 5—7H

$TEfficient BackProp, fEZ& 79 Yann LeCun, Léon Bottou, Genevieve Orr and Klaus-Robert Miiller (1998),
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http://en.wikipedia.org/wiki/Limited-memory_BFGS
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf

36. HExAK

ITHAY RIB A FEF A2 2 Nesterov FUIIEREER AR, X MEARIT momentum AT T 20H,
SR, SHREZIE, tfnEMRENEE FREE, 5502 momentum FEERER AT TEERELT
T, FRiUEIsMES TP EEmERENEE TEX,

3.6.2 ATIfETRIEMIES

BIME, BIVERNEALTE R S B ME T, BIC b, MXHEEEBRHAL T R4
LML LITEER K, K, FREMRENHETERESET S #WNE. BURTR
BN, EFEMERNBEZTHNEAIESFIEER, BEtZeEME L, EA
BEREE B, LA H—LEMRELERE, BT T7THREBIER ERT,

O RERRE RN MFLE tanh (A&A “tanch”) BE7T, FERAXNEIEY] (hyperbolic tangent)
BREEBIT SEXRH. WAz, NEBEN w, WEN LW tanh BELTHHEHE

tanh(w - x + b) (109)
XHESEA S BT R RSB, [BIR8—F tanh BRERBIE X
e —e”?

tanh(z) = P (110)

HITRIENREEE, HIPILUEE

_ 1+ tanh(z/2)

o(2) 5 (1171)

WRLEW, tanh V{UE S BREBIZLEOIZWARA, FAIFEFLEAEIGRESE tanh BIFIK:

tanh function
1.0

0.5 1

0.0 T

—0.5

-1.0

XN Z B — N EZFRE tanh METHBENERZ (—-1,1) TIE (0,1), XEKE
NRITHEET tanh ETT, (RAIEREEMURENEY EUATRANAT, SHIRNE
N), IR sigmoid RILEBETAREL,

RKUTF S Bl sr, BT tanh METHME A TR £, TEEAERABREE (-1,1)

32530, &% On the importance of initialization and momentum in deep learning, fE& A llya Sutskever, James
Martens, George Dahl #1 Geoffrey Hinton (2012).
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http://www.cs.toronto.edu/~hinton/absps/momentum.pdf

36. HExAK

MIRERS, ME, IR AEENBISE FEXFARE BRI MATE tanh ME T
AYRILE_ERY,

%3
- JEBAART (111)0

BB AMRRIZIENEE R E R A KB EAZ TR, tanh X2 S BY? SUEW, ML &BeLion
B! A, FE—EEICICSMLERIEIERE tanh BRMERINEIT, LRBEBENEA—TH
FXT tanh B9— PR 5. RIGTAVER S MR T, FrESEEHEESR. 1LRI1ZE—
TIE it WABIE 1+ 1 BVE j MET L. REMGENAN BXE) SIFEIEXHER
ER ot ENFMENSUEEERER, MUBENFSHM o —8. XEKREDR o/
NIE, MAFEHNE o' BEERETEIRL, MR N, BAFREINE ol
WEBE TRNIEN. MEZ, S E—NEETHNENERSRNE I N E LR
Lo XBRAT, AAXENEREZSEGHERNE . XFNIE, RESFLERNEEE
BEROFSAAIEEHI. FTLL, FA1A tanh B AZIXMNEN. AL, FJ9tanh @%
F 0 XI#RBY, tanh(—z) = —tanh(z), FHIVEEEAE, A, [REEREUZEEBELEAER
I, XEELOURIENNEFIEE RALNE S ENRE,

BN HMAESXMER? RELRERIIMN, BEXRRE— BRI, mIE™
FEIEBRIR tanh FL—E BT sigmoid BRER, BJBE sigmoid 2 Tik B H A pI4F I REBE *MEX N E]
2 Lhrk, SYRZMES, tanh HRERPLH THNNEELEMERA. F=NE, HINTE
B TR BRI F N AR S B B R R eI B E NN B F S EE IR, HEZWEEI=RR.

B—PNE AT 2IEELIEMEZTT (rectified linear neuron) S{EBIEAMEETT (rectified
linear unit) , &2 RelUs HINN 2, NEREHN w, REN b ReLU AL THEHZ:

max(0,w - x + b) (112)

BB LE, K max(0,z) @XFH:

BI3F tanh M S BlETT, UKL TEEZITICMEBIELERET, XMEEE — LA ENMASER, A, JFE
I, BE T LUBHRENEE MR UERREEE A TR AL

354N, &% Efficient BackProp, Y84 Yann LeCun, Léon Bottou, Genevieve Orr A Klaus-Robert Miiller (1998),
A X Understanding the difficulty of training deep feedforward networks, fEZ& /9 Xavier Glorot 1 Yoshua Bengio
(2010),
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http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
http://jmlr.org/proceedings/papers/v9/glorot10a/glorot10a.pdf

36. HExAK

max(0,z)

B, XERHLEITTH sigmoid M tanh #3R—4F, FAM, RelU t22EBEWARITEEMRE
89, el LU R EEEEAMBENEE T REH1TIIZR.

A AUBHMRERIZER RelU MAEE ML TIE? —EIAEAEIERIRS LRI R TIESSH B T 1F
F3 RelU PR sREVEF AL, SR, BAMR tanh BETHEE, BIIEEBE— M X FHARNEFARRA
RelU RIMEIFHRENIEMR. N 7T ILIREZ— XA, BIAEE sigmoid &R =
IEFIReE, WrtEREEL 0 8E 1 Wil E. EXERIBREER T REME o BRT
BE, BETF . Tanh HE T B IRBNEM. XStb—T, 185 RelU WHEREAHF=SE
HIAM, FrL A FEEREIMENTE SRE Mg, S5, HERGENEAHE, BEREK
7, FIUMETHTELEFELTFES, XMERLEXRIEMR RelLU BRI EMRIBFRIFE D,

RELLH 7T —EAMEMNER, BEBNMEREE — N RILWIEICRARNANEER
EEE, KPR b, XPNRLLBEESHINEERYE, AANELRELS LA ERBUERE,
FRUSTAE IR, TABUERMRTT? TARERMESHFEIRIR? BN EEBL HRS0N
RAERER? HLUEFREAZEERZMASHHRILIE BEYH, BRIIsE—1EBEREFR
AT, ERARO, NENEFEBRITBEERE. FIb, BTN ZILXMERBERSIE()F SJH
RFBHENLE! BIIBEEE T — L@ AN T, AEREIRESHNAARTIF. AFBFRT
HNE A, SR S HBMETIEAE R, EAMIELERANMAH T AERXTHE
MEIZLBENRE, ERMFEZIRENE, XERFNEEEE T UBEEMERNEET
L, BRENBeE —LMEERNREH.

3.6.3 BHXHEMKENNE

[B]ZE: 1NEABHLEESASLIRNRIE (MAFMFRIUE) BB 855>

B4n, &FE What is the Best Multi-Stage Architecture for Object Recognition?, fE# A Kevin Jarrett, Koray
Kavukcuoglu, Marc'’Aurelio Ranzato Al Yann LeCun (2009), Deep Sparse Rectifier Neural Networks, fE& /9 Xavier
Glorot, Antoine Bordes, # Yoshua Bengio (2011), LUK ImageNet Classification with Deep Convolutional Neural
Networks, fE& 9 Alex Krizhevsky, llya Sutskever, F Geoffrey Hinton (2012), FEXEICIRME T X FNMIE
BRHE. ANRH. BREAMETICHURMEBNERAT, REXELFRPEITHITIT T XEHAT, XL
WX IFEMITIC T ERBELMERTNFLANRR. 5—RIEHEREEMILIE Rectified Linear Units Improve
Restricted Boltzmann Machines, {E& 79 Vinod Nair 1 Geoffrey Hinton (2010), EAVER T LIABIFHEMLEN
VAR LM R TRTAL,
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http://yann.lecun.com/exdb/publis/pdf/jarrett-iccv-09.pdf
http://www.jmlr.org/proceedings/papers/v15/glorot11a.html
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
https://www.cs.toronto.edu/~hinton/absps/reluICML.pdf
https://www.cs.toronto.edu/~hinton/absps/reluICML.pdf

36. HExAK

BRDE? [AIFE, WL RF, REEEREIXERAXINT?

EFE: FEEINRT), HINIBERTAENGRS., BitiE, BRITEREFNXTRELLR;
ERFARNZAITHHFERD. BRNERINERRXLIEEIEN, X Moa@E
N2 BNAEEXNMFENRBN TIER L, B8 FHERIGFIAL ) 05E
EE %Ko

— K EH AR5 Yann LeCun BY/0]21 5 0]

BRBSNEFNFEMNZNE, TIRIULREHFFHOLRE: FIREER, AR
MpFEEZ U “HHFIMARER, B2." Fih. EFHFEMIERAVBRIME, T
BEXMERNEREE, RATEMIRZEZN E, RELD (ER, MK IFEIXMEE. B
fix, HEZTXELRBAFENRR, KR EERANXMUEFROBERERE, AEE
FERM, FK, REIRE, XPMWSHEHARRL. XS AEEZEHBR—LEANPIBEIR—
LEERNRE, #RIAZIFFERE! B2, WAANBEERZNSABEIFEENERN,
BEXER AT —ESB LA BERIFHE,

RAJRE AR EIRMUNT “HXHRRIMRIEHE, BR. iEE. A TEERIIELEEN
BN, WEEREA “BAIM, 7 WE MR, |, AEE EERENIRIEH MR
AR E, XEREFERER, BERLEMEMNIHEEERTERIM. WRIMEIFZMAFRH, R
SRPEHENBRARPRZSEMNTE, EX LA BRI D BIIFIUERER. P
Rz EF BRI EE?

ARFIRZDE — LHEBEMAMBSHRARNIE — RESZFI—EXTR
—MRAVREBIIFE L LIFE D ERVIEHE. BREETHEMNER, FAERENSHNBSHNAE
MEEZRNRE, AXFERRSET, WELAEN—RIVICHMLCERNgE, Ee—REL
B NERfR L, MBFHFEM—F, BEXIALBLERRIDE. KirL, MBS
RM—E—RRAVEICHBEFNLAEITRE — HEEENE REILE. P, XEEIRE
BHBIEELIN, BHEEHTEEEEEF.

WEMBE RN —FMRE — ERRANB X THEMEHIE R =HR— k. f70, £
IR Z A5 FBAVEG, ##FE dropout TERIRES: “XPMERAR/LD T ERMBME T2 BNEIE
R, AA—PMEHETARBERBTREREMELITHEE. AL, XD H1F S
BINEERER Z MRV THIREN F R ETEEIFRRBLERE.” XE—PFEMX
FAIRIR, FATRILURIEX MR ARE—RIIBMARINE, BEEMESDER, MLER
REY, B PNFEZUMNR. KirL, B—/NBOMARAREREEE dropout (FIEMEK)
EEMETIFRG], X8 dropout BIIRFRFITE. FLL, XEMFTHREERLRNBLENIE
SHBE AR Z. 8PBANEENMUNE—D (BER) @R, AFEE—MEMAKILEE
MIEERRYPR AR

S8, WEDRIMPIAEHFIEXEBRIVEE LN 8] LR DIFRY, HEEHELMNLE
ARG +E (HEESL) KARE—MMEHER, ETIEERX TN TIER
JREBRVEIE, BBAXZBAEMEWERNIN SR N e BT EFTT o MIERAMEF R &
MWA? A KfrL, HNFEXFNBERIVEERBBNESHINNEE, XERERNE
A RHNRRXE—FHEENESH LB ERVIRE MERMEEETTRER GHERT
MIARM) . Bk, XEERERMNXTHIERIRBEMEMMA ETR, SIRTREAFFEBETR
B — SURIRFL ST IR RV IR ARA T T MRS 2 I A3 RV IEAE — B BE—EABN 8B4 B

%88 ImageNet Classification with Deep Convolutional Neural Networks, fE& 9 Alex Krizhevsky, llya Sutskever,
# Geoffrey Hinton  (2012),
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http://www.reddit.com/r/MachineLearning/comments/25lnbt/ama_yann_lecun/chivdv7
https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf

36. HExAK

—ZREMEBEARMRRETNAESEMERE, FrLRN I XERSZE MR PR T HA]W0
ABRZEMENENE RS, FREREXTXERENENRENGENXE, FABURE
BRI — MEERVIERRISESS. ME 2, BRINFERENHERAMAMHNE LB CESE
BOIRER, AR BITRZIFEE R LI A,
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F4E

A WA A] LU B IR ERRY AT AR 1L IERR

-

HEMBN— T REZNERMEE A LUTEEMERR, B2, RERDALIREM
EZRMERBVREL f(x):

f(x)

X

AERXPRBEFAEYN, SWRE—THENERBEXERAIENEAN 2, HE f(2)
(HEEN B AL 2L S, F20:

BERHBRZMANBL, f= f(en,...,2m), XDEREEMILAT B0, X DML
E—1TEE m=31THAMn =2 PHEHAYRER:

113



SERRI[PAZNERE—MEBYE. NMeBRIEETEFAFENRE, HRIEBHEFT—
BEMLER LUTEE,

me, XTMER4EEEEEERNREG T HENERTRANENREE 2 BEE— T HREE
BB NI, BT ABNME IR B R AR I ER AR H 58 Ko

ZiRM E BT EAMENEN ABERERPTEANN. BRENAIERIAR ZHIER, I
BHAZHNBRRLABRBNEA. i, 8—REENIEX ERTHRE -EEMEETE
H, BERRAEEN—LEENDIMERT X MR, IRMREHFER, X MIERARNIZA KM
B, BXNTFREZHARZREEN, XMEAEE—MER, HAXTMEEBEEENRER
KEERMEDH.

AX—F, HEHXMERETENERE BRI ENER. BIMNs—FPLRNERE
B8, RSIBRENFMREMES O] LITBERRE, MBRIIX M —LER. HEB
(RIERIBARX LR IR WAL R E R L& K BR Y,

ZIRMEAENANS, (MIAEERIABIIENET, Bk, REESLO]L IR AVEE ]
o MRIMEENHERNEE T —REXN TR, RIWIZEBF ERBXEMER, A, FKEKR
WRAH LKA FIENEDERE, BIREA—ERIREENTH,

ZREEETITENRZIEPERERE, XET7TUETRINENEET T XEEIENE
24, BESREECHE: TEARRMNENERXNE T . LRI UERNERIIZE D]
UEMZRRHITE, ZTRA—BRERARNSE RFEHFTHEXNE, XELBRBEN
BITE— MR, HEZERPXXXAENER R, BF, XXAUERRITE— T R, X
HERIE—D mps TIHER—MERBEEDHITICREREN M, EfF, XLhEH]
DB —MEANRHITES, ZREEEIE, TRIEL, MEANSUMAEXLEER, E
B,

HR, NNAANRNFEEFET— DA LU BN R AIERERNLE, XHAR®RERITE
T —MIEE E IR E XM ERRIFIRAR, XN EREF B AN BT E N /R B /Y
ZHENERMETEIE L, B2, URBINMTEIAXERZNRE, MENERERANEERFIK

T Approximation by superpositions of a sigmoidal function, EZ& 7 George Cybenko (1989), H4EETE UATIER
T, FEIVMFNAIER T ZHHEXNER. Cybenko HIEXBETREXTHRERREEEANITIL. 5
— B EENR ISR Multilayer feedforward networks are universal approximators, &4 Kurt Hornik, Maxwell
Stinchcombe, #1 Halbert White (1989), XRIEIKF T Stone-Weierstrass EIEREVFIEARILE R,

*SEPR LRI UEMBITERZMRE, RANF—EBXARKRER LTI
‘AL, XFENFMAE LR BEm R AR,
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https://zh.wikipedia.org/wiki/哈恩－巴拿赫 定理
https://zh.wikipedia.org/wiki/哈恩－巴拿赫 定理
https://zh.wikipedia.org/wiki/里斯表示定理
http://www.dartmouth.edu/~gvc/Cybenko_MCSS.pdf
http://www.sciencedirect.com/science/article/pii/0893608089900208

4. DA ERR

B FIBFNEBIENECE—MEENES. HIWAE, s P —EHREEURFIE L 7
THE, BIREESEE, BEECRERWET 4o

4.1 PN ERR

ERRANAESREEEEMIE, HEER TXTIFENNTRR “HENEH] LIt EERE
B IR PINSEERR.

B—m, XAEFNER— MR LKA ERIT B AR, M2, HNTEILRER
PIRERFBI— M. EIIE IR ITHIRE, TR LR HEARIAEE. B30, BiEmIEHIR
BB—MER T =M REITTHIMERITE f(2). NTFARSEREMER =1 RETNNEERE—
RRERNEMA BB MRREALLTTRME (Bhalit, B, FAIREEEREMISEIBar AU A

FEIATRI S SIE IR AL TR B

N TP ERARBIER, RIgHNAE—TFERREEE ¢ > 0 BURER f(x)o BAfE
R ZHIREG LT EEEEMERNRELE g(z) WABEW 2, HWE |g(z) — f(z)| < e ATIEIR
EPTSE. MEZ, EPXIE D rIsERvIm NERE IREIE B AT E RN,

B, MERLURR EENGTUEMRIRBEESLEESR RS, NREBTEESR, B
RSB RA. IREERIBREX, BA—MKNTEEA—MEEMNBETTILM. XA, K
N NEIT BRI EMANBIES R, A, BMERLERMNBENEZITERNRBETESN,
— ARG ES AN IAE S BB BERIF 7o MRXIFRVIE, FATRAILUUBHENERKEM T, K
B, X@ENE—ERRS,

BE—T, BEINAERNXTEREMEEENRAZE S — N REEBHEILE P IR AR
ERAENRBERIMERESRR Y. &5, HZEA TR NEENSERIEAXMER
S5 ILhRZS, TERE RO 2T BN EEd —EREIE X MEREN T RER— 1 RREER
P& BYIIERR

42 —PRANN—EENEENE

NTEBANFEREEEMIL, Bl MNEBENEISEXF— MRN8, Trefsiriit
—PNRE—PRN— MBI
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42, —MNMENI—PMRHYERS

X

LRI, XELEEBMEPBAZO. —BRNNERETXNMH, BAKFLAZRES
T REBES Z M NEHBYRER Lo

NTHEXFIMEE—NITE f INESEEERE, LRI — P REE— 1 REENMEFT
5, eAMMRREMSLT, MR ML TrmLE:

NTRZ—TWEERIAERERD TR, 1L 2T RN REHZETT. T TEA
FH, BT INEREHZITINE v, RE b MiaHHMENXR. BEx LEANRRBELTE
N fEIT B R

TRBRER L R4 oA H

EMBAEABHESE, BEMETETENE o(we +b), XBo(z)=1/(1+¢°) 2
SRR, BHAL, BITDAMEERT R METR. BENTIERLELE, RI2%L2
BREACEIERR, BN MR E AR R I E S B AE, KR RAARITE
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1+

4.2, = MNMEN—PRHAYEE

FRYRMEIAIR, MEEHEAIN—IIRATRT S BERMZ N CRUE R ERERIIE
BA%,
FHa, BINMRE b AVE. SRERNEN, BEFREESEE, BRIERTE,
BR, BMRE. SREB/NNELEER, BEB—X BERPREKEZN.
Wi, BNERNEIRLY 28030 BIREVMIER, BRAEMIBNE 7o RA) R R

&, LS REEERN,
&/, BNERNEET w =100, JIRXEHMIY, MADSEREE, BREXE LA

BRE—TMERERER, HERRRE, F/NMRKUERI 2 =03, TEA—TERERRNZEE!

Y5 R,
TRERI A2 T

‘ N [ w=28,b=—-4

— w=8,b=4

‘ w=3,b=4
: w=105b=4

X

fREEA AN EIR MR ABIERBIRIBI DT, ERMEHER LR N IFEREAIM KR T

EEREE T HNER w = 999 B M TNEBFRAE L T A Ho
TRERIE R T

b= —400

w = 999

KRR B IER ERERER EE—RARBY S BB INA 570 RAR I HE A BT A R LT
SEMENTE—E. D —HMERRBNNEEZH, Hk, BEFB—H SHORIRLAINERZ
EREHI, BRIV A RER LHRIANR— MIER. BRGNS EL—MESBIERRREA
HERNBT iR S8, X7 RRIAEENEERN. &R, EREINHEERZH/NWERE: BEFRAKS
HE s, BLAGE, BARE™E. WRXILRMN, BB EAN— Pk, RIEMXERINTE, BFE
BMTHIENBER: TRANTAZREIEEEREWRN.
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42, —MNMENI—PMRHYERS

TANEERMELE, FrURIENNERRE LT EM KRB ZEEEEEH. BAKLE,
THENE w BEE—PARE, AEEIERERENIKREBNVIUE, SR, BRHFEN—
PERREBAERZ—MNEM, BREER—TIFEHNLIM, RERIHECEFEHEHT. H
[EFEBITIERE XM AR E,

o BB MEXZ R EVE? @it A, MERRUENEEBRTNENRE?

NTEEXNOR, AEERN EEERINENRE (RTEFER LR —R). RET
BER MM ARV AL E NAIEUR T w 0 b7 MR TARIRNIZEEBRARE 2, MIERBIAIER b BUIELE,
M w R EE.

KPRLE, MERRETRE s = —b/w BIALE, [EWNIRAEE FEFEIEIMNENREEZIN:

TRERRR LT LAY T

w = 100

—b/w =0.40

BRI —1BER s RIRKBEURAN FERRRAALZ T, ZEMERIIE, s = —b/wo
HEBTERR s, UEIRX MBS HILE:

TERER R R4z oA H

s =0.40

ENEEFERR, RSB EAINE w N—ERIE — KRB EHEES
R Phe BIERRE b = —ws, HANERBZHFE—P U NSRBI ML TR
[ AR AL,

BEIALERNZET XM INEBRRE TR L. IERIEBE NNERIITH. LHE, 3]
RigFREALTEH R UNER 51 (TNEELETT) Mo (REFHEZTT) SHUHNTARE. ©
MNEBEBHHENE v M wye BXFHIMEL:
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42, —MNMENI—PMRHYERS

[(SE=n =Nt

HAIHLERREBENMBEEE wia + weage XE ay M ay & BRSNS #E 7T
Ho, XEHHAH o ®n, BRRATITEBET BRI BIEE (activations) .

A NIADRY NTRER PSR TT RPN BR R 510 AR N X RIS R E MG . LHIE
BRIBRY s) &1 5o NAE T 4. MEBIIXNEFRAET TN, EARNIMINERFREIERS
TCAAORUEMIE R AL T KB R R T S BB BB o

L, HERERIF2RMEAELTHMNERR 52, B FXUAIREREMRESITRESGENE
o

SEVE AR D E— MaENE, IR, XNAEARMNE BNRE SRS E. 3—
NERE O NEREFTA?

&E, HERE w1 0.8, wa N —0.8, FEEI— “(hiEe” HIKE, BEMR s1 FE, =
so AR, =/90.8, B, IMNINEBIHH AIREE e RGUXHF !

FREUR BN

B2, HATALUABRNEENOESE, ILRHRMNB—12, h, XETSE. NTHDE
AFBEBRR “s1=...7 M “w =..." BTIC.
YRR — T, TRENWENREHRE o(wiar +waas +b), HP b ZREERNRKRE. RAZ, XFEFRESZEM

R, BRERINXENZE. HNAEHELT I TREENINGEL, T—anaE Bt XEKEE
NIZEBIHIE
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42, —MNMENI—PMRHYERS

[(SE=n =Nt

HER b BN, BEELENSENFNE, AEEaEBENRNNE, WRLAET T
Zo FHHIXENZTMESRER WNAE ORI,

INER—T, MM=FERE, RMNBHETNAR, AJLUAANTREZEENAE, MERE
BHRMRIEETN, 7EA ifthen-else B9—F0EEE, BD:

if input >= step point:

add 1 to the weighted output
else:

add 0 to the weighted output

STFAEAANE, T EFLUEFENEEAE, BEE FREARS, RERNTIgEs &AL
MEEAEREENB, HEZEE if-then-else B
AT LA MRS ERN R IGREFER NN, @I EmXEEME T —RERHE— W

2

FREUR B

XEIME TNE, A2 EREMEEWREMETLEET hE, WEEMAMER DR A E,
MR EINEIREET . @ T RRB i,

FEIEH, T UMBX DN BEKERERTERNEASERNEE, LH, FTILIEE
B8 [0,1] DR AERFXIE, B N &R, HHA N NEREELTRIKETERESERNEE,
ILFAIEER N =5 XWA TR BEMREREEHET, FIUIITEFEFTF—L, B TE
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42, —MNMENI—PMRHYERS

THEEEZR: HEBIEH—SHHSRKREBAENE, BEREBZEEREERN, NTR
BB TAERIE BRI .

PRl =AY IR

RREEEIB X RRMEHL T, SXNHLTWNANERERZE0,1/5, ARRE 1/5,2/6 FF, &RE|
4/5,5/5. XEERBERN ——ENERHIIEERR LB A MY 0 HROE,

WALt —ME A MEBRR. 1IBF, METhbHpERENE A M —h CRIFiE). KR
— N hiE, EEMEIERRAEREE, SIRXAMBVEE, YREERVETW, @1 o Y
BRI LRI DR

B, HEFEEF Eat, ETHoIREELMERSENEE. STFESE, REEEIE
B h ERNZEN. MH, BARKEETR, EXNNAREENE EBE—NEWN, +h M —ho

WAaNER, HIUERRFRUETLENRLE, AEEERMREIZON b E. — BB
FBEEREEMCRAMNETH—DOHEEEI S —10. XHFEMIRAIH T — MR, WEMELIE
TP T EROX D R BRI S R

R EFD R T o

B AEHIRLEHI AR
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42, —MNMENI—PMRHYERS

A LR, BERAHIHELZRE
f(z) = 0.2 + 0.42% + 0.3z sin(15x) + 0.05 cos(50z) (113)

z BVESBEM 0 B 1, y HEVEN 0 F 1

ERERR— M B BRI,

R ERR R NEIER— MR NERKITEE,

EBA] LEBMESR, FMNBEOH T REAZTTREIIMAS Y, wiaj. HITMERNE
NEEXNE EREARERNITH, B=E, EWNHEEEHN, XPEREMENRE L. WL
HWIHBIE o(3; wia; +0), EF b BERMEEETHRE. BT AAR] LSKIXS LS SL PR
HIEHIS?

BRADEBIT— T HENE, ERRBEE— % o o f(z), HER o' 2o KK
AUEIER. R, Tl )HEMERREEBINAGH L2

o~ lo f(x)

INRORBEIXAEM, MARMBREMENHLEZ f(v) O—MREFHITMAC,

BAIRETBREL, BAEM T Bt —P LM R EEER MR N T ReJRESH
23, WAELMEDRABAX M. £—R, BEET LRE, BEFRFEAERM SRR
B E. RN IZEERIMILE —MRIFHLEH BMRIEREZH. RAHE ZirEd BirK
BB LRt BB FHRERG S, MOVRAZRR AR TFHRE SIRKEFIIRE
FENE] 0.40 SLATES, fRTEAE T Bbhko

CIEREAREEBAT FNREIREN 0
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42, —MNMENI—PMRHYERS

—BR5Ep T, mih “EE", MNERPBREMOIRK Mm% R RSN, ZEEET
ERERAE, Bk, BEEEK A E, HEBREERRKFHIRESEE 0.40 HLAT. Rd FE
RYEIZ AT R B P DU A IRATIR 1o

FRREUR B

— P ERBEFEERERXF.
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42, —MNMENI—PMRHYERS

(A= NIt

FIEB AR T FTEMEN N ETROELITERE f(z)! XRE2—MEREALM, B3
TR LR B Z IS, NOUBTIEMREAE TN E, DEELHMOERK,

B2, BERIBERIINAME SIERREIMENESFERNITESSISERREZN. 1L
PR BE—THRZ2WETIEN,

E—EHNNEEE—LARN, EENE, b0 w = 1000o

REHETENRBERE b = —wso B0, WFE-NREHETs = 02TMT b =
—1000 x 0.2 = =200,

RE—RONEH L ERE. Fi, FMNLEEESEENE—Dh, h=-05, BRIKRETNH
M PREAETTAERN B HANER —0.5 1 0.5, MLESE, HEENENEENE,

&E, MEHETHREN 0.

XEFIBEEMNERE: MAERNE T — M URFITERNRG B AR R L NEN TR
AR, MR IERNFIBETIRSREHETHHE RIESILMN R E,

FEENE, X THNWEBBEIREEL f(z) = 0.2+ 0.422 + 0.3sin(15z) + 0.05 cos(50z), &
B AR5IM. BT UAXMEFITERRIE X [0,1], EEA [0,1) AELERE, TAR
£, BIVERARNMNNEEHENEZREZIL —PMRENEHRR, HITFEBEIIX MBI, LR
HE B —RA 4R,
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43. ZMRNTE

43 ZTHRANEE

AN HEERT BREIBRS MANZENB R T, XIF EEAREZ, BEFEIIIFENM
ERP] ITER M NBIIE L TR P LOLIRAT T IER DN NAYIE o
HMMEES— P EETEM MRASRENF ATE:

w2

XE, B1EEA My, DHNETNE w M wy, UR—TRETEBRE b 1LHA]
BNE wy KEN 0, AEREFEFE—MME w, MRE b, EEMITIAERMELTHREL

Output

IEAMREEREIBY, £ we = 0 BN y WELTHMERER . TR « 2ME—BIREIN.

ETF U, RARNEFNVIENNE v B wy = 100, BT wy REF 0 FENSEZEFTA? IR
RRBIURRRES, BE— TR, BEEMEGNESRET4. ARREH—T, BERE
AN, TENETRIIER T SRERFA:
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43. ZMRNTE

Output (w; = 50,b = —5)

1
Y x Y x
Output (w; = 100,b = —5) Output (w; = 100,b = —21)
1
Y x Y x

Output (w; = 100,b = —37)

T

FOENBIEIHCHBE, MERAMETKA, BHEE— T MERRESR. FTENZ, TN
FERRE B E =R, BIMUET—, BT LUEI AT RENUEREIN AR E, M
R BSEFR I ER s, = —b/wio
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43. ZMRNTE

RMNBM R EF NS HRES FEBIM R

Output

X

X8, BRIE « WA LFINEF—PKRRIE — HEBT wl = 1000 — MANE wy = 0o
LT ERRFEMERR, BT EEBY) o REEFAINERTE « M. B, BIES y A
FAINER—MEEARBME (BIE0, we =1000), = EAINEZFTF 0, Blw, =0, FEF—"1y
75 AR ERER I B2 A 1TRY,

Output

O 1

X

B—R, 2T B FEMEKR, X MER T L8V y REERA M ERETE v 77 E.
BRAKAI LRMIENEARICE o My WAL, BREREFAXAM, HAXSIBERFEELR
ilo BRRZEN y McEBHEIFHA]T y NERIPKRHE, 2 NERN 0

FATRT AR A TNINAEIS BB ERER AT B — D =AM R, Lk, FATERM ML
7T, BPUE 1 2« BRANM KRR, AR IBENEIE h A —h BRI ERREURES
XE h BOEHHESE. FrEXEE FTEERRTIRER:
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Output

X

HERESE h BE. NECIAHNERIINERE FEECNANREGUM LR
[Al/=z.0

FHIh, BT S TRERFRE AL TTAEXBIMERR 0.300 TIEE MR LR, SIREE)
EEIMKEREALITERAIMNERR 0.70 AL THA?

FNNELBRT WAIBSE—D 2 BRAOMGERE, S8, RIILUIESZHEE—Dy BA
BYM RS, B ER y BRI P ERRER, ER8—T, @I y MABNER K, =
NBURER 0 KX, XBLER:

Output

X

XE EEMBTENNE—R—iF! E—RRENTEEINRESL T EAERCE —
NNEY yo BRREETN NN EF £ y HABMMERERE, 22 HMAK, HHy FRAPNEZR
FER, = ERVAN 0, MAEMER. ENRIE, HREFAEPFHETE, BERET AL,

A IZESRHMNENMR M OREN L ERNA, —Naz 0B, Z— Ny HR, RE
HESE h:
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Output

/\

X

NTERER, BEETNEN O ER. T, RERBELTLEETT « My AURIE,
SERERIRM ORI D A B L4 E. BERRMNEZEAFEXEARS, BNENELZBRBAN
TEWAT,

HENESI ho [EWMIREERE], X5lEMENENTN, LUk oMy EMORBHSE,

FANTERE REGE—MERIR:

Tower function

/\

X

INRFAVEM R BVEEELREL, AT TEEREIIREMMERRIRL, RIBIETE
UERMFZAREENE:
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43. ZMRNTE

Many towers

X

2, HNEKBEBRANEEE—MEERR, ZELMENEERE—THOE, BE
A 2n, HERSREE, SEN he
BREILMNEFIE—TMERRY. 1BEEIRNIBIELTREMAREIN— if-then-else BY
FEER:
if input >= threshold:
output 1

else:
output 0

XE—TNREENMNINNHZE T, HTBENRE— N EMUNEEN B EIRREEE TAS
B

if combined output from hidden neurons >= threshold:
output 1

else:
output 0

MBRFADES LHIEE — b0, 3r/2, XERERNSENTRENSEDENE—K
1A LBSR N REIE, FEKIBEIEE,

REEBB R/ EAMIZ? & B TEHIMEMERIRAR, 15TE, BIITMEEELHIENWLE
Mk, MAREMBEEZENMAGEH, XEREBRIIEIN T —MEE T EFREZE NS,
FHRA S BRI, (RAETRE] h A0 b BOME, BEF-E—NEEID? XESM, FIUWNRMFET —=
JIERREE, XBERMER: (1) ATIHEEMETERERY if-then-else 178, HITFE
WABINE (FTB h3 —h) TEREKR; (2) bBERET if-then-else FIEIA.
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43. ZMRNTE

Output

/\

X

FEREHEY, BEEERGE— NI EHEMEENERN SR ENTIBRYNRE, N TEEIH
ZEpTH, HNNEMSH L ERICER/RER. Xeia T if-then-else ISERTTN. EX, A
TIREIEMNEE, HIMEFE b~ -3h/20 BR—T, EEECEUAIIEN!

XECERERNFF, HIMER L =10:

Output

/\

X

BEENTXMENEPR hE, HNNSET —MESFRERERE, S, RIFUEIE
BB h HREHRE b = —3h/2 RETCWRIIPAE LT,

RN P XFHNNBLASE—RRE, KTER D TRVEERRS. N7 EXMNFH
EKEFR, RIBENTEN TR ANATXE: 8 MARTE—NMERRE, R LHE
EAREA, GONE EBRTBNREENAGEL, B, ER—MIESRIEREER,
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AR %8

/\

LHEIREEBEEIB I B BN RN T R HEN S E,
I__]7F¥E’J*§/£—JL,(%T“l'l'%&ﬂ]*ﬁgﬁ’]&%%ﬁ’]ia?éo FAEALULENZSERHA, &=
o AR, HAHLUBRE ZNRREER NG LTINS EERER — TR

Many towers

X

THIBIEE ZMNREERINAEE N o~ o f BRAML, FRATRILABRNEERY R H P LB E
EHAEE BRI f PRI

BIR PN EENRYSERF?

UM =NEE 21, 20, 130 FTEBINERIUARITE - POAEREER L
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4.4. S BB TTHYRE(R

X, 1,70, 23 RAMENHN. 51,11 SFBEELTHMERR — B, F—EFMEN
BERRAN, MEEWLENAENERR 51,11, 52,.. .0 B_EPRINERIEIREN +h,—h, H
HhZ—PNIEBARIE. BHREN —5h/2

XA EXFFE— DRI, = DFERER: 21 7 51 Mt ZI8; 2o 7E so M to 218l
z3 1E s3 M t3 Z08], BN 1o HEBINEZRRmEN 0. Bl, XMERFERATERRN—MNNIIX
BN 1, HEB R 0o

BYASITFES NXENNERTEEIEEZEE, TrDAM—MERN =R, XY
F m #IAT2ERNEE, B—RENTHERREREIRLN (—m+1/2)h, NTENER
BYSRTEHR{El BT R F =R

97, PRUAIRAEFAMAE DRI AL MR — D Z TR ER . T f(r1,...,2m) €
R" NEZ2REELE? HRA, XE—NREA AN n DRIRPIRERE: (21, .., Tm)>
A1, m) T PTURNCIE— DKM 1, Z— DKM 2, itFEE, AEHE
PR X LR EE A G K. FILUXIRE SN,

A&

- BRNELEBWAEBEEM N RRENMNERIIMN—MEERE REEEHE—MIE
BR, IERRE—NRREEZRI1TR? fFA—1ET, HEARAER MIAZENE R TL
8, FHIERA: (a) AILBEI— P AXNIE 2 My FA, MEE—MERF R LMK
& (b) ALUBERINFZRRE (a) BN, EPAH—PMERNEE, HEPRERR,
MAEARY; (o) EAXEREE, AILLEM—MEBERE. T (c) FILUERAAER
fER—LERE,

4.4 S BIHLZITTRYUE(R

KEZIUEPA T B S B2 T AR MLE B LUt BRI R E, B8 TE— S Bthszrh,
5@)\ L1, L2y TE_F:Z*F:&E@HIII U(Zj W;T 4 + b); iXE wjy %jﬂ%; b IEET’F%%; ﬁ'ﬁ (o) IEE S ﬂ@l%&
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4.4. S BB TTHYRE(R

z
MRBAZE—DIELENSETT, SERETHERE, LININTH s(z), REHF?
s(z)

z

BT, BIURENRBEZTERN 21, 12,..., NE wi,wy,... MRE b, BAREA
(32 wjzj +b)o FATAILUEMXNEUEREFCRISEI— T ERRER, [EWA S RRIHET—,

TRER BRI R L2 oA e

o
Jun

HE A EEFRBINE, il w =100, RRFE:
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4.5. N ERERIER

TREBRR LR LE To A0S

i N w=6,b=—3
S — w=25b=—3
w=>50,b=—3
w = 100,b = —3

x

IEANEAR S BRI iR, XSIEBCSURRERWYE, HRATM— R ERBIRIFATIT M.
HENERE, AEIMRRERRIRNYLUSKERITEENMERNIE, FrUTIEEAPAEMEIE
FRRAVRISRIT B AR,

s(z) BEMAEBIERRBEXIFRIERE? FMHEFERE s(2) T2z - —o Mz — 0
B2 E X BRMAY. XD FRIRZETA BN R R _EERRYRME. HIMEFEREXH M FRIRE
RIEARE. WRENTEXF, LB, RE—NERNTIBER! BRNRECEERE 5(2)
mEXLEER, ETXF—TEUERSREETA SRR T IR,

A&
- AARBEIERABEITEELERINN BIELIE B IThIMETT. RN AXIFRIEETT

FRRRINA L ZBIENR . BB~ SEMOIES, EREELEETASERT
pEs

- BIERINEELIWETT, MABRERY 5(2) = - WHETT, BENHAZIMEMETE
AN BB R, XA TR T BRI E.
4.5 (ZHMETERERIER

BRIALE, FIMRE L ITR] LUEE BN ERERER, XZ2—TIFEFRITIN, BHERNER
Pho SR L, 2BE—MEENBIEEC, N NEWRAR, EXERUSRIVSHMN AR HAFERE,
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4.5. N ERERIER

TRBBRR LT TT RS

X

AEXLEHEE O Iia HVEB MBI R K.

WE, ERB—MRTENSE, B EERASELTINEN—TEEARIE, FilsE
EBXEHEFODF/ER. S, FMNPILUBHEE ORI RE LEAETH — EEHAMNHY
ERESERE A2, FrLABIFRA]A LA BT B 00X Ne)E,

REWN, LA RNRE R

KFL£, XPEBERZER, ILIMNEBRE—TRNN—1 4 H IS NN e E
HERE FFRVAH R LUIFRE B 2 M N\ HBYR) .

Fipltth, RigHRITEERNBIMEIHTERER fo MUBT—F, FATABERITRIHING, £E
BEREAL TR E oo f(2):

oo f(x)

MRFANBEAIEEAIRAFEIX—R, HMSERRBAZLITTE—R5IBMOK
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4.5. N ERERIER

—2 1

T

BiR—T, RERTELNKEBONN, FILElNEEZER. RAENRIIBEMEX
LEMOEHMER, BNRLRRBE—1EEN oo f(z) BOEM, BRTBEHEE T,
BRigHNER—RIIRRAELTRITBER IR EFREN—F, Boto f(z)/2, TH

EEANINFERAVITM. SR, XBLEME E—TEGRRVE/NBIRZE
2,,

—2 1

XY

HFHERSHNNERSZ —RIIREAZTRITE—" oo f(2)/2 BREM, BREABMOER

i — R

—2 1

MERNBERDIAREN oo f(2)/2 BHEM. WMRILANHEXF HEMETNER, BRINZE
H—N oo f(o) WEAREM. XNEBEINTMMIATE L/ NEONMSERE, B2R=EL
DRIENMEZ. RERE—MOUFHSEEONR, FEF—THSEEOF, FrEX

LEOR, TUEE 2 BREEREH

137



4.6. #5182

BRIMNEERBIIMAKRER, A MEXTR, ESNAM oo f(z)/M RIBEEL. RIgHE
BOBLEBET, HPHNRRASE—THEEOR. FEBRREINNER— M BB ANES
E, SREB—TIFBIFRIRMEED,

4.6 it

FMNEEIERN T EHRIERIERE S AT N AERAENS T BTN TAZE! B8
B2 NAND ] EH TR MREIRMEIER,. AAXDNREA, REBTETILEREEMMS T
g, MASITEEAT. AMm, Re] URIIIRMEESH X MRS NMRE BB HmAY
o

REXNMERATREERRATHENS, cXE2RREEN, ANeHATESERA—
ZWER LU BEERRERMHRE. WX MENERSE B o PTUFEERYIERIR,
ATRERLAERREAE, METERBFNTTEZH 4

FNBIUIMN T ERENEREIER TR NRERITE—MEERREE, mE, ENHA]
BELWIETR, I[EARINREERBGHEANEGRZERERN. £TIt, RAEBIENT
LB REMBRAE, BEEREREEIMNE, Tl R RHIBXLENE R LER.
B IRRERIN ARG ?

REARE LXZREER, ERREMESNAERGNRR, ENEE—ETERAL, RE
BB — P DheEN, EELHERTEINRINR, XEB AR BT RIS R0,
BREBAGH, HBCCHEMEIGIRFIARR, ERA— M TMIEERRBIGRER, TAEEMEEK
HERNBSNARZEREPN, XBERNERNRS, PTUMEGRNSEREBEE/LE
R, UKRFIBEZRN. ZMEHRHNAN. ERENETH, HIMTKFEIEFIZFDR
RN, RENEBZLEXEMEMISEL. 24— ZRMESIFRITGZNEEITBEERK
#; MEFERAERTRENEREEHATFIEBARRIT SIS ER P AR,

TARERS: B8t Jen Dodd A Chris Olah IR A MZ AR X FEIBIEAITIC, LHEIFFE RS Chris BIXER—
PMERRKIEPEEE, 22 RENAIMCERRRRETREZ ANIIERSR, 590 Mike Bostock, Amit Patel,
Bret Victor #1 Steven Wittens,
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RigIRE2—2 T2, BE—MMEFBITHENNES. XX, REIFEELF, 81T
PIBEBER, MEAND ], ORIFFN, EWRHELHEHEK: FERNIRANT — D&Y
HTHEXR BMTENNARNRELNEZERE:

FMEBFIN
(RBEFSF)

EBER7TE (AND, OR, NOT &) HVE—=

BEITHNE R

it
(REFSH)

RIRRT, RERGRE: X5y 7 g

En: “FRIAARIIRT, BEREFHNFIRILLRK, HMNBHEE.”

KPR, ARMIEELE, MINEPHLEERNNIE. RIZIMAIUUEREMSZRVIZE],
ELLREEZ MG AND T8, BEFHEEERZH AR NAND [] — BI LI 2 Ma A\
AND IEBEHIANI ] BT XEFHAN), WEHRNMEZRENBEA LUTEERE.

BRXNAANEFEZEE LR, A TARXZ—IIFRE, KK, ERRAR
LI (HERSZHHEMBERD) B, HNEBEBAEBR TR, AREPHERX
LB, AIEN, BITEIZERMRAFRERLNEE.

BIan, gl IR —MEEARREM N EBITE. M IHEECEE TIHER DM
AR TR B F OB MEBEAR. TER DB FARBEWEER T D LLAEMY
FFERE LR, AEMIFRIIAREREREX MFF
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F—E, WEBLEEBRIES, FIEIRASKA
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e
1B
il
iy

ZREVESS, BlaNZkFAE
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Wit xy

RANABESE D =RARNERE D, KL, XMEREIRESEI=ZE, FENHEA]
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FMAENLE, TBRFHEENBEFEZIMRENER JLFRITEEIBFIEIMERL R EiE
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hidden layer

THRSAREZ, FIURTSAHIEMNEZE, F% Johan Hastad B 2012 38X On the correlation of parity and
small-depth circuits 3R 7 fR— L RN SEMBE,
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I K. RIS, XELEMNHMRELREBIN T REME —MFE SR AE Z1R IR 5/ 0] &
HEEST. AfE, EWLLARBIRERIRARE, FEEEL LTSRS FRITREMNSEE
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REEREMBIINEHRENRE, FHAHAR—T, Sk, TRENETR, TENEFEIN
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EMNFEINRETRET, XERRMETFHENF IRAEX,

SENTEINRANMIBFX N, ZIMERNEEEFSHIL: fSaNE T SRR
9F, BEREENEIEFEIAE, Kfrt, BMINLAITRAERENEHERETHE TENFS
FEABFEERTEARENS. XM AREMGRFLHE EENENT SIS IEE T,

XTMBEINER, BREEERER 7T XEMRG, RIMEBRESVNEREMBSHER
RS, MAXLLZIMBZE T —FRVESINIR, RINBINSNBUFERRES IRRERIR
Eall 170

23F LR AN LR 454, Razvan Pascanu, Guido Montufar, and Yoshua Bengio 7£ 2014 fEAYIXEE X E On the

number of response regions of deep feed forward networks with piece-wise linear activations 251 7IERB, Ei0i¥4H
BIITILTE Yoshua Bengio 2009 £EAYE1E Learning deep architectures for Al Y5 Z 8453,
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5.1. JHRBIEER

5.1 HRHIBER

B, ERINNGREEMENRZHE L T RIm?

ATEEXNEZ, ILENMNEMEEERR—RERNBEEME R, XER(EEA
MNIST 8 F 5 2B A EN ARSI AIRT 53,

XEBREALUER KB LIFHRENSE, RERBEZIR N5, NRFELPRERXLES
12, BMEEEBM ERE Python 2.7, Numpy M, sILUES FTEASSEHIFIEENNR
=N

git clone https://github.com/mnielsen/neural-networks-and-deep-learning.git

NRIRAER git, MATMBERMXE THIBEMAE, ZAEHFERN s« FER.
PAJE, 1E Python sp 1R frFR IR 1INE MNIST &

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

WERNBIMLE:

>>> dmport network2
>>> net = network2.Network([784, 30, 10])

XANWLERE 784 MANBRHETT, WHTHRNERB 28 x 28 = 784 MEER. BINEE
PREUEME TN 301, WHER 10 ML TT, XSIRTF 10 D MNIST #5F (0,'1,'2, ..., 9

1EFATINER 30 MNERINENRE, BR/NMEEHIEA/ N 10, FIEy =01, FBUSHK
A =5.00 EIEE, BATBETE validation_data EMIEDRAERE

>>> net.SGD(training_data, 30, 10, 0.1, lmbda=5.0,
. evaluation_data=validation_data, monitor_evaluation_accuracy=True)

AT SR T DRBVEHEN 96.48% (LAJRERE, BRETRFELZE—RRHNREE)
XANFA BT EBYEE RAR Ao
WiE, BNEMABIN—EREE, FFtE 30 Mg, EEBERNBSHHITIS:

>>> net = network2.Network([784, 30, 30, 10])
>>> net.SGD(training_data, 30, 10, 0.1, lmbda=5.0,
. evaluation_data=validation_data, monitor_evaluation_accuracy=True)

RANERDKEWERA T —=R, 96.90% XRLAXE . —RRBIVRE®R T MR, B
LATABIEIN—ERFRRRE

>>> net = network2.Network([784, 30, 30, 30, 10])
>>> net.SGD(training_data, 30, 10, 0.1, lmbda=5.0,
. evaluation_data=validation_data, monitor_evaluation_accuracy=True)

B, XBEHZEMTARA, RM MERET 96.57%, XS5&IEENSHEETL L. BIgMN—
=3
>>> net = network2.Network([784, 30, 30, 30, 30, 10])

>>> net.SGD(training_data, 30, 10, 0.1, lmbda=5.0,
. evaluation_data=validation_data, monitor_evaluation_accuracy=True)

SMNIST [ HE e X BAX &,
CIBMETREEB LB Lok, BEMMYSENERE, FTUNRIRETTTE, (RelfeREMERISHM
BBk, MARERFAETEAIIT,
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DEEMENTRET, 96.53%, XAIEERE—MARITEZM ~E, BERILAMREER.

XERMERNMRERIEETR. BN, FIMIREEN SILNEEGF T NERFDN
DERE, REAIUESENRNEEHE, JUEENE, BBEHEELE, 2DHNER
EINE, ERINEE TEREEEFM . FBHARXETH,

A, Mz EFRR? RIZSINIBREZIHEBERE LERER, RHAERHIINES
BEARBERMEBMNENRE, BANENEFFEEF IBEASEMEL T RM, HiE
BRIEIHE T .

NTHREFE—EXTFT XN RAER FAURER, FNILUEMEZRARAH TN, TE,
HEH T —85 [784, 30,30, 10] FIMLS, WEEEMEEE 30 MREAETHREER. BF
WEMNEZRTE—MNEEAITE, RAXPMZTENKHITEINNTHERE, FANEE
REBERIRE, M/WENRTENHNER, EIERIN, XLEEFRRTEMET N &,
WHBRNRBEXTHRETHRBEFTHNRE, BFHEZE, BMNEITXMEENBERN
NEB2EFIIERRENZHNRE, MELEH TRAIGEZTINENTERE, UREZE[E
BEXLATOAZEL: BREEFENMEXELRT TS MEETNENRETHENLE
FIRHTIRE,

ATILEREESR, RRERERELARERE LN 6 MET. XERRTRNZEHETT,
RAMMNHAEEFTEZIINERERE. AFREE@RETHRET, HAXERINIHB
EEREEZEINLR, PRULCREEHENREEINSIEN, TWNEPBNEIRIEEN)IZETH
AILEERIN O

*BIXANEEMIPIESR T AR — M A B R THRRER.
CRBINEIBEIFERIZRE cenerate_gradient.py . FIENEFHARERET EESIANER.
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5.1. JHRBIEER

hidden layer 1 hidden layer 2

ZME BN EEN, RLES THRETEINEREERELER, mME, FNMTLULI,
FBNBREELNEZEA LHELLE I RBER LNEER, T, EE-NREERNHETT
BEIBEMRR, XNNE—NMEE4A, REE N REENEET—REL M ELE—
NMEEENEETFEIFER? ATHERINEN, BE—MeRNARARIREIRES
HEEER BANNXER/BERTN 6F = 0C/ov, 5 | RHIE j DMHETRIRE. RITATLUE o
EME—TREEFTERTIE—BRERNESIRE, 2 NEE_RREENFIRE, &
EFEAXERENKEFABHEXLEREEZNFTIRENES, AL, ||0 MREXE—R
PBREERFIIRE, M ||6% MAKREZBRERFIRE, EXLEEN, TN LLEEENEE
T, |64 = 0.07 1 [|6%]| = 0.31, FRLAXFAHBIN T Z RIS EE _EREENMETTE SR
Bt E—RER,

WMRFAVAINE ZHREZE? MRKNE=NEEE, baliiE—1 [784, 30, 30, 10] BN
g, ASNAESEERE 0.012,0.060,0.283, XERENREEFIRELSERTE
ERREEE. BIEHIMNENSE—NEE 30 M EREEESTTREE. BA, WNNFIREMZ:
0.003,0.017,0.070,0.285, H*E2—FHRI: FIENEFIRERTEERNE.

MAFRNELEBI TINEHBNNESRE, XENNPBEZEGHIER. BFAXMRES
BEEARBER L EFAENTHIR? ILRNEERER I EER. FIRETHINT:
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10° Speed of learning: 2 hidden layers
— Hidden layer 1
Hidden layer 2
10 E

0 100 200 300 400 500
Number of epochs of training

AT FEEXELER, I 1000 MIEEG EHTTT 500 1 batch #HE N &, XM EE
WNEAREEREN & B FER minibatch, (XXEAT 1000 MIEER, MABREIH
50,000 1BEl, HHTEBMSFMENZN, HESKIRIIRINER, BENERE minibatch BEL
BETNEKEERPHERELNRE (REEFYRENMESRERMN . FRKEEREN
SHEI LIS REITEE, XERMTUEBREENBE AR EEN. NEFR, MEEHSA
NMEERENRE. AERENFIREAMEINRR R, TxE, BNILXNE—ENF
SIRETRILE_EREIET,

MABNMERNNERTABRE? XER—MRMHIXR, ERXABE=1I1EHEZ
([784, 30, 30, 30, 10]) :

0 Speed of learning: 3 hidden layers

— Hidden layer 1
Hidden layer 2
— Hidden layer 3|

i i i i
0 100 200 300 400 500
Number of epochs of training

B, AENREEERZLLEENREEEINEE. RE—1XRK, MHEEMNEEREEE
([784,30,30,30,30,10])), BEXERKEMFA:
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5.1. JHRBIEER

0 Speed of learning: 4 hidden layers

— Hidden layer 1

Hidden layer 2
107 po — Hidden layer 3|5
Hidden layer 4

0 100 200 300 400 500
Number of epochs of training

FEFRERILIRT, MENRBENEIRERRTEENRER. XB, F—ENFIRE
ENER—BEETRIMHESR, UHELELRIET 100 Fo MIZEFNTZAIE)IFRX LR L
AYBEIB R 7 A FRA !

WERNMNBELE T —DEZHINRER: EVEELEREMEMETR, EHIERESE BP
WEHRBEEH AT E/). XRKREEMENRBZEFHNELTFIRERETEENRER.
X LBNMNRE-PRNEBRLIN TXPNR, HEFESHVRENEZRFEEENREANSEX
MIZEMBREE, XNRBETERERAHERE (vanishing gradient problem) 7

NEPBRNBEE A= HIE? HATPTLUBEHARERE? BB RIIGFRERLILE
BN IR GF X MelL? KPR b, XNRUER LU Ry, REBNAEHAELRALAEN, [
FaFERE — ZaENETIRESTFIFEEA! XWIUEHIERMEERE (exploding
gradient problem) , X% LLERIIRE R BIFAIE, EII—AHIN, EREMRLMLEFEIE
ERRREN, FaENEFHEEEL, i, SHAREES B REHRELNEFETHE
FIIRAPE, XHEENFEIEMAVARA, WRAIENIE, RENGER D BRI,

—MEXELRN (FREN) BENEZLZRHEXESSHIE— M. H2IFA1TE R
B —MER, RGN ESHERK—D—TTHRE f(2). WRESH f(2) R/, XMEET
B—MPHERA? ETERKRERIMEABENRERT? AFENAR, TRESZMNEFFIE
[REER/NIIBE BN ER TR AFZENNENREMAZIHE T?

S, KRIRERANEXEN, BRRINPENAENEZHRNENRE. FENMERN—
15, RRERAMENAEIERBEBERGE—MREFNERENRE T, AR, HE MNIST 7]
AHIMEBRE—EINE, BBV ERESE —BEERTRABRGN/LFEREER. BIfEE
HNERBERERDNIIE, XERHEZENSBERDNESMEEIRBRANE R, E,
TEE—ETHETEINZABAOEN. WRFNEERINIFRRERENG, RIKFTEFEL
SNMeT R RSE SR BV 1)

72 Gradient flow in recurrent nets: the difficulty of learning long-term dependencies, fE# 3 Sepp Hochreiter,
Yoshua Bengio, Paolo Frasconi, #1 Jirgen Schmidhuber (2001), XEIEXHIZ TiBIIHAE ML, BEEAHRN

KMFNNEERRBIFIHRMNEFNE—EMN, EaJFE Sepp Hochreiter R EARIF 1163, Untersuchungen zu
dynamischen neuronalen Netzen (1991, f&i&),
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http://citeseerx.ist.psu.edu/viewdoc/summary?doi=10.1.1.24.7321
http://www.idsia.ch/~juergen/SeppHochreiter1991ThesisAdvisorSchmidhuber.pdf
http://www.idsia.ch/~juergen/SeppHochreiter1991ThesisAdvisorSchmidhuber.pdf

52. HASH T HKANBER? REMEMEHRNBE IR ML

52 HASMTHEANBERR? RERZEMBPHBEEFTEN

HTFEBERHOLHIERNEE, REE— MEEENRERENS: S—BHIE—
B—pymEiT, TEREE S RREROMENS:

8, wi,ws,... BNE, Wi by,... 2RE, C WEEIMNEL. BFR—T, MEjH
WETHEH o) = 0(z), H o SEEH S EEERH, M2 = w; +aj 1 + b SHETHHE
WA, RESERERFHTANEN ¢ FRERNEMSHE o RS NBLIRHLH
S AT, BARNATE; BRUATE.

AR E R R — F BT E— N RBETRE 0C/0b. RITBAHES 0C/0b, B
RAR, EEFRBAT IR S £ R,

FFaRE UL 1 0C/0b, MEFT. VBRRESES, BRELNSANHEN, K—
2) | AMRE, TELETBANRAR:

ac
dby

=0'(21) X w2 X 0'(22) X wg X 0'(23) X wa X 0’ (24) X 3704

FETVEWW T WENMHRZETE—1 o/ (2)) T WEMMEE— w; T BB —"1 0C/day
0, RTAEEHRNER. I8, RELRREAFHNEINET THNAUE, TN
SrLERETBIEIR,

IRE]IBEROARIX N RET, ERENIZFE VA XK T/ NS ER AR, X IEAZ

#, EAKE L EENRERIZAEN TR AGEONENRF. BEHEST —N&
ENEHRRER, PRUEEEB MEREEREEEN (WREERAMLME) .

BRISFATHRE by H1T T HVNBTEE Ablo XRSBENEFHR THTE—RIIBNEL. B
W F—PERETTAETE—D Ady NEN. XFRZIIRE - MEHLTHHEIENTE Az
. NEZ ML THMHEZRE Aax VT, LULEHE, SRASIANREBTE ACHY
T XER(E:

oC _ AC
b1 Ab
XRRIA TR OB F B RS — T B IRBER 0C/0b BIRAT .
MAEFNEE Aby WARIHE—DMHETHREL a) B B a1 = o(21) = o(wiag + b1),
FRUE

(114)

80(w1a0 + bl)
oby
= O'I(Zl)Abl (116)

Aay ~ Ab, (115)

o'(z1) XIMBERRAE: ELERN LEXT 0C/0b HFRENE -, W EH, XM
RRBERICLE Aby B THRIENZN Aaro Aay FEZXFM T HEREAN 22 = wa * a1 + by

Az~ 072 Aay (117)
8&1

= wolAay (118)
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52. HASH T HKANBER? REMEMEHRNBE IR ML

B Azo Ml Aay WRIAHASER, HINIUBIRE by PRI INENEE MR E R E
29 B
AZQ ~ O'/(Zl)’ngbl (1 T 9)

WE, XEEBFEMNERT . HANSEITEREIN 0C/0by BIBITEIMR I,

DUESEHET K, IRERMERENEREM A UTme. A8 METT, BITEZERE—1 o/(2)
BV, PAREES INEI ERE—D w; Tl RANERMEBANRITEN AC FEXTR
B Ab BIFRER:

AC =~ O'/(Zl)'wgal(ZQ) . U/(Z4)6£Abl (1 20)
Oay
BRLL Aby, HAIHVMSE T ENRIAT:
gbcl — o (1) a0 () .. .a’(24)(‘;f4 (121)
HNEAHMEERESK: NTEEEENENRANE TR
oC oC

(122)

= 0'(21) w0’ (22) w30’ (23) wao' (24)

by day

BRT &RE—I, ZRAXZ—RINFEN wo’(z;) W, AN TEESIIITH, ZEET
M sigmoid EKE SERVEISR

0.25 ¢
0.2

0.15 +

5-1072 |

BRI 0/(0) = 1/4 KRR S. IMTE, WRIFAVERARES ERBUNEEFHIIE, A8
LARER—MIEN 0IEEN 1 0. RIFMERNERERHRE v;| < 1o BT XE
B, BIEIEE wjo'(z) < 1/40 FEERNHTTAEXLEIRFNG, BREREER
AR T2, EARRY FEEAVEIR, ~ XE IR E TR E R AR &5 AR
o

PHE—R, HMER—T 0C/ob MI—MEEE—ENRENEE, THiKN 0C/dbze S
72 BEsA ERMAHXNRER, B2HENANE—1F1.
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<
oC
371361' = U/(Zl) w20'/(22) w30'/(23) 11)40',(24)67&1

<

N
N

common terms

oC
o]
5%'::0123Yw40T24)55;

MARTRERLEFNT. B2 00/0b EEAETHINT. BT XLTHE < 1/4 0.
FRLLOC)0b; 22 0C/0b; 89 1/16 HET/N, XE T A BB HIM A FEE T .

WoR X A AS 5 T S R B E AT R — N R A E SR H, A —LeaT A
R EE T, B, BIVEBMENE o, FIGTEEAEE, MRS, Mue'(z) 2F
ERERRLH w0’ (z;) < 1/4 AF. BRL, NEMBERA— B 1, BARITERS
BESE AN, SRLE, XEREESTER BP MRS SRR K, BRER,
RATEE T HERILH D,

BEHIERE: MEEERERGNEDINE, XENFFAIIRTNERABA: BEEME
RS, KARFEBENRE, EZREEFEA, LRESTHESTEEIFEE (M
FRIEBIPIEE) AVAF AT,

HERPTE: Bk, BIMTEMNESHINEIRERER, il w = wr = ws = ws =100, AT,
BAITERRERLSE o/ (z)) MAZKN e XEBREZ RN AERZEERERFRIEEDEZ
TCRYHEINRE 2 = 0 OXFF sigma’(zj) = 1/4) 0 EEIMR, FRAIVFHEE 21 = w1 * ag + bio FAR
48 by = —100 % ap BI]. FAVERARENF EFREEMNRE. XERNTA LULIMPAARIN
w; * o' (z;) EBBETF 100 x 1/4 = 25, &=, HNIHKE T HIEHEE,

ARENBERE: RAAPEELH IR HRBIIEE PR NE UL ER, MEER)
ENE EBEZREEENE LTMAER. SEEIEHNERE, siBITRERR LT
REDR. W—ILFrEREZIIERNT SRER T VB XETRIRIREL S 2 — ¥ .
R B FEMHHEE BINARBRIEROER T, BHERBEEZIRE T, BMEZ, B
LRy BB LW EZ R T AR ERERNRR. P, IRBMNEBMENETHRENTS
8%, ENERNAEESHIMRBRANEF I EEF SRS .

%3

- AR TRRBERBUNIET, £R7T |0/(2)] < 1/4 XD, RIgHRINER—TF
[FERTBUERER, HRWERIFER. XEEIF( BRI IRERERPRA?

HRNBERSESEEFT: RMELED T HEeLMBSNeTEN=ZFPHER e /BRI rlEE
ZIBIF. KFr L, LA sigmoid M, BMEBERIER. ATA? BEERER |wo'(2)o
NTERERNBERR, KMNEE |wo'(2)| >= 1. RAIESIANTER v BEANHERBSZX
. BERXLLERRECRHAMESZ, RRET, o (2) MEHFEKHT w: o/(2) =c (wxa+b), &
o BWNBVBUSRE. PRUAFIEL w TR, BFERBIANIL o' (wa + b) T/he XIFEREK
HIBRHT . BRETFHENNIL w TR, BEFF wae+b BHFFEE R BE o WE, XUEFTE
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53. EENMERNERNPIRERE

o HME, XEEXIRHE B—ERREXNMERNAIE,
ﬁ%ﬁ?%%ﬁw(ﬁf%%%%ﬁf?@”—fﬁﬁ$#ﬁ%
—MAREERE, FIU—RIERT, ZBEIHRIBE,

)&

-« ZRRIER |wo' (wa + b)lo
EA=EHI. (2) &g
IERR: AR ERFHZES
(3) #E LR EARFRIAHTE |w| = 6.9 FHEERNE
B, BINDAE— P IENRNBEXE,

- AT ER—

BRIEE |wo'(wa+b)| >=1, (1) XMiE)

RXAF B G H RIS E

BV TTR] ARIF N ATTER, it ANER (Btbfl). .
BILARRIE w R/, FTE wy + A ERREREEF

i

53 HTEMERMEFHNRRERE

NEELMRTEENNEG, 8—RREa8—
INE AR E LS ?

hidden layer 1

BER ML TT. BAMESE

hidden layer 2

hidden layer 3
input layer

KRR £, TEXAFAIELE NS MBEKRE, ERIEXTR

&oh, [EEIE
BATHE-HLENE I BREE:

5l _ E,(Zl)(wl+1)TE/(Zl+l)(wl+2)T - Z/(ZL)VQC
XEB Y () B—MAEN, BN TERNE

B, V.0 2WNEMILAENRSHAE,

| RRYHERGRN o’ (2)o

lw| >=4, ZEBLEHE |wo'(wa + b)| >= 1 A%
BESSFEH— B 2 (I g

%:4%#’6‘%&5!25%?§§QL452‘\
‘\&\‘ I .A\\\‘Q!@ltlh .A\\}:‘:“‘ X2 4),,/“\
‘ \‘ \ / /’7’1‘"‘\\“ ’ ’ ‘ ’ ’ e \\
y// \\\:‘ ” "jl {“\\\ \v <v>’<,7“’ 4&,///A\\\\“‘";
“"‘ *‘%@' i 2'»' ~««\‘ XYY m"ﬁ“\\‘}‘ oK
:U o‘e(»,‘ 4 N %4 X , AA 4
// ‘.«,\\‘ “; :"' "\ "‘ ‘\‘\ “714‘,'/':7m"v‘\\ ‘
41 v‘\\‘\ " o '.« X \\\ '
5;5' l{\\ ﬂ"/» ./ \ .\\ /;&1 :.« “e«‘
/ ")‘ \ \‘ ' l ‘V“}\l /
rri{"« A\\§\ ‘ 0 :{\‘ \V/ /11' «§\>
Y| 'I[”,' ““\\“’/]’,’, “‘\\\
\\V//,‘ =

NRENBUERERIEN

Bifx, BrRgE=HN. B2

BT jw| >=4 898
NEE o &S
1) BEERIX 8l

=B 0.45. FrARMEE D SAEDH

o1}

MR- ANNEETT, v, WNANE w, BE b, HHEANE we
IR, BT RERENENRE, NI UAR weo(wyxz+b) =2z HF 2 € (0,1

XA
E.I-LXEI—%'J} = 1/2+A’

FEeEREZMETHE

AERENETS, )

(124)

M w! XA FEZEAI
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5.4. HEREFEINIERS

XEBMERNERAI. A, RMFHAE, AR LENTIEREENUSN. TERERTES
BV (wd) TS (27) BOXT (pair)e TE, %EFF /(7)) EXNBLE ENER/)N, T8 1/40 BF
RUEFEFE w! RERAK, 8NN (w)lo' () RILBEREE ], SEHEEKX. EN—
RIE, AFRRPAENMZSHARENHE, METEAfF—iF. KEH, —RILNE
sigmoid M FRTERERIREEHMAMIER. PIUAERLER ENFIRERZTERIET X
MUBIERANZEAIR . WERNFAIILRTTERER.

54 HEREFIHER

AEFNEARETELRNBE L, HFEAEN—MKH, FREEBE AEFIN—KPE
5. Kfrt, FMREREBENNERAEFINRZER L — REX—REMHEIRAR, HSFiRVH
REPEFFHIERTIINFRERENEN BN, XEBRFAAH—MFRNELE, X
RBRBLAH LR, HFIFFANEEIHRANR>,

B4, 7E 2010 £ Glorot A Bengio® & BIEHEZRPE sigmoid R FIERS SO MLERIR)
Ao FFRH, M 1ATL sigmoid RS HRLE LHBIERMEIGPFRRET 0, XEHK
TEIMEE, M1 ITIEFRIRE T —LE sigmoid ERIEPIEUE RENERE, BB Fh
REMFIEEE.

% MjlF, 7E 2013 4E Sutskever, Martens, Dahl #1 Hinton® B53 7 7R & 5 S){EE R FEN AN E
FIEMFET momentum B9 SGD 75k, MIHBHET, BN EFER LURIERAMNEZINIIZRRL
£

XEFFHIFEN], “TALNERENEIFERE" XNMoFEEESR. £&E, BI1E&
ERTREBRENEPRETHENFE I HENAREM. ARRATBERIMVIERE, NER
e, BEERFIRENTLUMARNBINETEENAE. A, WKREWHNEMWBEHEAS
HWEREBEW, FAlt, KZERFZMTIGBEMENEE, BRITEXLRTFIRAIE LHIH
RNER. REXEFERELAEN, BRE T —EFRRHNNENB—LEHIER, AH—E5%
R—TERE LR AFITOIPAE X LR,

8Understanding the difficulty of training deep feedforward neural networks, Y& 3 Xavier Glorot #1 Yoshua Bengio
(2010) . RAJEE Efficient BackProp i6 XA aIEAIRTF S BUREAIITE, {E&E /9 Yann LeCun, Léon Bottou, Genevieve
Orr #01 Klaus-Robert Miiller (1998),

°0n the importance of initialization and momentum in deep learning, fE#& 4 llya Sutskever, James Martens,
George Dahl #1 Geoffrey Hinton (2013),
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http://jmlr.org/proceedings/papers/v9/glorot10a/glorot10a.pdf
http://yann.lecun.com/exdb/publis/pdf/lecun-98b.pdf
http://www.cs.toronto.edu/~hinton/absps/momentum.pdf

L=, BMNFITREHELNERE LLXERZWEBINAELINNG. FAVEEBEE,
ERFLUNIZGREMLE, MRS LAEMEEMBARRGES], BENLBEEE. NL—F
HNTAILBEZRSAFAVER, BEXLERMEFEELERNNEARESRZNE, &5, RIE
AP LUARIIFREHEZNERNERA, FERSTNACN]. BFERIIEIAEN ERI0
FAREMEMNL, BEMEIRULIRE XRESREMEEEGIRG. 1BEIRGIFME AR AR89
RiFER. AfE, BBE—EXTRREEWE XA TE BRI BRI E A,

X—BHRK. ATEFILIMIFS, RITEE-TRBEZH. ABRNEZEXEFF
AREE, FRUIREEREEREZNERIANIR, BARUERBE B CRRHBRIE .

ABTERED BN RAMITHENEZ —BIREERMEIN R HNPFAZ D —
EREMMWERMAR MNIST BHEENF S HFIRAIGF (28 7 AR

SoH/q9&

FATE MR EBIHEMNEFF AR R EERIRIRL, @i ZREER, BiISmEERkEsa X
BN, EXMEER, WEERABETRARA: SR, pooling. A GPU RE&FH)II4.
YWHEEGENE AT B GBRIIITED) . dropout B ARRIER (BFEANTHLIESENR). WL
B9 ensemble ERFMEMIE AR, REANEREBZEALIERI, 7£ 10,000 & MNIST MK E &
s B MAENGETEERIE G — ZRAARLZEBFEEF 0967 BIEFHD I, X)LBA]
EEESN B EEIGR. TREMDEERLG LIRS, RATENDETLET:
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6.1. JTRGIRMLE
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A, XEEHEGEN T AZSRRBRIFBEEX D, Fli, TE—THNE=BE.
REMNE, BRREZLRE 9" Ik “8”, m “8” MBLEMELNER, FNINIMERIELER
PEXTMRE ‘97, XMIEAW “HiR REBERAZEMRYN, JeeEEREEH11F. RERXY
RIOFARE (BF) #HENEERGIRT ENHRHEEAXTEGZIRFIFITICH S5,

NEFR TS, BITEMN—PENEZNENNAERINHEOREF S, BhR—LEmEmN
SEREMIREY, B30 RNN 1 LSTM MI4E, DIAGXLEMLEINAIEIE S IR BAE S B E 4N
HANEN. RERREEN—T, BEMESIREFZIFRRAENARE, =M intention-driven
user interfaces WIRHRAEFITEALEENA B, XENSRIEAPIERETHNEMZ &, £
BT aimENAEN BP. FIEI. softmax BRE, F%, Am, BREREX—=, fIRFAHFEX
ARSI ERETTEETTARNFAENAT. SRERE—EXTHENENEMBIEESEE
B, AERIFE-_ZINEAZIMIE, WaEXPAEEREEEATEXENEIRR,

DEIEMN—RE, AEMEEESNBE—D. X—EBEHFABRIETRINTIRRAMN I
K. HINBARRBINGH+ENHENE RV IBREFANRE, MEHBRERSIIREERER
EHENEYE EZONRE, FREXERERE— MNIST [AEBRRF, HEHITNER,
WAEY, AEEGAERRINVENEENERTAIRE., BEENET, BIHERETE
Bt b, XEREREBMET N ARRKERRZH AN REZ ISR LIE, &AE
9PATE Beta kit HAERIREIEHEIR, bug, /NEMEEMIRME. WRIRAI T A SR, 5
BH#EEBHR mn@michaelnielsen.orgo

6.1 TEEMME
FERENETH, RIS T HENEEBRIFHIRIFEHF:
S04/494
FAMER T 2ERRBERRBIMLERTHX D LIF B, MBPRHETS5HESE LR

L TR

153



6.1. JTRGIRMLE

hidden layer 1 hidden layer 2  hidden layer 3
input layer

a

NN S T
WS&7 7
SNXSSHELTS WK T RIS KT
< Y XN LI, X o B
LARDNEIA J75%% XA KKLL 5%, RIS XKEKLL S, N <S5
PRBRTE . QRRII EEE A QR OFREEE SR
RS YRS \\o I AR NS LR \ N ST
KRR PR RN XSS RSOKIEHRIA KRS LXK
SBSISBHEEL KA AR PR DY~ ERALKH BRI » XK
P cpcnve XX KIASKEKAT TREXX KX S e S%
RIS BRBBERESIE VL IBERISK < 7RIS
AR LN ;o«%o\\ /QQ,«/AW WA\ /Q«,,«'; QAN “A“‘A
K IARE XK SNBSS BRI e SN
KBORKS PP TRIMBES 7 AR
CIARIER SO AZLEOIRE S BRI L7 >R

<l

5 ST ORI — BT AR T 7
mm%»mw%'%%ﬁ@@w&'w@@@&ﬂtAﬁﬁzv‘w
BATIAS \\‘\Q‘// 5 K\““‘}\ ///l!r %L \«\‘g«\\\\y /;I y

Zoliow
Y AN A LIRS
7 "’11)7 SN

U AR 757 V\\\\“«'v’ 77 \\\\\\“ ,
A SN\ NN NN
/74%%%&@%%&@&&%.@%&@&&%.{1

/ // ,vl 77 . ¢

W

a0, WHRABGRTNEMER, BITEERBEENNNENEHRETNE, T
28 x 28 BREMEIR, XEKRERIIHIMESE 784 (=28 x 28) PRAHEZTT. HANVAEINERW
LPNENRE, SHENERHER — NFRNHEM — ERHPHARAELR: '0,1,2, .,
'8 or'9,

BAIZRIBIME TIESESEET . BRITEAREE THEIT 908% B0 K EMRE, XA MNIST
FEHFEIRENINEMN A LR E2FAHER, FH2EEENNERDLXEGERFTIR
. BREXEN—NWNEREAEREGRNZTREM, Fi, ©ETSERNEM EAITFE
BRI LR G R, XN B EEIIEER MM R IR IR, ERNREA]
BRA—MLEN AT RISEWNEN, MARM—BERKEHNMERIGFIE, REF? TX—
T, BRERAERBEME . XEMEERA—MFERT 2 XBGIRREM, FHEXD
ZRIESETNEBEER IR 1%, HBRH, XEBANIFREN. ZENWNLE, BIEBEBEKTS
KEG. 5K, REERWNERE —LIEMNTHER, WEERZSHEGIRDIBNEEMLSTH,

ERMENERA T —MEAER: BEEZE (local receptive fields) , HZME (shared
weights), AIR& (pooling). iEFHATENET:

BERZE: TZREINSEEENNSET, BARESENBHETINSSET. BE—
HIRWER, EMABIER— 28 x 28 WAHYINHETEBEY, HENNTHIB/ER
AR 28 x 28 IR ENRE !

'BRNBEREENEZBME 1970 £X. BEREURUAENMEFZRNIT LML E—E 1998 £89
“Gradient-based learning applied to document recognition”, ¥E& Yann LeCun, Léon Bottou, Yoshua Bengio, #1
Patrick Haffnero LeCun BESLUEM T — MR FERMERBHEBITIC: “LIEMNENRMEERY [(£YF /]
ZARFURIEEERN, XIERATATIETIIFA ERWME MiAe BRMENE , UNRATAEIIFIX
BTN B AR e 7. REAXEFMNTIR, SRNEERTFLHNB N LEZE I ZNEELNEHREEN
BAE: EORAEE, BETRE, 5Bk, FFEMERHEES, MURNSEBENRG, INNENEHEMERN
—FhEE, BRTImMERAIE “GRAEMNE” M “ERME ((T7/79)7. RUSMIERARE “[AL] #&Ex”
%[:] “%ﬁ”o
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http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf

1. TR

MEE—F,

Eﬁﬁﬁ@%_o@& HMNIAZENEGRHT

input neurons

HAHBMNEGRERD P REMLTE

WAV —=, F—PMREETHNE MEEITRERE

5x5%&ﬁ;ﬁ@?%¢%A%ﬁoﬁuﬁ$—

REXIFBIERE

input neurons

0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0OOOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0OOOOOOOOOOOOOO
0000000000000 OOOOOOOO0LLNLA00
0000000000000 O0OOOOO 000 C

00000000000 OOOOOOOOOOO
0000000000000 O0OOOOOOOO0
00000000000 OOOOOOOOOOOOTT
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0OOOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
000000000 OOOOO0OOOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO

XM EGR KRR EL TR RBRERE. ©

EEFS—ME, mizEsETRNtES—

BFREFI NN ENBERRZ .

BANVAREE

EPRNBR ERXRBEHREER T N TEMRBERE, £ —1
BE— P AERRREAELTT. AT ERRAE, RN EERFIE— 1 EERZE .

0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
00000000 OOOOOOOOOOOOOOOOOOOO

o BREINAZEEMRNERER

TR, BEXERYIER.

— MEAFL TR — XL, Fli0,

hidden neuron

MEERRREELT, RiFEEER

BENGELN—NNEO, 81

NERRE. (RELUBX N EBIRRBHL T

ISt
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6.1. NAEGIAMLE

input neurons

0006080000000000000000000000 first hidden layer
(@YY YoV aVaVaVaYaYaYaYa e 10 1oAvas, Q Q0
0000 ::zziggégggs-noooooooooooooooooooooooo
06666 ooUUUnIN00 : 0000000000000 00000000000
0o TTU0LD TOT0000000000 0000000000000 00000000000
COOTTO0000000000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000
0000000000000 000000000000000
N N P2 [ - RN — \ ., P — — .
REBIMNEE—MEE B—MaEn) BoRERRE, EEIE T EREEET:
mput neurons

00606e8000000000000000000000 first hidden layer
(0o sYoYaVaVaVaVaVaYaYaYoloN0IOivAY,
006666 000000000000 00000000000
0 06666 ooUUTTRONG 000000000000 000000000000
(@]e3s35 5 o vpvivnoraral TO000000000 000000000000000000000000
000OTTO000000000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000 000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000 000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
000000000000 0000000000000000
000000000000 0000000000000000

MEEE, WEEE—NREE. ERWRIANTE—" 28 x 28 FHMAEIR, 5 x5 NEERE
2, BLARBETUEE 24 x 24 ML, XEENEMEEYN SFHERE) NEANEGZ
A1, HTREEBEERZFEMABE) 23 MeLgr (HEET 23 ML) .

HRETHEESBREZHFERBN—NMER. KL, BIERSERARBNEE, f1, LRI
A @&T) B2 MEENBEREE, XMER TRIMERT 2 Mgk, EXBERTAE
DIMEREEER 1 NEE, BRESMNEATENARRNEEIRL

HENENRE: REAUISIREGETEE - MRENERIENDEHBZFH
5x 5 NE, FRBIRNHNZRAFTEX 24 x 24 [REFHRELTHNE—MEAHERNNENRE,
2EAWERTEEH RN, MREANITEATEBIEENGE, AR UEARIEAIERINET LR R EN
BERESEE, FANASMAEX FIMEReENENOBSHMNITIL, RN AL UAREREBHBEBIA

N — B2, WTEA—5 x5 NEHMEZELEH AR, 8%, SMAEREZXRT 28 x 28 fREK MNIST
EREY, EANEHNERZHFEERERMN.
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6.1. JTRGIRMLE

WANE, X5 j,k DNREEL T, BMn:

4 4
o (b + Z Z wl,maj+l,k+m> (125)
1=0 m=0

XE ¢ BEAETHEERE — RN EFEEEEALIN S BEEREH, » 2RENHE
Bo wim m— NHENEMN 5 x 5 #f. &E, HIEA apy RERUENRN r,y WRNEEE,

XE®REFE—TNREBEENFEHEETRNTSEBNES, RRERABGHNTEUE,
ERHAATARXMERE, IENEMNREIREHRREMETa UPNEN AR, fiil, E— M
EHNERERSHFNER NS, XMENERENHENELROUIERERN. Eit, EEEGT
N RMERMFTERNZSEIFEERN. BENEHmRIARE, SRMEERITFENEGRITF
BATM: fInEHEE—RENES, ehAR—BEiE G

RAXNRE, FHIEHEEMNBNZE PR 0IBREI TR — MFERRET. I 30ENAHE
BUERINEFF AR ENE, HANBLIXF AR E X IF MRS N RENMARZRE. EZNEA
RMELEWTA— N ERRNEIERESE. EXET, AMIBUBHRARN A FERAXEARIE,
S HATEETIEX D ; BEHEINSE—LAERNFF

BRI MR R e N —Fh B IREHERRE, AT eRBEZIRIHNBERE—1
AOSFIERRET . FTA— BN ERRE B LD AR ERETHA :

28 x 28 input neurons 3 X 24 X 24 neurons

|

|

EXMIFF, B 3 MHEMRST . 8 MHERFNEXA—5 x 5 EENEMEMHZRE
&S, HERZENKREBIN 3 FARBMNHE, S MHEERTENEGRF R,

AT I FENERERL, BNERT 3 MHEME, AT, TREFESIRMEAIEEFEA
BE (WF%E%E) NEHEME ., —MREHIRE] MNIST #FEFRMLE, LeNet-5, 6
FHIEBREY, S DKERE—D 5 x 5 EEVERZE, PR EEIEEGIFSEFRA LeNet-5 R,
MARMNTAZEEEALNFFE, FNTEEREE 20 M 40 MHERFHNERE. 1LHA]
PURE T EEFHA—LEARHE

SRR S ERERE XIS, FFIEH, B P IREsE TN RHER (E— M5 A TAUEN MR
Blgn, ©rEREGRN—FKiL, HE-LEHETHEK,

PR L, SHFRENMBEEF SN MNIST HEFEH XM, XEEGHE T, MERIMEIT—. PTLLMNIST

tb “EEAMIES” RENEGEELHTFEALENE. REMATETVENLSH A KRBVELA R ERE RN,
EIR R ARG R B RANRENINIFERNE, SUXE,
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6.1. JTRGIRMLE

gL

X 20 IREIGXT R F 20 DMREBEHEMSY (SIRKEES. %) S MRFE—I8 5 x 5 RBER
xRN, WHNTFBEHBERZHFFHN 5 x 51 E, BBREKE—IN) (AR, /)Wt NE,
Bt LA A O FFIEBRSY XS AE R BV S N R R B B/ UL, BEEMIRERE— 1 EANNE, FrLL
XA FT BN NG EZE EANMN, FEHEEMH, tENERETTEEEE
e i B4 ZEEY,

P AFRATTBE MIX EEFFIEBREY PR R A 45107 RIAEXBEEBEH T RITHAEN=ELEM: X
B PF 2B BN SMEN T X8, XRRENTHMNE LR L IEEF SIMTEISEEEXIR
P, MM, BT, BEEXEFERNBEZTAREREN, S, RITHAZEES (B
gn) Gabor 23, EEAHATEREZEANERIRGEF. Kfrt, MEBHFLZXTEIS
RN R B IRARRHEN TR R, RIS, FEIM Matthew Zeiler #1 Rob Fergus 89
(2013) i£X Visualizing and Understanding Convolutional Networks F4&.

HENENMREN—NMEANMRE, ERAKRRALDTESENERMEBNESH. WS MHE
R FRATEE 25 = 5 x 5 MHENE, ME—TMHZERE. PIUSMHERSNFEE 26 NS5,
RN 20 MFERET, AEABIEE 20 x 26 = 520 NEHKEXERE, (EANEE, RI&
BIE—2EENE—FE, BE 784 = 28 x 28 MAANHEZ T, F—MEXHETR 30 N2k
BT, EERMNTERABZANELSAFHERN. SHE 784 x 30 ™MXE, HMLEESMY 30
RE, £ 23,550 M, MROIER, XPNEEENEEZIA 40 BTFEEENSE

H8, RIFEBEEM— I SHREZBNERZLER, AAXRMREENAKREFENR.
B2, BN, FASKRENFEATMHMFIRERIEER LD 2EFRI PR EIFEF R S EE
B2, IR, XESHERNEREEN)E, &L, SEPRTENNERERERZILRAEMLE,

IifEEE—T, & (convolutional) X—RFFRBEHIE (125) FRRIERFENEIA—1 %
R (convolution) . TEHEIEHL, AMTEMNIEXNMEEER o' = o(b+w*a’), HEF o! TR
B—MFAEMEREHBEESES, @ BRNBEENSES, M WITA—1ERBE. il
MMTERNEBREREE, PILURAAXTLARE S, BEE/MEFMEX AN AR,

BEEB: BRTNINEARANERER, EMEBEMNELEEREE (pooling layers) . EEEIE
SERRETEREZEER. EEHNERUMNEREREHNER.
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http://en.wikipedia.org/wiki/Gabor_filter
http://arxiv.org/abs/1311.2901

6.1. JTRGIRMLE

FAE, —NMREBRIEMNERERENE—MHEMNHEMNENTEE— P RENE
EBRES, BIY0, SEEEMSDNRITAIBMIE TR —BI—1 (Ebi) 2 x 2 9K, FA—1R
FRGF, — P ELRESNEFRTNRAKERE (max-pooling) . ARANERET, — B
BRTEHEMEEE 2 x 2 MAKBRSEARZUEE, EWN FENRERY:

hidden neurons (output from feature map)

0000000000000 000000000000000 max—pooling units
0000000000000 000000000000000
0000000000000000000000000000 000000000000
0000000000000000000VU000U00oTO————00000000000
0000000000000 000000000000000 000000000000
0000000000000 00000000000000O 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000 000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 00000000000000O
0000000000000 000000000000000
0000000000000 00000000000000O
0000000000000 000000000000000
0000000000000 000000000000000
0000000000000 000000000000000

ARBRAMERES 24 x 24 ML, BEEHISE 12 x 12 MHEETT,
FEEREER, SREBSESBEI— MRS, RIEEXRERGHINATE—T
FHEMRSY. FrLUNRE = MHERSY, AT —ENERENEXEREGEEEREXF.

28 x 28 input neurons 3 X 24 X 24 neurons
3 X 12 x 12 neurons

H:H

FATRILIBE AR EREEF—MMNL8REEE — MAERRIEE — P EGRXKIEFBI-H
AREMN AN ARETHERTNUEERE. BEMLE, —E—1MRIERLI, esmIUE
HAMEENTHERENAMUEER, —MRANFLARZE, XFRIUEREHEDHES
AUSHE, PRUAXBBI TR ELUENEMENS SIS,

BRNEREHANZATREEHNNENKAR. Z—MEANGER L2ERE (L2pooling) . XE
FAIEY 2 x 2 KIFESUAERF A MAFE SR, MARERNAEE. BAMTAE, BHEN LM
RANERGEMEMN: L2 BEE—MRENEREREREEMTIN EREF, MARRAERK
[Tz A, mMEEREAVERREEGRIFEE, NRIREEZAMNALMIRE, Re]UERLR
IEEERLEBCR SRR A, FAEE— DTSRI, BRI AT B IE XA a9k,

CXBFEAMABRATEMN, [53t, HA M RTNEBRRBIEMBITELIRE, iRk
ZITMNZERERSUEE. XMAENEERBEMRRXE A EEH E RN,
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6.2. B LETE LRI A

SZEE—E: RNAETUEXERRBERE—ERBE - TENEREZNE. M
HAINBEZIRIZRMAEDL, BREBEFIMI—EF 10 MaLHLrs, X T 10 HPIBERY MNIST #1%
(o, ", 2'F):

28 x 28 input neurons
P 3 x 24 x 24 neurons 3 x 12 x 12 neurons

|

J
OOOOOPOOOO

XL 28 x 28 MHEINHE TR, XLEBMETH T MNIST B&HGERREHTH
19, ENR—IMERE, BA—1 5 x5 BERREN 3 MM, HEARE—3x24x24
PBRERIEETR. T—P9R—TRABREE, NEBT 2 x2XiH, B& 3 MFEME, £ER
B3 x 12 x 12 BEIFIEEZ TR,

WEFREEZENEZE—TN2EER. EHRIME, X—BEERAKERGENE—HET
EEIS—MRHESET. X eERENNERNZaETHERNER. A, FELEN
B, ATEL, BRERT 18k, MARETRFTENERE. 2, (RO UERZEREIX
Lo,

XNERZEMM 2 IET P EBNZEMESERE. BRSANEREEMUN: — HEZE
BHETHRIIMNG, XEBTHNITHHENINENRERTE. MSENERNAR—FH:
FBINEEIRRINANENNENRE, HEWNEA UBES KRBT,

FFRIRY, [EWABREIEAcE, HITEBREENEE TR EEFIINERNIBIMES, XAE
DEBEEEZEDPREERNARAIE, A, BIHEFEN R EEEEFHEER R
RERMNZINRBEENHSEHESEEERNING. FElE, (NERIsAERERE
MESEEPN. NRIREERAT, FBABBMTR TEMNE, TR 6)E =28 Ly
B)SR5ERL, FRIFFHSEEARRN T AN R EEFENHS (XMERTREZH).

Il
- BRMERORAEE T A52EERNNET, RAGENRLERE BP1)-
(BP4) (3HE). BERNEZH—INE, EASE—PENE, — P RAEREE, Al
—AREENHEE, TN EETOBE. REGENSRABNAENC

6.2 HIRMHEMBZELFRPIINA

BINNEBLAB T ERBENEFEHNZOBE, ILHRIMEIKM—EEMRMWE,
RENMRAT MNIST F 2K, REZFENTAEREFIE RIPEERNEFZ
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6.2. B WLETE LR RBIN A

network3.py, E%ﬁﬁ@%%ﬁﬁﬂg network.py ‘*D network2.py E/\JQET‘BH&Z!§7O ;ZD%M—WEEEE?—; 'f’%
PIRILAM GitHub E &, SEEFNPRE T —T R networks. py BRI, AX—TH, &K
{IPRHE networks. py TENEERITRETRANES,

2T network.py M networkz2.py A3 Python F1%E % Numpy SRIRRY, XLZF MRAIBIR
BT AR TRALGRE. BREIBETESFAT., BEMAERINELIER 7T XEHAT, NTF
networks. py A WTEMEA—PHA Theano BINEF S ES, /A Theano E1FSRIE T AR 1
ZKWNBN R AEEREZ, BANCEMTES KBRS, Theano BELIRMFIEARER B
LHRBENTBZER, FRANTEITREE), XREALGEATIISREERNNE, 57,
Theano I— M IERB MM R ERBIEITT CPUSE, MNRALL, GPU L, B17F GPU LHJ
DR EZRNIE®ER, MEB, BETFREATEE RIS,

NRMPEEIRES, IMEENEITEMIIARS LAY Theano, #ZIRINAE + 01 EAYREAR L
Theano. & FREIFIFER Theano 0.6° iB17id, BLEFEEHE GPU 23589 Mac OS X Yosemite
E1Tid. BLETEE NVIDIA GPU 2519 Ubuntu 14.04 FiaiTid. BLERITERNREHEISTT
ﬁo jﬂ?ﬂl networks3.py J\Z_E’/f"_fa 1;]—'\%':@% (J\E_u:'/li@) *E networks3.py /}?\EQEPE’\J GPU *ﬂ?gl}igﬁ True ﬁ
& ralseo IEHN, AT L Theano iB1TF GPU L, {REJEESAZI XI5 InAEHEER,, EEBW L
WEHE, BESA Google #HERE, BEIFAEREBNRIL Theano T1E. WRIFF LHNARFLED
FARY GPU, FBAMRBIAEREEE T Amazon Web Services EC2 G2 SEffIZEE!, FEBMEH GPU &£
F, UINATE-ENERT. TEERRBEEMLDFHEILNEBIETE%IZ1T, 7 CPU
FRIRER B R MR B RIEITREFNKY, FWREETERN, WEINLEFIEITE, B
B LRI, (B/RERIGE TMUEREH. WRIRARIZE CPU, RRIREREEN EE ZAISL IR
DINZRIERHRREE, NERBIDMBRE(],

NTEHF—1MELZL, BITRMN—DRBEREFE, EXER—TREE, 85 100 PMRE
270, FATRYIGR 60 X, ERFIRXN: n=0.1, NEEIHE X/NN 10, 2BRE
o XHFIT1T0:
>>> qmport network3
>>> from network3 dimport Network
>>> from network3 import ConvPoollLayer, FullyConnectedlLayer, SoftmaxLayer
>>> training_data, validation_data, test_data = network3.load_data_shared()
>>> mini_batch_size = 10
>>> net = Network([

FullyConnectedLayer (n_in=784, n_out=100),
SoftmaxLayer (n_in=100, n_out=10)], mini_batch_size)

>>> net.SGD(training_data, 60, mini_batch_size, 0.1,
validation_data, test_data)

BRBH— PRI D LEHRZE 97.80% XE test_data LRI EMHE, X PEER
WESECEBRIM TS, 17 Evatidation_data LR EI T RIFRIDKEMR, ERRIEHIERRER
BN ERRGEEE T B NRGE LATENEG (NaEXTRIESIEERRINIL).
FATBEETEEBX MR MBEMAIEHEERR, RANEHINENREEEVIEL

7B network3.py B8 T JRE Theano FEXHEARX T HINHEMEE (LHRE LeNet-5 FISLHL) , Misha Denil 897
WHISEI, LA Chris Olah B9

82 Il Theano: A CPU and GPU Math Expression Compiler in Python, E#& % James Bergstra, Olivier Breuleux,
Frederic Bastien, Pascal Lamblin, Ravzan Pascanu, Guillaume Desjardins, Joseph Turian, David Warde-Farley, 0
Yoshua Bengio (2010). Theano 2 @1THY Pylearn2 1 Keras MEAMLENEM. HEEANXEERRITHHE
W& ZEE1FE Caffe F1 Torcho

SHIATRIX—EBY, Theano FIHATARAZMR T 0.7, FIEPF_EELETE Theano 0.7 FRAFBFISI T X LA 7+
B 7 MR AFE RNV R,

VOART R SLIGRED B LATE XA E, R, HAFHRBEIEERMES HENFATHRITE,
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https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/src/network3.py
http://deeplearning.net/software/theano/
http://deeplearning.net/software/theano/
http://deeplearning.net/software/theano/tutorial/using_gpu.html
http://aws.amazon.com/ec2/instance-types/
http://deeplearning.net/tutorial/lenet.html
https://github.com/mdenil/dropout
https://github.com/mdenil/dropout
http://colah.github.io/
http://www.iro.umontreal.ca/~lisa/pointeurs/theano_scipy2010.pdf
http://deeplearning.net/software/pylearn2/
http://keras.io/
http://caffe.berkeleyvision.org/
http://torch.ch/
https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/src/conv.py
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B,

X 97.80% BUERREREDE T =2 R1GH 98.04% BUERE, A—MMBIARIMSEZREGAN
FIBSH K, WMIFERERA—MRENSE, BEER2MEEE 100 MREMZITAIR
BE. MEERIZ 60 D EH, NMEEBHUEXR/NN 10, FIER A n=0.1.

SR, EZBIRMNSEHRER N TR, B, RN HT ZAIBIMES, FEBIFFET
EMUEHROZH. MEHARBINEHIL I LIRS ERE, BREEIHNIAZR/N, PrEF]
RHER 2 EEARIEICTEN. $=, BAZANNSBTHERRXEERT S EBEENRZIXE
RNERER, SNSEA—IREERNENTRRE, URXIHUACN R, ENE=5FFH#
BRY, XAR—TPARIINE. FRENTEASARZIBRERMEXAFINE — TE2EE
NFRERNEMT AN ERABIE G ENEPREE o

FATERA—DERBINBIRIRAMIT LXK A5 R B EF05?

RN ENE B UENEREN— M EREF R, RIVSER 5 x 5 BEMEAZE, BiE
A1, 20 MHERRSS, BMNERBA—TERANEREE, EA—1 2 x200BEE RS HS L.
PRULSABIMBRIELERER L — e, BRE— MM ERER.

100 sigmoid
neurons

10 neurons
output layer

convolution layer (softmax)

28 % 28 20 x 24 x 24 pooling layer
20 x 12 x 12

- O0000000
OO000O0

AEXDERET, A TRILIESIREEREFREF IBNIIGBGTNERNEZE, mE
HN2ERRENE—TEHRNEXAFS, NETRGEEG2RER. XB—ME RNEIRHE
ZMLEIRTo

IRNTNEXEN—IWE, BEERIWER:

>>> net = Network([
ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2)),
FullyConnectedLayer (n_in=20%12%12, n_out=100),
SoftmaxLayer (n_in=100, n_out=10)], mini_batch_size)
>>> net.SGD(training_data, 60, mini_batch_size, 0.1,
validation_data, test_data)

"SR B, XK RE LI RMBNAETT T =R, AERMXERETHIRE TN TR
ERIEERRAIEDERE, MRS RETEMTRLERPHNES), EELERIFZ I RENZREMAN, ENXK
EEHB. FRAFRMEH, RETHECEERE T X MEF. EREF, EXTARENERTESHRIAKS.

P BHMASFER— AR 10 B/MEEHUE, ENRNAEITICEN, ERERMN/MLEHIEDTEIRSIFHR
B, BRUHLERARMNNMERE, TBENTHNESET PHKRERT—2.
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BANEE T 98.78% U/EME, XEHEIARNNE, BT 7 HNUASEHHER—D. FX
£, HELR L TEBI=02Z—KNEEER, X2—MERWHD,

EIEEMBLEME, HBERMBEGRFEN—TNE—BEWRF. FNEMITERANDHHNEL
RFA—TE—NEE—EEELR— M AZEHIR. networks.py MIBITANRENE, BN
EE1S networks.py BIIBE R R, 74T, WRFEME, BREHEN networks.py BIFXLERET]
ARIRIETE

%3

- MRMFHERT 2ERE, RERER-ESBENREEXRER, MEETHAFNDEE
HWE? 2ERENMNEERD?

FAIRECE 98.78% MU HERHZRNT?

IEEIMTABEBAEZNER-BEE. BEEEEENER-EeEN2EERBE 2 E. &K
1BEXER—1 5 x5 BHERZE, BE 2 x 2 OXKE, iLHRMNEEREEMUNBEEIGS
REMFA:
>>> net = Network ([

ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2)),
ConvPoollLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2)),
FullyConnectedLayer (n_in=40%4%4, n_out=100),
SoftmaxLayer (n_in=100, n_out=10)], mini_batch_size)
>>> net.SGD(training_data, 60, mini_batch_size, 0.1,
validation_data, test_data)

B FNEATE WERIDEET 99.06% B3 REFHR,

AXEEMMREARBIIHRE, F—NREZE: WABS - MER-BEEERRETA? &K
fr b, REILUAREZNMER-BERHA 12 x 1218 ‘B, H “GRX" ARFEBRHAEGT
RENBERHENGEE (HAFEE o FILURAI LUAAX—EENRGRNE G — P s, X
PRAEZBZIHMFNEEIR, BRMNABRENTREN, RUERE - M ER-BEEEREE
EXBY

HXE—PNLARBHNR, BESIHTHE M. METERERED & 20 MNMRIZAVKE
BT, PRI ZPNER-IBEESE 20 x 20 x 12 M. #IFEIKN1E 20 B2 BRAEGREA
BEM-BREE, MARE—TER-ESERITHEERR. - 1MER-EGEENHEL
TR Z AN X E S BRI ANEGIE? Lfr L, BITRATX—BEFHNE ML TNENE
BB FFHRVARE 20 x 5 x 5 MAMETF S, BIFENR: F-DER-BEETHHER
FBEIPPFIEREEARE, BRERSENREERZEH,

A
- {EH tanh BUERE EAPFIEKEEL/LRIRE S tanh REE L2 — L S B R EE LT
BUBUER . HINEEBRRRASXLERN, HAKINEAEA SAEREF T AEHE. B

PINRHANEGRREOEN, XPMIAKEE—BTEIN. EXFHERT, WFE—MEERIEE 3 M
i, WETRMAEGPRLE. FEMNEREE, FHIEAFRIENSILRMREMeEs, BE—D
BENBBREZEFH.
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AL FA IR —LE A tanh (EAFATABUEREABIKRTL, REIIFERNeERETES
tanh BUEERINE Y, FFaiEA S EMERERNERNESE, BRI 20 MAK
Hi, AR 60 D RAINBRIIGEARE? MNRIRALEIIZRE] 60 MEAAERER? HE
¥ tanh M S BB G ME B RIDEMRMRELGS LK, EEHE 60 MEE. R
IRV RMILAVFEML, RE& I tanh MRS HEFHIRLE, BERLRERIIFERML,
IREER AR N4 tanh MR LUNSRISER? REES A S BEUS — MEMBNIIIGRE,
PRI T I ERE, FEMLRE? RERA N TEREIBSEMMELN, I
tanh iF SENFH. FE: XRE—MARIARE. MEIAMS, HHLEHREKSY]
#79 tanh MR, BATSESEMMBIKE, BIFRSHRE—17GE. T, &
5 R INIRENSIE LM BUERBE— NS, FIUEKNAFAZERNER tanh R ©

ERBELMRT: JME L, HITFEMNMEER ER—RAEIER 1998 16310 AIfd
B ZMER MBI, X PWERITA LeNet-5, FHFINT MNIST [Pl XAy#t—
TR FHMIRIBEMBENRZT MRIFHIEM. 5512, BRZMIA AL ME KA ELES
RB9HE

ERFFIGE, EFAIRE TR TT, FAEREBELERTMAR S BBUERE. it
W, BAPRFERBUEERLER f(2) = max(0, 2)o FlTFIIZR 60 D ERHE, FIERFN 1 =0.03, T
WRIA—LE L2 WEHBEREY), ERIEHEE A =0.1:

>>> from network3 import RelLU
>>> net = Network([
ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
ConvPoolLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
FullyConnectedlLayer (n_in=40x4%4, n_out=100, activation_fn=RelU),
SoftmaxLayer(n_in=100, n_out=10)], mini_batch_size)
>>> net.SGD(training_data, 60, mini_batch_size, 0.03,
validation_data, test_data, lmbda=0.1)

FEE—1 99.23% NN LEMHE, THEMBE T SENGER (99.06), M, EHFAER
BHEEAMETRBELERTHNE, EMERANTET S ERUEREINE, INFXFX
MNe] R EME IE L4 BT E Wa,

BT AFEBEBELMEEEREGFT S B tanh KE? Bal, HITIXMNEANERE—
MRERIERE, Lirt, BEEGMBERRTEIE/NEAFBH ZER. R4 XANRERZ
DEAKIEN: — A AEEETERREBSAANNEHABERBELERT ., Mi1EDE
FEHIRENEIE TRIFNER, HEELHEEF T, 2—MIEENERS, RI1E5—E
WHEIRBRNTAT AN BEFEMAFNRERE. EERIRINRMNBXFENERHREE—
FRENEK, WREDEFE—PEFIEERECKES T HE—THNERSH, B—REAER

TSEFEMREI LU activation_fn=tanh fEA—NESEUIEHLEA ConvPoollLayer # FullyConnectedlLayer 2o

PHRFRIAEIAR o (2) = (1 + tanh(2/2))/2 KHT o

'®"Gradient-based learning applied to document recognition”, ¥E# 79 Yann LeCun, Léon Bottou, Yoshua Bengio,
0 Patrick Haffner (1998), 4T EBRETE, BAELH, FHMNHMEFIERERFINLEIEEEMN.

V—NEEMIERR max(0, 2) 7T 2 BRARRE RSB, FM& S BMET, MXEMTFEELMRTIHEF S,

FEFINLE, X—BHERY, BAE—MFARNER, BEHNE—D X NHE. FIERIMNEEF-_EEiTied
TBABYIE)EL,
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http://yann.lecun.com/exdb/publis/pdf/lecun-98.pdf
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AR, REH/BERKLTEE, —PRRABEREIBCREF L. oK, HIMLHAT
BIREREZLLWAA ERIERE,

T RINGEIE. S—MBREREHERN B EZRUE ALY BIIGEE. ¥R
HEHEN—RBNEERSMIGEGRE-—MRERAE, TEBL—TERER, —1EE,
EB—MERER, SBEL—MER. FATPILUBITE shell IR HITITIZR expand_mnist.py KX
P8

$ python expand_mnist.py

EITXMERFENF 50,000 18 MNIST JIZREGFHT B AES 250,000 18)IZREGRAVYII4R 5.
SAEFATRI UE AR EYIGEGARINGINNEE, FRIPRFERN EE—FRESBELES
TORIMES . TEFANIERISRIL T HR D TYIRIEACHIRERE — XIHEE, HARIIEINE 5 &
IR, BEXMLE, ¥ EMIEERERISMELD T IEMUSHEE, PIE, EM7T —EK
Jja, BERAERIZK 60 MEUH. ABESF, LIS

>>> expanded_training_data, _, _ = network3.load_data_shared(

"../data/mnist_expanded.pkl.gz")
>>> net = Network ([
ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
ConvPoolLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
FullyConnectedLayer (n_in=40x4x4, n_out=100, activation_fn=RelLU),
SoftmaxLayer (n_in=100, n_out=10)], mini_batch_size)
>>> net.SGD(expanded_training_data, 60, mini_batch_size, 0.03,
validation_data, test_data, lmbda=0.1)

FARYT BEMINGHSIBREVE T —1 99.37% BN ERR, FrLUX N F 2B ERR
THEDREHE LR T —NEENOGH, EXLLE, FUORFIETITCN, XMUBEEER
IERHENEETUEH—F, RER—EFEHITICHNER: 7£ 2003 &£, Simard, Steinkraus
A Platt"® 8 A— ML E0E T #1189 MNIST MAE, KET 99.6%, X PRLKZUE T AT
HNNIEEEM, ERARNER-BEE, BE—TEE 100 MEE TR eEEE. Tt
IIAZRME R — L4 L8R E — Gl & B R BB IELE R T — BRSO EEN
FERT RIIGEIE, 0BTk, UBMAs MNIST JIEBEGRY B, tilEFLg7 —"
UM BURIE, —FRBINE— AT R FIA AR R BT HEFE XER
12, MBS G IN T YIEEIRN B RENE, MmXT2MITMELAE 99.6% HEHEMN,

7] R
- ERENRERU—MBEEEGAENARMEERN, BE LA AIRE, 7AMm, A
HEEFT AT, MEEEFIEE L, MESHENTAXI G LESIE?
BA— TN 2ERR: RTRMISEEIE? —Mu et 2ERAN LETE2ERNE
expand_mnist.py BIREEE] LAMIX EFREY,

"9Best Practices for Convolutional Neural Networks Applied to Visual Document Analysis, ¥EZ& 9 Patrice Simard,
Dave Steinkraus, #1 John Platt (2003).
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https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/src/expand_mnist.py
http://dx.doi.org/10.1109/ICDAR.2003.1227801
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F, BRI B2EEENA&E, Fitd 300 A 1,000 MELETT, DFIEIET 99.46% M 99.43%.
XEEB, BEWFHEMNER (99.37%) HAE— NS AERE,
BIN—PEIMDEREEER? ERIMTAEBA— I 2ERE, XEFERMERD 100 N
BEAAZTTHEER:
>>> net = Network([
ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
ConvPoolLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
FullyConnectedLayer (n_in=40x4x4, n_out=100, activation_fn=RelU),
FullyConnectedlLayer (n_in=100, n_out=100, activation_fn=RelU),
SoftmaxLayer(n_in=100, n_out=10)], mini_batch_size)
>>> net.SGD(expanded_training_data, 60, mini_batch_size, 0.03,
validation_data, test_data, lmbda=0.1)

XIEBES— 99.43% BOMIVERE, B—RK, ¥ EENNEHFSEENLKEZ, B17E
PAB9TE, FEE 300 #1 1,000 NEEHRE TR ERE T E 99.48% M 99.47% NER, XE<
ASEN, BMATRZ— 1 EIERAEMEIBEF,

XEBEETHAE? ¥ EY, HEJIIMISEZEENX MNIST ZEEIE? s&in, i)
HIME B RENMISEY, BRMNERBEIENARFS? Fig0, WiFFRITLUIBERE BT
UERRBNIEMEHNED, —MOgEMRE—ENENFNE R, CEFNNERTEZ
RSB A bR IR BUEE, XPEEEN BREIENERLE R, FEIEARKE
BRI TIAEIRIE R, LRI EN AR EIREZNEEEER!

>>> net = Network([
ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
ConvPoollLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2),
activation_fn=RelLU),
FullyConnectedLayer (
n_in=40x4x4, n_out=1000, activation_fn=RelLU, p_dropout=0.5),
FullyConnectedLayer (
n_in=1000, n_out=1000, activation_fn=RelU, p_dropout=0.5),
SoftmaxLayer (n_in=1000, n_out=10, p_dropout=0.5)],
mini_batch_size)
>>> net.SGD(expanded_training_data, 40, mini_batch_size, 0.03,
validation_data, test_data)

AT, HNEET 99.60% WAERE, X— " EEZNBHERNITESRNHL, LEZ
BNEENEAE, BB 100 NREHRETHNE, HPBI1KAET 99.37%,

BERMES IR,

B4, BoRL TINGERENHES 40. FEARLD THEMS, FIUBINFIESER,

Hox, £EZBREES 1,000 MEETT, FEZBIEHAN 100 T HR, FIENFNEN
AR TIRZMETT, T —LY T2 IFEAMY, PR, Filad A 300 # 1,000 RS
JCHYSELG, FE 1,000 MEEEET (ARG BS T BFsIIEEEE,
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ERA—MASHME: — MERIHE—TREMEN G AR/ L MEMLS, REILE]
REFATERTH DL, 180, BIEBIER RN ATVNET 5 M ERNHENLS, &R
TEAET 99.6% BUERE, REMNEHSEREUAERZK, M RAIEER N BERIREYIIB I
EREWEIR, EX 5 MNEFHITRIEERBE— M T EIMMNEN DL, MFEEEEN,

X EEXE T, TMEEEN, EEXMAEAEGHNAINEBREMEFNETHEEF I AEIRA
HEH. MEMETETEH—PHNE: BIREZEFET 99.67% BERE, 5w, i
HIMEAESIEFRDETERT 33 NZINRE 10,000 M E R,

FRPNMRETHEIRERE FE. A LANIIE 2RI NMIST BUBHNEMMN DI, mA
TRNIRE R E G ML H H.

6 8 B [ 9

&) %519.<)1)4.9)]).
|]| )& 5] L]|).
W2 () 5] a., ¢
4./ 7]2] 2] %4

Leg]
-]

¢
o
7

-3
2| h |2l (
S8/,

2

Fil

£

EBEEEFHAEEXL, FERIEFE, — D6 M—15, BHINMNHNASIENEENHER, A
m, el LIEERNEIR, ALXBRIC. AP 6 MEBELEABE—10, MEPSELEE
B—"1 3 FZRER, EME—8, ERERLFLEGR— 9% PIUXERIEENZES
XA AN ELERTBHEXERFHIAMBSEY. »—HE, FHEER, BP6, WKREL
ERRNNBDEE T -

NEFSF. ARZHER FRNNEERE LXZVEEERN, ME—EER MRS
NEXEHFIABTE. SEMms, RINVMEREE-AIERE, FAIRIMUNENE
HnERy 9967 EKEF, XBREET. AXMERT, XENNEMBEIRIAFE R UERE
e BEE—TMHONABZERIEER. FHEFZINNRE-TPEEZHAONEFENAT IS
Bifo TR EEZIT ALRIIERE.

AT ABNINSERENAFNR . WRMMFAE LEORE, RIS EMEH
SRR ONABTHEN, MAEERR. RN LM UEERE ENAB—PEMNER. B
B, KRR E: SMEAREIARNARNN TIENGHRT. REREENERKE
IR BERFIMBPERPF S, XEMT AR REEREINFEETREEFR. T
MRV EBVERNAECIEN, HIE0FN.
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Ww—%:. HABEEEETE MNIST L& MHEE. Rodrigo Benenson ;L 4% 7 — 10 2L &S 01 E,
ERXJIVFNHE, BETIEXHHEE, XEENFLERAREESRNG, SHITELERN
WMEEAR . RIMARNEZREX LR LI FLEBIEA, HEMRAERTFTRMEF—LE,
WRITXAEM, BASMUERM— B BBIEER IRIRINGHIINES AL, BB FIRER
T RRIETE R ERE,

BASBR XD IR R REBOANE. BERAEFAEE NI BE—F Ciresan.
Meier. Gambardella. #1 Schmidhuber FrE /I 2010 Fig X0, RENXEIEXW A EE 2N
tiEE, EAPINER— N FLENBENS, NER2EEE (RBERE). til&mI
HIMLEE D RNEEE 2,500, 2,000, 1,500, 1,000 F0 500 L THIBRREIE. M 1EAEA Simard
LA LR BAMIINIGEEE. BRT XL, tIEEREENEIE, 815865
RE: XB—INEW, BRENMNE, XFNNEINREEBENML, B UE 80 FEHEI
% (IR MNIST #IBEEEEE 7), RN BEBNITERE . MI1AEI T —1 99.65% HY
DR, HEFONFHN—F. EXBEERA—TEREXR, FERNNE, HEFEHR—
R GPU RIIERINER. XILMITINGER T R Z MK HR. 1B F A 7 A8 KIIZRBY B 5RE 4
HREFSIREM 1072 B NE 1075, 115 B— MBIV ZRIRILEE i ]S RE NMEE BB R,

AT AFNEBRBINE? HNEL—FE TR, ZENHZNEFHNELRERS. K=,
HIMNEINBERERESITREN: SRMNNBHEEHEEEE, BEERTHER (XD
BRERE) SUEIE (RIFBIBERER) . BT HEEHINIARINGHEN, X=FHR.

FAT A0 fereE X L A5 2R ?

S, BERERNRBLOEXLELER, Bk, HIMNELMT —EFHI5, HBEIRNUSHT,
Ral: (1) ERSRERAHELD T XERFNSHEGRE, €FINETESS; (2) &
REZBBENIITEMEAR (TERARNERE) KD IENG, SNEEEERAIMNE
PEF LR, (8) EREBELMERTMARESBEHET, KINR) LK — KIEZXREER
3-51&; (4) £ GPU FREE K EIBIIZ. KrlE, ERMN&EEHEREF, FITNET 40 D
EER, EA— 5 BT RELIERN MNIST ISR EERNEIESE. TABaE, RINTZARG
LRI T 30 MERE. E5REE 3) M (4), HEIHRIIZR T LLLIAT 30 E <RIBS El,

R RNAIRER: “FAXEF? KRR TR REMBREMHEHER? NHTAEN
1N i

478, RNEELEATHEERE: MARDANMIESE (W T ERIEMNS); ERER
RO I CRTBBRFSIRIR) ; ERAFRINENIRNE (BN T BREAHEITIEN SR
FIRER) ; UEELRY BIIGHE. RIERAETHRINE T XEME L, FEAST
NWABDELPUERAXERET, MAFERE T

BT XA, XENE—EMLABERNIEE. AAHSERINESR, BIREERKR. NTRE
FILRFFEES!

XEREESR? BER-BLERFE—E, RIBLAWRNE 4 MR, XEH—
ERRZRIN— N RERED? B, 4 NEREEESTRIBEY INEEME. HLR
HAEHRE—MEEE, REBRE 2 MEE. B—FE, 2015 FEMRIRRNRE
R EITRE L+ MR, REFTEEARR “BHAER 08E, IANNRNIERL
ERENESENEL, BAMENSEERAES S, RERAXENSE, BHRNTE

2Deep, Big, Simple Neural Nets Excel on Handwritten Digit Recognition, ¥EZ& 3 Dan Claudiu Ciresan, Ueli Meier,
Luca Maria Gambardella, # Jirgen Schmidhuber (2010),
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http://rodrigob.github.io/are_we_there_yet/build/classification_datasets_results.html
http://arxiv.org/abs/1003.0358

6.3. BRI

BREFINEXERNZMBLERNE, REFIPLFHRRBINREICELEZN 1. 28
MM Z TR BITH, XEFREMEEE 2000 FHESERE. XHLZE—NERHNRE,
AR TEZEREKRXNEENRER, B2, BERNMEHTREIENEANmXR. &
I, ERERENMEE—MAREESIMEMBR TR — fIIEFsI) FEHER,

—EREMIIAE: EX—TH, HNINBDRBERLEMNSIRM IR E 2 E SR,
X—MAFREZ ! BT — DR, EhREkn, HIMSE T . WRIRFIBRE, A
DURIEFBAIZ2E2R AT, RERZ, Z2MHE—NEEIHRR, IR TIFLZERE
BT ERNAIELE, XNEEIRRE, HEEEPIMERINRERRDE, BetENK, %
REARTENRT. BIS— 1R, Al LIFMNEZSI REIREMNIRAINEIR, BRER”RT. &
KB, RN IZFT =M BES ZRIKL, N T INRX—#E, RAIgERRILEIHE =FX T
PIER—PEEZNENBESERNNESEREE), BFHE —ER— N\ ThpE—D FHIRRE.

6.3 HIRMHBNNE

Q%T, f%E%%Eﬁﬂ]E@%*RM?%T‘%EQ; network3.pyo ¥T$E§E) EF%%W?’ETL‘A? network2.py,
REDTHEER, ARNNMERT Theano, BEFRINIKE rullyconnectedLayer 2, XEMUTFIK
M2 BNTIEABLL I LR, TEEE

class FullyConnectedlayer (object):

def __init__(self, n_in, n_out, activation_fn=sigmoid, p_dropout=0.0):
self.n_in = n_1in
self.n_out = n_out
self.activation_fn = activation_fn
self.p_dropout = p_dropout
# Initialize weights and biases
self.w = theano.shared(
np.asarray(
np.random.normal(
loc=0.0, scale=np.sqrt(l1.0/n_out), size=(n_in, n_out)),
dtype=theano.config.floatX),
name='w', borrow=True)
self.b = theano.shared(
np.asarray(np.random.normal(loc=0.0, scale=1.0, size=(n_out,)),
dtype=theano.config.floatX),
name='b', borrow=True)
self.params = [self.w, self.b]

def set_inpt(self, inpt, inpt_dropout, mini_batch_size):

self.inpt = dinpt.reshape((mini_batch_size, self.n_in))

self.output = self.activation_fn(
(1-self.p_dropout)*T.dot(self.inpt, self.w) + self.b)

self.y_out = T.argmax(self.output, axis=1)

self.inpt_dropout = dropout_layer(
inpt_dropout.reshape((mini_batch_size, self.n_in)), self.p_dropout)

self.output_dropout = self.activation_fn(
T.dot(self.inpt_dropout, self.w) + self.b)

def accuracy(self, y):

"Return the accuracy for the mini-batch."
return T.mean(T.eq(y, self.y_out))

_init__ ARBIRER D ER I UL B R, XEBLE AR, HIRIBESD HiE
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MAEL T NEMBE. PR XMREN—ITERERAIBERITA, BEXREHITHA
WNENREE Theano FAABHNHEZL 2, XFO UBERXLETE0]/T GPU RFHTAIE, XY
O RAVEETRR . WIRENMER, BILIEE Theano IS Y, MXMHIBUHNARBEE TR
sigmoid BUEREILITH (B0XE), BENERE, BIIVBUNENRENBIERERN
BUEREL (W tanh A Rectified Linear Function) #1TIAE, XNME FEBEEFSHEHTTITIC.
FIET7% __init__ Ll self.params = [self.w, self.b] &R, X ZEMEEEFINSEHEI
F—i2o M, Network.scd FIESTER params BIHEFRBEMEZILHHHATERTUFS,

set_inpt H7AARIKEIZENRN, FHITEMBENBIBH. FAER inpe MAE input ETE python
Finput 28— TRERE. IRFRERE, HAIIECRATUNEIIT, XTHILBIRRHEYE L
Efio SERTAIPr LR A TIZEBERNALY: self.input M self.inpt_dropouto EAYIZRETEA]
BIREE(#E S dropout, SNSREA dropout, AEBIGENNEFHIMIER sel1f.p_dropouto XFLETE
set_inpt Effe«]ﬁ”;ﬂ%:ff—} dropout_layer 1$§ZE’\J$O FFI'LX self.inpt_dropout *D self.output_dropout
EINGIIZRER, M self.inpt M self.output ATEEMES, LLUIEEIIEEMNNHERERY
FETE

ConvPoollayer M SoftmaxLayer ZETE MM Fullyconnectedlayer EX EAN%, FTLIEX) AL
HAIE, WMRIRBHE, AIUBSEARTREN networks. py BILH,

REXHE, HIIEREH—EEEBHMGENATE, BBE—S2MR, £ convPoollayer
SoftmaxLayer 1, FATRA THNNAENITEREBEERN. FIEHE, Theano I#EHTH
ERIRIELLFATITESET. max-pooling 1 softmax K%K,

ARIBEN, EFHISIA softmax layer BY, FHT&BITICWNAVIAUNENRE. HitH
FHENMNELITIEEN sigmoid F, BN EEREEEMNESHHRIVBUNE, BE2X1T
BARINBICHTEETXT sigmoid 7Tl (—EEETUAT tanh &t L), B2, HEERE
TRBVIR R X Ml B] LURTE softmax /& Lo FTLUS B —MTlBIEAN B XENIBT. 5
HER NG EEL, BXESKMENENRBEREN 0o X ad hoc B9iZ7E, (B
ALERFERIEPIRERENE,

5T, BINELEL TABEXTENSE, A4 Network ZEE2/EHFMIE? LEBHMNEBEE __inic__
FE:
class Network(object):

def __init__(self, layers, mini_batch_size):

"inTakes a list of ‘layers', describing the network architecture, and

a value for the ‘mini_batch_size' to be used during training
by stochastic gradient descent.

self.layers = layers
self.mini_batch_size = mini_batch_size
self.params = [param for layer in self.layers for param in layer.params]
self.x = T.matrix("x")
self.y = T.ivector("y")
init_layer = self.layers[0]
init_layer.set_inpt(self.x, self.x, self.mini_batch_size)
for j in xrange(l, len(self.layers)):
prev_layer, layer = self.layers[j-1], self.layers[j]
layer.set_inpt(
prev_layer.output, prev_layer.output_dropout, self.mini_batch_size)
self.output = self.layers[-1].output
self.output_dropout = self.layers[-1].output_dropout
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XA KER 2 2Rl LB FERRRY, self.params = [param for layer in ...] T RESEEN
SHIAGE— N FIRA, Network. 560 FHER R selt. parans KITE nework FRLTEREY
o M self.x = T.matrix("x") M self.y = T.ivector("y") MENXT Theano FTSLE x My, X
L ARERTMAMMEEE AL,

XERZ Theano HNEIE, FIUAZREITIEXLETEIEA T AR, EZHERNIEMZ
XERRTHELTE, MIFETNE HMNTUNXETSMBERZNRIE: RS, 7F
RREHEFSE, Kbrt, Theano R TREXNTSLEHITIRIFSE, WEHR. BAEREFF.
BREEEZHNEEBHITREN SHOEE, ERARAGEEEZ—TMERNTI. XXNTNA
BENEEE NEREE TMNEEMN T A LB M. FalR, BETFRIVTHEEX T WEEHIRF
Shtt. FEITEXT
init_layer.set_inpt(self.x, self.x, self.mini_batch_size)

BEBERIHN

FARBARLER— 1 min-batch MATUHITE), SHR/IERHIBA )N ABIEEIR
H. FRETENR, RIS serrx ETFR: XEERNBRNRITTELUFRBR (5
dropout #17E dropout) EMAMLS. for BT SEE ser.x B Network FIERFHITRIAE o
SRR TR UG YRR BRI output F output_dropout I, XEEHBE network B S TtHItHo

WMEFANBERE T Network RUAIRIGBH T, WLIMBEBCWEER soo HEHTIIERR.
PEEEXREK, BREEREMEFLBEIEES, SaEtE — L1

def SGD(self, training_data, epochs, mini_batch_size, eta,
validation_data, test_data, lmbda=0.0):
"""Train the network using mini-batch stochastic gradient descent."""

training_x, training_y = training_data
validation_x, validation_y = validation_data
test_x, test_y = test_data

# compute number of minibatches for training, validation and testing
num_training_batches = size(training_data)/mini_batch_size
num_validation_batches = size(validation_data)/mini_batch_size
num_test_batches = size(test_data)/mini_batch_size

# define the (regularized) cost function, symbolic gradients, and updates
12_norm_squared = sum([(layer.w*x*2).sum() for layer in self.layers])
cost = self.layers[-1].cost(self)+\
0.5+xlmbdax12_norm_squared/num_training_batches
grads = T.grad(cost, self.params)
updates = [(param, param-eta*grad)
for param, grad in zip(self.params, grads)]

# define functions to train a mini-batch, and to compute the
# accuracy in validation and test mini-batches.
i = T.lscalar() # mini-batch index
train_mb = theano.function(
[i], cost, updates=updates,
givens={
self.x:
training_x[i*xself.mini_batch_size: (i+l)*self.mini_batch_size],
self.y:
training_y[i*self.mini_batch_size: (i+l)*self.mini_batch_size]
)
validate_mb_accuracy = theano.function(
[i], self.layers[-1].accuracy(self.y),
givens={
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self.x:
validation_x[i*self.mini_batch_size: (i+1)xself.mini_batch_size],
self.y:
validation_y[i*self.mini_batch_size: (i+1l)x*self.mini_batch_size]
D)
test_mb_accuracy = theano.function(
[i], self.layers[-1].accuracy(self.y),
givens={
self.x:
test_x[i*self.mini_batch_size: (i+1l)xself.mini_batch_size],
self.y:
test_y[i*self.mini_batch_size: (i+1)*self.mini_batch_size]
D)
self.test_mb_predictions = theano.function(
[i], self.layers[-1].y_out,
givens={
self.x:
test_x[i*self.mini_batch_size: (i+1)xself.mini_batch_size]
1))
# Do the actual training
best_validation_accuracy = 0.0
for epoch in xrange(epochs):
for minibatch_index in xrange(num_training_batches):
iteration = num_training_batches*epoch+minibatch_index
if dteration
print("Training mini-batch number {03}".format(iteration))
cost_ij = train_mb(minibatch_index)
if (iteration+l)
validation_accuracy = np.mean(
[validate_mb_accuracy(j) for j in xrange(num_validation_batches)])
print("Epoch {0}: validation accuracy {1:.2
epoch, validation_accuracy))
if validation_accuracy >= best_validation_accuracy:
print("This is the best validation accuracy to date.")
best_validation_accuracy = validation_accuracy
best_dteration = iteration
if test_data:
test_accuracy = np.mean(
[test_mb_accuracy(j) for j in xrange(num_test_batches)])
print('The corresponding test accuracy is {0:.2
test_accuracy))
print("Finished training network.")
print("Best validation accuracy of {0:.2
best_validation_accuracy, best_iteration))
print("Corresponding test accuracy of {0:.2

AIEJVITIRER:, RKEIEEDME x My Wakn, AitEEs M EEET/ ML ETIENHE.
BETROITEMERR, XUAIT Theano BBRRHE. BAKINTMBRITHE—T:

# define the (regularized) cost function, symbolic gradients, and updates

12_norm_squared = sum([(layer.wx*x2).sum() for layer in self.layers])

cost = self.layers[-1].cost(self)+\
0.5*lmbda*x12_norm_squared/num_training_batches

grads = T.grad(cost, self.params)
updates = [(param, param-etaxgrad)
for param, grad in zip(self.params, grads)]

XJUAT, BORFS i BTSSR BRI RER, THRERHPHETHNNS
W, URNSEBEF TN Theano iL (BT X LITRLREBE RIS X LR, MHE—IR
BBIRITE cost BE—PNEIE cost 7ARNBA; ZABTE networks.py REMIMTG, B,
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BZARBREMAR S, B7TEXEEXIFIARA, TEMEEX train_mini_batch EKE, IZ
Theano TS EKETELE € minibatch 5 |MI1ER NER updates KEBHT Network FIEE, UMD,
validate_mb_accuracy *D test_mb_accuracy 1+§T£E%‘\26EE’\J minibatch E)\JgﬁlE%*D /Wlﬁ%éi
Network RERE . B XERIOHITFY, TR IHERNLIEEMNNHEIESE ErYER
Eo

seb 7 AR TRISLE P L BAERR T — BAIRORECHITIAN, EEFEAI
FRRIIERWNLS, ITBEIIFEMNHE FRVERE,

F7, BNELIEMET networks.py FUIBRARZHNEER D, LRNEBENMER, RTH
IO FAMIE T XERE, BRENZEZHEBENTE, FHERRNHARIBL UL BIRFE A
P9EL. ERRABIRIFI A RIS, BINEFIMIISIEEE EFALRARE/RIA AR
BEMENEHTANRIE. RBEE, RMNAET —EXNPFENEN, X) L2532

"

GEER ML E

network3.py

A Theano-based program for training and running simple neural
networks.

Supports several layer types (fully connected, convolutional, max
pooling, softmax), and activation functions (sigmoid, tanh, and
rectified linear units, with more easily added) .

When run on a CPU, this program is much faster than network.py and
network2.py. However, unlike network.py and network2.py it can also
be run on a GPU, which makes it faster still

Because the code 1is based on Theano, the code is different in many
ways from network.py and network2.py. However, where possible I have
tried to maintain consistency with the earlier programs. In
particular, the API 1is similar to network2.py. Note that I have
focused on making the code simple, easily readable, and easily
modifiable. It is not optimized, and omits many desirable features.

This program incorporates ideas from the Theano documentation on
convolutional neural nets (notably,
http://deeplearning.net/tutorial/lenet.html ), from Misha Denil's
implementation of dropout (https://github.com/mdenil/dropout ), and
from Chris Olah (http://colah.github.io ).

nin

#### Libraries

# Standard library
import cPickle
import gzip

# Third-party libraries

import numpy as np

import theano

import theano.tensor as T

from theano.tensor.nnet import conv

from theano.tensor.nnet import softmax

from theano.tensor import shared_randomstreams

2172 GPU L/ Theano AlRERE SE, H3t, REZEM GPU PHIEAURS HIIHIR, XARERIIEITE
FHEEE, REZRESRHUXENER, ERUTEEETAET REEI—LRH, X FIRITEEMRE
BHEMERNFAESIT (mn@michaelnielsen.org)
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from theano.tensor.signal import downsample

# Activation functions for neurons

def linear(z): return z

def RelLU(z): return T.maximum(0.0, z)
from theano.tensor.nnet import sigmoid
from theano.tensor import tanh

#### Constants
GPU = True
if GPU:
print "Trying to run under a GPU. If this is not desired, then modify "+\
"network3.py\nto set the GPU flag to False."
try: theano.config.device = 'gpu'
except: pass # it's already set
theano.config.floatX = 'float32'
else:
print "Running with a CPU. If this is not desired, then the modify "+\
"network3.py to set\nthe GPU flag to True."

#### Load the MNIST data
def load_data_shared(filename="../data/mnist.pkl.gz"):
f = gzip.open(filename, 'rb")
training_data, validation_data, test_data = cPickle.load(f)
f.close()
def shared(data):
"""place the data into shared variables. This allows Theano to copy
the data to the GPU, if one 1is available.

nin

shared_x = theano.shared(
np.asarray(data[0], dtype=theano.config.floatX), borrow=True)
shared_y = theano.shared(
np.asarray(datal[l], dtype=theano.config.floatX), borrow=True)
return shared_x, T.cast(shared_y, "int32")
return [shared(training_data), shared(validation_data), shared(test_data)]

#### Main class used to construct and train networks
class Network(object):

def __init__(self, layers, mini_batch_size):
"""Takes a list of ‘layers’, describing the network architecture, and
a value for the ‘mini_batch_size  to be used during training
by stochastic gradient descent.

mwn

self.layers = layers
self.mini_batch_size = mini_batch_size
self.params = [param for layer in self.layers for param in layer.params]
self.x = T.matrix("x")
self.y = T.ivector("y")
init_layer = self.layers[0]
init_layer.set_inpt(self.x, self.x, self.mini_batch_size)
for j in xrange(l, len(self.layers)):
prev_layer, layer = self.layers[j-1], self.layers[j]
layer.set_inpt(
prev_layer.output, prev_layer.output_dropout, self.mini_batch_size)
self.output = self.layers[-1].output
self.output_dropout = self.layers[-1].output_dropout
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def SGD(self, training_data, epochs, mini_batch_size, eta,
validation_data, test_data, lmbda=0.0):
"""Train the network using mini-batch stochastic gradient descent."""
training_x, training_y = training_data
validation_x, validation_y = validation_data
test_x, test_y = test_data

# compute number of minibatches for training, validation and testing
num_training_batches = size(training_data)/mini_batch_size
num_validation_batches = size(validation_data)/mini_batch_size
num_test_batches = size(test_data)/mini_batch_size

# define the (regularized) cost function, symbolic gradients, and updates
12_norm_squared = sum([(layer.w*x*2).sum() for layer in self.layers])
cost = self.layers[-1].cost(self)+\
0.5+xlmbdax12_norm_squared/num_training_batches
grads = T.grad(cost, self.params)
updates = [(param, param-eta*grad)
for param, grad in zip(self.params, grads)]

# define functions to train a mini-batch, and to compute the
# accuracy in validation and test mini-batches.
i = T.lscalar() # mini-batch index
train_mb = theano.function(
[1], cost, updates=updates,
givens={
self.x:
training_x[i*xself.mini_batch_size: (i+l)*self.mini_batch_size],
self.y:
training_y[i*self.mini_batch_size: (i+1l)*self.mini_batch_size]
1))
validate_mb_accuracy = theano.function(
[i], self.layers[-1].accuracy(self.y),
givens={
self.x:
validation_x[i*self.mini_batch_size: (i+1)*self.mini_batch_size],
self.y:
validation_y[i*self.mini_batch_size: (i+1l)*self.mini_batch_size]
1)
test_mb_accuracy = theano.function(
[1], self.layers[-1].accuracy(self.y),
givens={
self.x:
test_x[i*self.mini_batch_size: (i+1l)xself.mini_batch_size],
self.y:
test_y[i*self.mini_batch_size: (i+l)*self.mini_batch_size]
b
self.test_mb_predictions = theano.function(
[i], self.layers[-1].y_out,
givens={
self.x:
test_x[i*xself.mini_batch_size: (i+1)*xself.mini_batch_size]
b
# Do the actual training
best_validation_accuracy = 0.0
for epoch in xrange(epochs):
for minibatch_index in xrange(num_training_batches):
iteration = num_training_batches*epoch+minibatch_index
if diteration % 1000 == 0:
print("Training mini-batch number {0}".format(iteration))
cost_ij = train_mb(minibatch_index)
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if (iteration+l) % num_training_batches == 0:
validation_accuracy = np.mean(
[validate_mb_accuracy(j) for j in xrange(num_validation_batches)])
print("Epoch {0}: validation accuracy {1:.2%}".format(
epoch, validation_accuracy))
if validation_accuracy >= best_validation_accuracy:
print("This is the best validation accuracy to date.")
best_validation_accuracy = validation_accuracy
best_diteration = iteration
if test_data:
test_accuracy = np.mean(
[test_mb_accuracy(j) for j in xrange(num_test_batches)])
print('The corresponding test accuracy is {0:.2%}'.format(
test_accuracy))
print("Finished training network.")
print("Best validation accuracy of {0:.2%} obtained at iteration {1}".format(
best_validation_accuracy, best_iteration))
print("Corresponding test accuracy of {0:.2%}".format(test_accuracy))

#### Define layer types

class ConvPoollLayer (object):
"""Used to create a combination of a convolutional and a max-pooling
layer. A more sophisticated implementation would separate the
two, but for our purposes we'll always use them together, and it
simplifies the code, so it makes sense to combine them.

1

def

__init__(self, filter_shape, image_shape, poolsize=(2, 2),
activation_fn=sigmoid):

"t filter_shape® is a tuple of length 4, whose entries are the number

of filters, the number of input feature maps, the filter height, and the

filter width.

‘image_shape” 1is a tuple of length 4, whose entries are the
mini-batch size, the number of input feature maps, the image
height, and the image width.

‘poolsize’ is a tuple of length 2, whose entries are the y and
x pooling sizes.

mwn

self.filter_shape = filter_shape
self.image_shape = 1image_shape
self.poolsize = poolsize
self.activation_fn=activation_fn
# initialize weights and biases
n_out = (filter_shape[0]*np.prod(filter_shape[2:])/np.prod(poolsize))
self.w = theano.shared(
np.asarray(
np.random.normal(loc=0, scale=np.sqrt(l.0/n_out), size=filter_shape),
dtype=theano.config.floatX),
borrow=True)
self.b = theano.shared(
np.asarray(
np.random.normal(loc=0, scale=1.0, size=(filter_shapel[0],)),
dtype=theano.config.floatX),
borrow=True)
self.params = [self.w, self.b]
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def

set_inpt(self, inpt, inpt_dropout, mini_batch_size):
self.inpt = inpt.reshape(self.image_shape)
conv_out = conv.conv2d(
input=self.inpt, filters=self.w, filter_shape=self.filter_shape,
image_shape=self.image_shape)
pooled_out = downsample.max_pool_2d(
input=conv_out, ds=self.poolsize, ignore_border=True)
self.output = self.activation_fn(
pooled_out + self.b.dimshuffle('x', 0, 'x', 'x'))
self.output_dropout = self.output # no dropout in the convolutional layers

class FullyConnectedlLayer (object):

def

def

def

__init__(self, n_in, n_out, activation_fn=sigmoid, p_dropout=0.0):
self.n_in = n_in
self.n_out = n_out
self.activation_fn = activation_fn
self.p_dropout = p_dropout
# Initialize weights and biases
self.w = theano.shared(
np.asarray/(
np.random.normal(
loc=0.0, scale=np.sqrt(l1.0/n_out), size=(n_in, n_out)),
dtype=theano.config.floatX),
name='w', borrow=True)
self.b = theano.shared(
np.asarray(np.random.normal(loc=0.0, scale=1.0, size=(n_out,)),
dtype=theano.config.floatX),
name='b', borrow=True)
self.params = [self.w, self.b]

set_inpt(self, inpt, inpt_dropout, mini_batch_size):
self.inpt = inpt.reshape((mini_batch_size, self.n_in))
self.output = self.activation_fn(
(1-self.p_dropout)*T.dot(self.inpt, self.w) + self.b)
self.y_out = T.argmax(self.output, axis=1)
self.inpt_dropout = dropout_layer(
inpt_dropout.reshape((mini_batch_size, self.n_in)), self.p_dropout)
self.output_dropout = self.activation_fn(
T.dot(self.inpt_dropout, self.w) + self.b)

accuracy (self, y):
"Return the accuracy for the mini-batch."
return T.mean(T.eq(y, self.y_out))

class SoftmaxlLayer (object):

def

def

__init__(self, n_in, n_out, p_dropout=0.0):

self.n_in = n_1in

self.n_out = n_out

self.p_dropout = p_dropout

# Initialize weights and biases

self.w = theano.shared(
np.zeros((n_in, n_out), dtype=theano.config.floatX),
name='w', borrow=True)

self.b = theano.shared(
np.zeros((n_out,), dtype=theano.config.floatX),
name='b', borrow=True)

self.params = [self.w, self.b]

set_inpt(self, inpt, inpt_dropout, mini_batch_size):
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self.inpt = inpt.reshape((mini_batch_size, self.n_in))
self.output = softmax((1l-self.p_dropout)*T.dot(self.inpt, self.w) + self.b)
self.y_out = T.argmax(self.output, axis=1)
self.inpt_dropout = dropout_layer(

inpt_dropout.reshape((mini_batch_size, self.n_in)), self.p_dropout)
self.output_dropout = softmax(T.dot(self.inpt_dropout, self.w) + self.b)

def cost(self, net):

"Return the log-likelihood cost."
return -T.mean(T.log(self.output_dropout) [T.arange(net.y.shapel[0]), net.y])

def accuracy(self, y):

"Return the accuracy for the mini-batch."
return T.mean(T.eq(y, self.y_out))

#### Miscellanea

def size(data):
"Return the size of the dataset ‘data’."
return datal[0].get_value(borrow=True) .shape[0]

def dropout_layer (layer, p_dropout):
srng = shared_randomstreams.RandomStreams (

np.random.RandomState(0).randint(999999))

mask = srng.binomial(n=1, p=1-p_dropout, size=layer.shape)
return layerxT.cast(mask, theano.config.floatX)
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£ 1998 &, BB MNIST HHIRIEH, IE—MERRIHBAN T, KAFBFEET
FAER GPU H AV L F—/ N FHEEA R R AR, B2 /LANE, Hitb, MNIST AE2
— MNMEDIME R ARGIAEE; Bk, IGEHNEEREKEEE2NETEERMNFZIENNREN
BH, StEN, MANESBLKER, IANIIESREEAEKSENEBZRIRGRM, £i1X
—h, REENB—LRONERHRENENEGIRGIR R,

X—NHEBIATEDABRE. BRFAPREPEARES EFANBNEBE — Ik@FE
. e, SR, ENHRELN, B REERILRIT-IMS, BEKENERE
M, ERIFR, XENRSTETREGERNEY, SIIZEmEL, ROBRANEm, £7F
e, —MREICEREESW: ‘B, HEREEEGIRDIFNELS 2RITBHNGFIE? E55
MEF=FF, —UIhSad, FIUEEXERSG R —EBBELNINAREMNER
BIRGER? A AETTRE?”

XERN—PMREICE BN, RIDIEXH—LEHENAT, EWIAANEEE SIS, B
TEREBRERD T FERRENESH ZRERMNEGIRGMESHIEIHT  BR—TF—1F
FHEFRE 2100 FEXTFIHENMREN ARG ©11SB 2011 F£X 2015 F (BFBIE/1LF) £
ENHBEREEWE RIS E ARBHIBE, BIHARFRERESIIMEIE 2100 FHIAW
5, EABRENAN. BEAMETEMATHS. EREALEKRE—NEENTEIETEL
4, BLIE, HEHIRHNAEH. EERGNRRETFHNEAD, IBZEMEZNELE: EBAEENHEA
BRFIR R FTUURERNIASRNEZIEAT, TR LB EERTHNS ANEHNREZERN.

2012 LRMD i£X: i BM—BREHBEMNAIAAZ/NEAR 2012 FEIEX P Hi5, BiE
XEWXHA LRMD, BYBEFIAIEETE, LRMD A —MRE ML KD HImageNet IE1E,
—MNEREEEGIMEIBEZIRG R, {thi1EA 2011 4 ImageNet 23EE S 16,000,000 184
FEEG, B 20,000 M, XEEGINEBFTFRIIMESE, BT Mechanical Turk RS
IR T D, XEH—L ImageNet B2

22Building high-level features using large scale unsupervised learning, Y84 Quoc Le, Marc’Aurelio Ranzato, Rajat
Monga, Matthieu Devin, KaiChen, Greg Corrado, Jeff Dean, #1 Andrew Ng (2012), ;B XIS RERAII
KEMTERZAT EMBITEEFINRESTRNERE, AM, —MN, LRMD EFRLZEMEE,

BXLEYE 2014 ERHUESE, HAL 2011 ENERNT. AMERNAE, XMEEERIEEEMUN. XTF
ImageNet FIIEIER] LIFERIAHI ImageNet 3£ ImageNet: a large-scale hierarchical image database B2, fE&H
Jia Deng, WeiDong, Richard Socher, Li-JiaLi, KaiLi, #0 LiFei-Fei (2009),

179


http://www.image-net.org/
http://research.google.com/pubs/pub38115.html
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XEREZENEFNELE. BRERE. RIFTHME LR, NRIMFEFR DI,
BB RAVIIR) ImageNet B9 T A%I%R, XPMHIRIERZE. 2. EABMREB—ITHE
EEIFEEMEEMERX D FRANEBIREAN, BREARREEOLKDFAEXLETAR
KA, XBAEZE—TLE MNIST EAEBEMERBEGRIRAIES. LRMD BIWERE 7 — DAY
15.8% BY/EHHZRIENT) 2 ImageNet BlfR. ABIT_EARIRERE S AHISRZ], BEMLUNNE
YFRk%T 9.3% EHZAELLELRERRIHT 7o XPREIEREMALNEBDITEERH—T KR
FERN Y ERE B AMEREGIRFIESS, tbil ImageNets

2012 KSHiIEX: LRMD FIYRLERE—ES Krizhevsky, Sutskever A Hinton (KSH) 24 B9 2012 £
30ERE. KSH NI —NRESIRMENL, ©FEA ImageNet HIEHN—MERHNF 5.
HIMERFERE —NRITHNEEF S FEE — ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC). FRA—MRFEANIIEEL T M1 —MEFNME B IR ALLRBE
2o ILSVRC-2012 JIEREBEH AL 1,200,000 18 ImageNet B, EXE 1,000 PMZs, IIEM
MR FEE%E 50,000 F1 150,000 EEE, FEEBREERN 1,000 ML,

IE1T ILSVRC HE—TEMEMNM S ERE ImageNet BIREE T Z MK, BRiE—IBER—
FHHHNZREZ— DN EKNE R, XIBERFTIE “IEMRY” ImageNet DXL ITFE—FKHIHAL
ZRo WR—NEEEBXNEBRIFEA— MR, ENZEINNE? BFXFE XM, NRE
FrBY ImageNet REE—PNEXINNRBOIEN 5 M LR, BAXDNEERRIAZIERHN,
BIXNE] 5 AE, KSH BURESTIRNEARE T —1 84.7% BUERHE, KARIFFAMNEES,
FEBIET 73.8% BERME, FAE™ENSFTEBMRCITE, KSHBRLEAE]T 63.3% 89
R,

BESA KSH L8885 7 BEE IR R, BENEEERA—T., FNRINEZIN, REEZEIEA,
TIEBEZOTX—ZPHVZFIENNLES, KSH FEH—MNREERHEMLE, £/ GPU £
ko MANERMIR GPU 2N SRERFEN GPU 1S (—3R NVIDIA GeForce GTX 580)
B RBNA EFHESRREFEENNLE, PRUMIIRRR GPU 1B 72 A MEB -

KSH MLEE 7 MBS TTE. 815 MeRERERE (BLEAERKANEERSR), ME FRW
2 FREEREER. BEEE—1 1,000 MRITHERMEEAER, WNTHB 1,000 MEGEN, X
EXNWEN—NEE], BB KSHIEX?, AFETEITE. ARFZERDM 2 2D, X
RF 2 B GPU,

j\-' -
£ 11K : AN
\ 107 183 178 2048 0as \dense
.": L] -~ o,
; N i, 13 \ 13
-] e i i 3 TE 13 dense dense
i L

192 192 128 mMax
Max 128 Max paaling

z2alistrig
af 4
3 48

MNBER 3 x 224 x 224 DELETT, W T—0E 224 x 224 EIRHY RBG 1B, [EIERIERE!
B, ImageNet BEBEFRNDPRNE R, X3lET—No&A, AA—MEENZNHBANZEE
%ImageNet classification with deep convolutional neural networks, &} Alex Krizhevsky, llya Sutskever, #0

Geoffrey E. Hinton (2012),
25387 llya Sutskevero
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http://www.image-net.org/synset?wnid=n03489162
http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf
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RETEAN. KSHBIENESIBEIGRGEERKMEPIENKER 256 SRKAIE, AFMIIMNERE
MBS FEETH—1 256 x 256 X IE. &G, KSH M 256 x 256 BIEG R FEHIIZENE 224 x 224
NFEHR FIKFERS). MWINEXMENNEEBIET BINGHENS X, XERDTEMRE.
XIE— M0 KSH BI AL R EHBEEER), 1ERIXEE 224 x 224 BEWA T WEHHEN. &
REHIER THIEENERINAB B RAIE G EZYA,

X KSH XA IFZiZ 0 BR— N2 AR, BRESRR T —L4T, NILRAUE T
Xo TREBILAE T Alex Krizhevsky BJcuda-convnet (RiZEEhRZA), ©E &8 LWXIFZ B8
RS, —NETF Theano BILI?°, KA LUEXERE,, REMFEAZ GPU RILBERTRFEZ,
BRIEASELRZBEMUFXERNE HRKIFBLE, Caffe HEMEERBWEE—D KSH MLERIR
A, #4500 Model Zoo,

2014 ILSVRC FFE: H 2012 FLLK, R—EEREREHRH, BE 2014 89 ILSVRC FFHo
2012 —#F, XRWEFET — 120,000 KEE, 1,000 #E5, MAERLEF 5 DIUNE
LESERNDIE, KA, TBREATY, FATES 22 EHELTHRESTMNSE,
II#RILE GoogleNet, YEAME LeNet-5 BUEEL. GoogleNet iIAZIY 93.33% BYRT 5 /HEHRE, il
2013 FRIFRMEE (Clarifai, 88.3%) #2012 FRVZRME (KSH, 84.7%)

A8 A GooglLeNet 93.33% HIEMERN B ZWFIE? 1L 2014 F, — MARBANMNE T —RXT
ILSVRC TEMNGRAXE?, HPENIHABALREX N TEFERNEUNA. I T HXHESE,
AR T — D RFLE AEXT ILSVRC B&#H 17935, EfEE 2 — Andrej Karpathy TE— =15
Y fRERRE, 1k AZEIRE] GoogleNet AIMEREH SR RINE

.. M 1000 MR FRPKIEE 5 M RIFCEGNESRERREFIEBEIESEEVEIER,
EEXN—LE AT ILSVRC MERRS L TE—E&BYE8IRZ=E ERIAR A 2 01th.
FHAFATLUREEIBEMAE [Amazon Mechanical Turk] o SAEFRNTEITIHIEER
ERRENVNARFE, RAEREART —IMREXREEFRIMFIEHRENOA (TR
FIFEAR) S50RERS. AEHFLRT —MER T OB GoogleNet F
RIDZREVLFIEEM 1000 B EIRE 100 EMRAKEET — KAKRIDIAKER
Mg IEFRVERIFAE] T 13-15% BEEIRE, RERBINIIATERS O
GooglLeNet, BRBIRMUERL T RFEBTHREENKRIIIGFIEUNRKEGEFH
BEIE.. ANEER# 1 MHRERR, BMENENERRLT.. BEEGRRS
105, RENELEEG (EWNRLEEMARSEENA, 5, B GFNRT) SFE/E
HEFIE . HTFEBBRKEFNINEM.. EFEBNDTFHESZEFEA, GoogleNet
DEMNRELE RN 6.8%.. HECHNRERZEN 51%, KYLL1.7% HEEMT,

MEZ, —PEREIINAE, FEAOMREERR, MERRNE A EBMSITIRE
LR, KPR L, Karpathy IEHE - PMARER, A/ RBVEIGERIIGE, REEEE 12.0%
BY top-5 $HIRE, BHESS T GoogleNeto AHIA —FMHIREE TR “MELULIMMIATE [EHHAY

==

KHRERMHA

BTheano-based large-scale visual recognition with multiple GPUs, #£%& J3 Weiguang Ding, Ruoyan Wang, Fei Mao,
A0 Graham Taylor  (2014),

% Going deeper with convolutions, YE# 4 Christian Szegedy, Wei Liu, Yangqing Jia, Pierre Sermanet, Scott Reed,
Dragomir Anguelov, Dumitru Erhan, Vincent Vanhoucke, I Andrew Rabinovich (2014),

2 mageNet large scale visual recognition challenge, ¥E# 4 Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause,
Sanjeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C.
Berg, #LiFei-Fei (2014),
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https://code.google.com/p/cuda-convnet/
https://github.com/uoguelph-mlrg/theano_alexnet
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http://www.clarifai.com/
http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
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http://arxiv.org/abs/1412.2302
http://arxiv.org/abs/1409.4842
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HEHLZLNRETHER, HE, EXTRRE, REBAMBIRS top-5 FHIRF LR LiFd
5.1%0 XAMEEFRAE LRIREM RSB BIALNARE, REXLEEMZRIFRE A0, B
RXFAREIEER MR, INRSEAR LBI T AL, FLEHIFXF, ILSVRC =
HEERESEHRREN — ERAANNE ERFEGHTBEERGRARIARE!
mMmH top-5 IEBRIFEATIRERN. HNEEGIR, HEBBFDZHIR, TENAN T ERIH
R, TERKNRBREE, SABIEEFHIXAZHE, E2REFENOHY.

HEEsh: EEXFET ImageNet, BEHEAE —LHMAERHBEMSHTEIERIRGIN T
Eo BAMBNB—LEHE,

—PNEEAOMN A ERERZE Google BI—MHBAMH SR, N ARESIRMNEE
IR% Google WESEGEHHSHF £, FEMNIAIESH, XTI 100,000,000 HEEHFH
BN BehE RAEL T EI S AXFAHELETHEE. RERERR: £— N EE
FIENESMFEHERT., MI1RE: “PBEXMHMEHIEELER EE1ES Google Maps fE—L&
ERMIBIEEE, THEIBLH/ DHMIBREIENMX,” MR T — 1 NE—ReH: “Fi)
REXMIE, BEMATRSNEARFREFSIR OCR A&, ”

KABEEEE T THR—FIENERT RS ANETNERSER, 2, Ba—LE8809H
RIEHIRE T —LHINELEBENERIRAMEN R, Hl70, 2013 F—REI1eXiEH,
REMEAEERTHBYICRNEW, BE NENET. ZNEH MW EF7D KM ImageNet &
%, AIIR— B TINESR (ERPEINREHTTIN) ARUEBEBERO L, FEL
M EIBE A EBFEEXEN “WFE BR, mIE SR,

Multi-digit Number Recognition from Street View Imagery using Deep Convolutional Neural Networks, E&4 lan
J. Goodfellow, Yaroslav Bulatov, Julian Ibarz, Sacha Arnoud, #1 Vinay Shet (2013),

ntriguing properties of neural networks, fE& 3 Christian Szegedy, Wojciech Zaremba, llya Sutskever, Joan
Bruna, Dumitru Erhan, lan Goodfellow, # Rob Fergus (2013)
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HXRB— N RANKHER, IEXERTE TR ZMAFTEMARY KSH iiE, REXIF
R MBI BRI IEIC LA EELRY, SRKRAELGATR, FJRESMEIRSZIFES
ESRRER, BREENE, MITRSUEBRNERNANEENES B0, 5, I
XX RESREHRNNERRSERER: BRMARBEXRA? HEFERE? NHZEMW
BEVERIE? IR EAM? Bl ]—EFA

BE, XERFELBITERXAIFA. RENFEGZLIN, ERAEKLFAZPHAE o
IEAMEXHEHBIARF

W F R OINFAEBRRMNMBEERE RIFBUZUEREEE. KirL, MRMER
DURIFHZ 1, REIXEXELX ) R F ROIEAFREM? #RE, WF
AL HIERBIBER B, EIENIRSERLFELLI, AN FROINER
£8 (BRBBEHHRE), FUSES NURFARMHI_ S,

AL MERERER AR T, XIEARBRAR, LENERNNEEHIAZAK
Ro ST, XFERFTR-NTEIBHFAME, EEL—RIIBHRAIIE flU, RE—KX
29 5, AE—MIGREFNEENSE, AUFENAZREZARENER, BEWEED
RHEBEMDERNE L, XUERNFTEEINIEEMLMENEGRIRAIN A LR .

BRBRIXAZHRYE, FIGEIEE A HEE T ERSEIRENEREEES LIRE
IER. FEEEKIRRANAER, FINmEREIINEREFIR. ERFEIE
e, (MXBREBEREEES, DHERGNANER, T8, HATERZRAMEIIN

3TDeep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images, fE& Anh
Nguyen, Jason Yosinski, # Jeff Clune (2014).
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R, BWETHELD, ENFEEGNEFENR, SXFRAMENRBEREFLIN (NER
R) B, BEEMERIMNEARISZEBRIRFDENEEZMRAIEET . XENRAKBBMEA
Qb S NN SEE I S

6.5 HthpREFIJRE

ERARTD, BINBEEMBEMNISTHFDERBA L, X— “T2EN RBALEITE
NIEBfR 7 —tesg KH9AESA: FENEEE T, BP, BN, EMHES, BEZRANEE
EEEEN, WRIFARIHENENARIEN, BARBERZXABHRGITICHEE:
RNN, Boltzmann Machine, £TVRE, THFS), BUFIESE - FF! (XET) @#E
ML R— D AN AT, REEBENREAIMERIPHRRITIBBBLEARELN T, 1
BTABHIAIREM £, OIgeRE—LRINNEEN, Eo LUERXLHWEET . FILUESR
T, HNAEXEREN—ENR, NBEASASIEBMATL, JEHASBEIN—HEEER
KR FER, XAPHRET BEEZRET. Ak, FHIETROTHEESREBEENB L,
SWEFEX NN =EFENRS, HE—LEENEEXBETamE SN AL,
RUSIEM—EEMEIFRRNERE, YR, BEAENEZEIUSBRRWEBIT, LU
ERFERENMPIARER. REXE, L2 RBFRLZ AR LEBEZ I EBAN R T,

BAHEMLE (RNN) : FERIGHENE R, PIHMPNBATESHE TR THE ENHETH
BUEE. JLER, XER—RBRSHNESR: METHNMESYERETE T, LT RS
g BPRES. BB, HEMAFMERBITREER LSS S AT BRIE, B0, FREitRETT
NITAFEREHA—ENRESEZT, MERERHTERENE ENMETHEEE, X
BESTRIBAIREEMERENMR, WMol EMEmt ENME Tl EErcEE2HY
AIBIMERINRE, MEES T aiEmNEARFM,

HEXENEEX TN SENETERIIMEMLE, E51ERNN. HAEFRENAR
RMEF ELAH RNN BIFENE Mo FRATUIBEAEE R LAY RNN N 4AREE RNN. EHRE1E
RPHEE, AEER ENATEY 13 M ARNELE, BRTHEAT, EN—RNEER,
RNN 2EFEIIH T BERT B shS Z AV RN, H2RZTIE, RNN FEM R FEIEA
T2 LR A . XENSENEREEREZIRIMBEAESRIERBRNHIHART R,

RNN # B EANEABAR, iR Turing MEERIZTES, MIHEELNEHTEHR £, X
£ 2014 FERESHRH T —Fh RNN B LLLL python 2R RIFERFEFEIENBN, X PFRAFR
Mg, BN, @Y F S FRIBERFLE python BNiZF. £ RICXERER 2014 £89, F
FA RNN SRiGIT—F#R 2 5 “w%2 Turing #17 B9IREL, XE—Mu@ a8 NS0 LUIERBE
TR, 1EEIILR NTM SRR —LefE @& L, thilnHFEES,

FEEMEXFIRED, XLEGIFEHBREERIRE, FRIT print(398345+42508) HAR
BELEMSEMM N —DIEEH python fi#RRES! W FXEARE, FIVGEHEHESZTHRARANN. &
WrH T EH. HEL, MENKELEFRRE L ERXMHIETNIRS 0 LR T —% 0,
FI, EHENBEEHERENEHFTERKPITIEE SIE LN, X EEASFERHEMLESRES
I Web fRE B EHIEFEREF. MAEBHENENEZNE LESNEE —TFE2IEEEMN,
RNN A1 RNN A BB & AT RERLA T TRV B, RNN Bt 7E Efthjn AR R PRI E1ER.
EIEEIRAIH, RNN 2E3IEMM. i, EF RNN 5%, BERESMIRSITER T ERE
B, EFEFAAARESN EBOHBERPEREINAE, EFNEsREEKREEBX DHE
SHEEBACLEE, Fld0, FRESEE, TSR] “toinfinity and beyond” Eb “two infinity
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http://arxiv.org/abs/1410.4615
http://arxiv.org/abs/1410.4615
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and beyond” BRIEEHIN, REMENAZE2MEEN. RNN EELEESRENRE ERIFT T
1EFo

FESIRFHNXTIARTHEL BT ERZINUNE RNN METE LA R EHLE WX
LN —E9D. Fla0, BEFEENEHN S EAEAMEIRCNESIEZIRG PREMENS
R, By, —PETFREMENRFABEELBTE T Google BY Android #21ERZH (3% Vincent
Vanhoucke #9 2012-2015 1£X) o

FNINHSET RNN BEMB9—/NEF 5, BRI MM IR T BIBE(RH N IERTEAImR
ZNEHR S EARFR LLBTE RNN A, BERE, T LUERSBE TREM BP FERENE
BORIIZR RNN, B EM—EEE i AWML, WIEMMAEAR, SR REEE
£ RNN RIEEBEM. BB FHI T PTIHEIRE ZFEARE R LUEEC— T RNN 175,

K5EHAIZIZ 8 7T (Long short-term memory units, LSTMs) : #2015 RNN B9—P Bk ik 2 a1EARY
RBSEHEINEL, BERLEIREEMNEEE, REMEH( T L —ERINTRESEN R,
EI8—TF, XNEERNBEEERIMEERBEBRNNEEEET /], XESFSHNEFS
EERKIE, 72 RNN X NRIAENELR, RABENOETERBERE, ERIENB#HT
R EERE, NRMLIETT T —BREKNEE, St BRERTRE, FAEKRA, FENE,
BI LS I A—MRAKEZERIZIZ (long short-term memory) B9E55i# N RNN A1, LSTM RRE 2
Hochreiter #1 Schmidhuber 7£ 1997 G432 H, Bl T R AX N AR EME E RV, LSTM 3£ RNN
YETERLYE SR, BZITHNe X (EERE LES HERE)#EA T LSTM S E B X8 %,

REEIME, £RNIEEH Boltzmann #Hl: ITEREFIIARME=4TF 2006 &£, HEMNIE
SRR ENIGITREE ML (DBN) BIMLE3%, DBN £ f5—ERBY el NREZN /T,
B FFIRMLEH RNN BO71T, =27 DBN B9Xk, REWLL, DBN B2E /LN EBHE
o

—/ 3 DBN @—MEMIUREL, EaImMER, FIHEE THMANBUERE, ARXLE
BUERBERTE T NP EEVBUEE. M5 DBN XEFNEMIVERE A IEMXFEHER, B
EENERNAEERIEERLEREMSITTNE, REHT “REET, FERANBEHNE.
B, DBN EFEHFEZR EMIINEEELUARERNFERFEGNE R, HaIEH,
DBN AILAF I EFHIBE o PR, MR TR AIENAM : NMYA LRI T, LaEBS 1
Fo A Geoffrey Hinton X ABNIERE: “BIRFINNRIIASR, EESEMER.” (to recognize
shapes, first learn to generate images) 5—1& DBN B LU# 1T R EMF WENF S, Hla,
EFEAEGRIUEF S, DBN JUFESE AN ERIBEHEMBE R, BME, JIGEGRZETIR
1B, XFFTIEREFINEINFIRAMNAFIZEEMEANE (NRZREBIFIIIE)
K EERE G,

FrlA, A DBN EESLRE T XESI N FENEMTE, MATRTERTREZTIBREF
B? BBNREET, BIRMLEF RNN ELRETRLSRIFNGR, HIUTEGIIESIRIBR
EMRES R, FTUAKIDER DR IXERE FHAFR, XELHEREGEN, 2
m, XEREE— ML, MRAEEBEEEREBIZEAN, P, JLFERBREIROEF
ARMTHNTEF. XSGBLEHFITEEIENERITAB ERNHRARERINED, RAMI]
MR KHBEINEIEEEE, H AW A DBN FMEMIER RN ZHFEE LT E,

322 1L Geoffrey Hinton, Simon Osindero #1 Yee-Whye Teh #£ 2006 43 A fast learning algorithm for deep belief

nets, & Geoffrey Hinton #1 Ruslan Salakhutdinov #£ 2006 8948 T {E Reducing the dimensionality of data with
neural networks
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FEBXTS FI0R DBN siERXIREED BRI TRREHEZNMER. S T## DBN, & X
MNDBN Z5id, MEXREXEBRER. BAREETEMK DBN, EEELE S TRZXT DBN
ZOEHRIFZ IR Boltzmann HLEYEMERE Bo

Hi8%: TEENEREFZITEEHMMPLEETHITHNMAR? B, HELXXLERZ
RENEMEY TE, AR B & A RE MK R E A5 = 2038 natural language
processing(see also this informative review paper). #l25&11% machine translation, FMEIIIRE
IR BBINE R(E 25 music informaticse HAEMBEER LD, HIXRETHABNFESGE, Wi
o] LUR FEAPETFIHAEEATE, AfERTE BN —LEESARNRE. EATHNERRE,
BHEE—RENEBNILNY. XBEXERREERWNEN —MIF R MESINRARRFE SIS
FHEXK play video games well (BZ&3X E this followup) o ELA8 %2 EFR WLE R & 10 H X 57
HHNGRELTIE, BEEEUN—AFENREHES, REXXLEEEWARBERAMTAFER
BED "L N ALY FH FEBNEE—HNNEER 7 P AENLEEX, HAF
IMMEBHNRINELBI T ALELER, IE, XIFERZELR, ZAMIBAREBEENBRIKAY
— “Playing Atari with reinforcement learning”, BRFEIRER, BEARFZLURBEZIIEEN
WA, BEENHBEFEAN! NEIEFZESE/MHIEERREEASBENSPHESHRE
HURZR, XEGER/MEEECERNANES, PRAXBRAZIEE T HFEN,

6.6 FRLEZMZHIRFK

BEERAFEO: ENMERENKIEEX AW “—(UI AT MBI — R F
FE, FEARABRRTH4, BIREREN > EX ", MEL, TEVESEMETRX
EPRBXNFEXFNAR, WEFPRTINTEAAE, MEXMISEETEW. ENHA
BB B 2 7E Google BRIITHE T —1EW, BRSIZFHTH “MFEEENE XPMERNE
W), SRELE T WNANEERER, Google BY CEO Larry Page B2 T RITIEERS M4
IR P EWEY = F X, HAHININESR,

XpeRERNAFPEONES, EX MY, FERERNAFNE®EHTERNK
H, ERSIZBEAVSFIFATAENHFABATIBETON, ARERAENEN, HiB
XS I SRFHT TS IEN S ELUIR R M VSRS R,

MEERZEOXFNFESHUANBEER L, FE RO +F, BHUTIHHNRESE
FmEBIENSEFESIRETHEESNERINEAEZED L, FEHRICERFRNEE, TR
B EE T —L2HAYEF: WN3EERAM Siri; Wolfram Alpha; IBM BY Watson; B LAXT B #0140
TR RS, TEB S,

REFXE BRI BAXBFREOGTIERERM, HPEEELHNABERFERRAN
MEBFIRARKMELTINAFAZO. RMBNSRFIHAETIME AP EORITRER
NEEHER, BEREEHSBREBMENST R, BENEERE, ALXSHTEVINXRESA
FERINT, FALE], bR, 2005 F—RBF MITENBIEFEINEERE. HEit, **
BARELTHENBERN », — MV NS SHEEEZE2REMTEINKZES X, B2
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