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B, MEI AT RENE HELR T ZMIGFE RN ITEBEIEFFEHFIR
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RERNTPE LI —DAI LURRI FEHFRIEENE, X MEFIIX 74 17, NEBRHIAE
KW E, A, XMNENBMBRFEANLTEERILIET 96% B/EHFIRFIHMF. ME,
HEEENET, RIS AXBHKFEBKRAE 99% AR, Kirt, RMENBELHELMEEE
RS BRI TANEE B 20 5l IR R ENIRB I E T
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TFTRAARRETS, UNEATARER,

1.1 125

TABEEMNLE? —FHE, HREBE—MIEIN “BA8S" BATEHEIT, BAEST 20 tT
Lh. N TERABABZFER Frank Rosenblatt &85, EXF| Warren McCulloch 1 Walter Pitts
BN TENER, SXK, FRECATHETRUBALIE—EXASTH, UNEZIAHHE
ZNETIER, FEEANZ UM S BER iR TiRi, HIRRSHE S BME T,
BRBIEBAMTA S BEMETREX NBMFENA T, BEEE B RIERE T RA2S.

BRASSEIMAI TERNE? —NERASEZ LT HBEN, o1, 20,..., FEE— DTG

H:
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APV AIZSE = NN, 71,72, 730 BB AUBELZHE/ DA, Rosenblatt 21—
BB E R, MEIANE, w,w,,..., "ENEATTHEEEENTEHR, #HR
TCRYRIL, 080E 1, MBDENEENEM Y wir; NFREAF—LRERE, NE—HF,
HER— K, — M EETHEH. AEBRIREIER:
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M RTR B o

WE, RFEBNEFINERNIZE, UETRMERNBAARLPRIREAE, BIRERE
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ERARANSERAXMRRBIIBF R, —MAARARINEEFEN v, =6, HEFHARN
wy =2 M ws =2 wi WRFEANE, RARIWMEER, MBS MRRLARFEIR, =%
ERIOINZBILEENS, &fE, RIIMERABEHREIRN 5o XiF, BKRESLI T HHERR
RIRE, RBRSIFpAEE 1, KAEFNN 0o WTFMNBRENLBREEEE, SEME
BEEAHEE, HiaHlEEER,

MEENEMRENZL, RS AEIRRIEE, Fi0, RISFAMIEEENRN 3. BA
RABZILBRIFN, HELEEGZBBANRBRRILPERTHER, KEHER,
BiER, EENT A I AEAREE, BERENRTIIERES.
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MBEEEHTEERPRR, UXMARN, —PZERASEMER UMEE RIFERER,

IER—T, ZENBRAENHRAERMBIE— M. T LENMETRMBE L
EREEEZ M. Kfrt, MINDARRRELEY. Z DRSS HFT K E TR — R
MBREEH A THERASENEA. EMIER Mo X8, B/INT5LE,
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ANHNAEE, E-NToEIBRERIAFANS L, FRRMBORE b = —threshold U
RREMAEEE, BBARMSHMNPIUETA:

0 ifw-z+b<0
output = (2)
1 ifw-z+b>0

BT UBREEF—MRTILRASEME 1 (HEREMFENAE, BUUERAEE) 5%
BEZNER. WTEAE-TIEEARENZNERY, Bl 1 2 REZH. ERURRERE—
NEENBINEL, il 1 WREM, RAR, sINBEIRZIA RSN — MR/ NIZED),
BREINEEAZEBICIISEH—THTSH K. EIt, EXEPNEEED, HIITEHRH
B, MEEERRE.

HELAT BN SR — I RIER M RRB A, BASERANSZ—MAI, it
SEXRZEDRE, BB EANNEERM, fld “57, 8" M 53 Gld, Rigk
MNBEIWMINRERNZEE, 8 MMNEN -2, BENREN 3. X2 IRIREAES:

XEEFASE: BN 00 F=ERIH 1, BI (-2)x0+ (—2)*0+3 =3 BIEH. XBERA« TS
KEINMERTIE BB 11 7EREH 0, B (-2) 14+ (—2)*1+3 = -1 20K Ntk
MBYREAEESEI T — 5!

SHENIBBF B T RATRI IR A s T BRI BAVIEIETNEE, SKin b, Bl ereRREA
SMERITBEEMIZEINRE. RARSIF J@EMIEE, BiF, HMEES TSI LmE
HEMIER. f20, FAIERSIF E—BE, BN HEIE o) M 2o 80, XFEEIT
BIRAIKM, 21 ® x9, BTS2y M 2y &N 1 BHAALSH 1, BUEAAIEFRIZAFRR 220!

1'1—‘

}D‘» sum: x1 P w2
€T [

[
} carry bit: z1xa

NTEEESERMENES, HIHEFTE SIF BN ES, HAEER MR 8 ME
®N -2, BEREN 3. ERBNEBIXFHNSG, TERELIBE THSIBE T —=R,
QENTHEE LEEFEER X!
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@ sum: x1 P xo

X1
x2
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XN BEMERE— BN EREE, &RADBRNESHHE B MRE RSB 25HY5
No HHEXBASFREAE, FTRBWLRS AT L EIR—MtbE, Khr EXREE,
MRBNAEARIFXMZRN, BAIUBERIBRFESH AT —IINERN —4 ERE, MAERD
NEN —2 BUEE. (RIROZPER, WiZF NRIEBAXZREFN.) BEX—NE, RITHIW
KEEREG TEREH, PIERTICANESTT -2, FTEREST 3, IR MERN —4:

©—> sum: xr1 D xro

1
€2
—4
carry bit: z1xo

BRTALEIIEE 21 M oy SFNVBANERRABNEDOFINEE, Kirt, AIUE—R
AMIMIREH B — I NE——R T EX NGRS .

T

sum: xr1 D x2

T2

carry bit: z1xo
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NBVREHIES. ABADIM 35 wia; RERBAFE, FERAESEDL > 0L 1, =b <085
0o ABHFE, BASFBEERBE—TEEE, MABHEE (LT 2. BRMNT2 R ERAN
RABZEIFRAEE, MERREXNEHMEENTARRIT, 21,22, 0
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1.2 S BIfEZIT
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RAIES LR, BERACRMBR—ERE, f10, WENBAPIUZE—BFSHFHEEE R, X
ITEZMBEFSINENRE, XIFMBRVREEEERD BIXENTF N TEBFIZEFLIF
BY, RIFINHEMEPINE (RERE) HEHNBIEE. RGNS LEEBIN, X—BM
FUFITF[E . XEBERESHVEERN (REAEXMMENTFEIRFEERERT !

FEEANE (HRE) POORNRE

5|2 — 8 B e
w + Aw

output + Aoutput

MRWNE (HERE) IRV NRIEIERIBEBE NS [k H B NEL, ABFRATRI LAFI A
X—ELRENENRE, LRHNHINEEBRINESERITEEAE. HIa0, RigMEKEE
RHIE—D “9" HEGDEN 87 NEBHE L EANNENREML NAINE), XiFM
KEeBROETIBEG DN 9. ARBMNEEEXNITIF, RENSNENRERTLEEL
AV, XBIPBRLIES S0

PR T HEMBINBEEASRMEFITX AR E, Kir L, WERRNRRME E—MNE
RERRU NS A IR =5 A MNERA S HT 285, W0 Z2 1, ARyl RER Tk
SIEERMENITHLIREE RN A e, Alt, BAMAY 9" BJRERIEMDE, WL
FHEERG ENTHRAIBEU—EREEFING AR TEHT. XE/FETEIMNEMRER
IEMBEOIRET AL REYE. BITEHCRBIAIRBRXNEH, BEEXAZEMS L
HgELL— DRSS LB EF o

BATRILASIAN—FHRN S Bt AT B A T oK e AR 0@, S AU tRe oAl 88
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ERERXEN,
G AR T S Bit T, Tl | BRI BIAER S TUkinE S BT
T
T2 >//\ output
3

FIN—PREAZE, SEMETEZ RN, 11,12,...0 BEXEHARLE 0 1 FHER
8, MAMXXZ 0K 1. 70, 0.638... @— P SEBMETHERIN. BFF, SEBMETNED
MNBNE, wi,ws,..., M—TE2HRE, bo EREHAR0H 1, R, EIER o(w-z+0b),
X o # S BURENT, EXA:

. 1
T 1l4e

o(2) (3)
el E—EXEFEHIRA, —MEBRA 21,22,..., NE wi,w,..., MRBELHYS

B thRHE: X

1+ eXp(— Zj W;Tj — b)

MELE, SEMETMRMBERANE, MNRIFARE S ERHENAHBTER, BEL
EEEEHENSAER, Lhrt, BASM S HMETZBERZEMNNIS, BYER LN
fEES, S AR EFHXEBREEAAT,

AT EBMBAMBBEEMNUE, BRikz=w -2 +b02—MEANEH. BAe*~0M
o(z)~1o BN, Hz=w-z+bRAHENE, SEMILTHEEITMAN 1, EIFARAEE—,
R, Rig:=w-z+bB— MR, A e — o0, 0(2) 0 PALHE z=w-z+b
E—MRWRE, SEMZTHTABIERIEM— LR, REE w- o+ b BVREER,
RN RIL A LR AR R

o IREFEANEMHA? HIVEFEERER? Lfrt, c WEHBEAFATEE—FENE
XN RERTINFAR, BXHFE:

(4)

sigmoid function
1.0 1

0.8
0.6 1
0.4

0.2 A

0.0 T T T T T T T T

RER—T, o BRNRMOBERE, MXMHNHETRIRTBERET. BAXLERBERRSNETH
ZTMEHAER, CECREAN. A, RITHALSER S BXPARIE,



1.2. SEmLTT

XN ARZM ERR 2R B R BIhR S |

step function
1.0 1

0.8 A

0.6

0.4 4

0.2 A

0.0 T T T T T T T T 1

R o B2 NN ERRE, BERBHSEHT w- o+ b0 BIEHIEEAE?, B4 SEMET
SMA— RIS MAKPRE o KE, FHIMFEI—D, sEEERAN, FBrkALE. B
1, o REBFBEE, ERXBEE, MAREATER. c N FEBERKENENRERU)
Ty, BI Aw; M Ab, MEETTFE— MU Z W Aoutpute KPR E, HARDEHIFEA]
Aoutput A IR HIE MR

0 output
8wj

0 output

A (5)

Aoutput =
j

ij +

HAARMZEFTENE w; E3#1THY, ™ 0output/ow; F doutput/ob FF SRR output 735
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vC (18)

1 m
VO~ — z; VCy, (19)
]:

UESR T FeA AT OB (O E RENLEE B/ ) S XUERI R E R (G B RIARI R R

AT REBRAEENERF IERRER, Rig w, M b RREA EENEPNENRE,
REERIEE T fEiE T e MBI SR A N RO/ it 8 B ER T 1F,

dCx,
wk%wfgzwk—%g 8wkj (20)
J
dCx,
!/ _Q X]
b= b=t~ — T (21)

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

FIMERR—T, XNFTREANRBARNNSER, NATHENENRER NMEBUENE
AN, 2BETENAE. £H12 (6) F, BRITBIETF 1 RATEMINBEHK ). AM1EB
BHMEZBE 1, BERESEMIGFEANANSM, MARITEE, XN HRITRERAT Bk
PEHENB R THINER. fli, XAELREEEBEZMIGEIEZENNENBERT. [
B, /LEEUENERAN (20) F1 (21) BB FIEN L. MIBEX2E—RK3), E
NEENTHRE T EIRE n AN BENRELIEHITIFANLLN, FENEES.

FATATLUEREAEE TEBRN—AREIFE : £ MEEEHE LR — DB R
EHTHE NEOMBERHZES, EHT - ARBEPELET -—R2REEEZER . HIU,
INRFATVE—THRN n = 60,000 BIJIZREE, FLE MNIST, FEEUVLEDRE XN m = 10,
XEFREEGESEIZFINRT 6,000 &F! HA, XMEEHAFARTEN—FERITKE
—EREBETE. FHNLFEROBBER N DA LESHRELD O, MXBWERIITEERME
ERRRITE. ERiF, BIBE TREEMAZNENFE IR ZER. +oBMAEK,
EERABRHERITBIRSEF SRR E A,

%3

- BBE NEEE— MURIMRARIE M EEIRN A/INE R 1. B, BRIg— NGB 2,
(ITHZERIN wy, — w), = wy, — ndC,/Owy, T by — b = b — ndC,,/Ob; BIBAINEFR
B, REFNMENS—MIERAN, B—AEIMNENRE, ItEE, X MIEHETN
4. online. on-line. EBFBEF ], 7£ online FSJH, BEMEE— N REFES]—
MmN (EWAEME) . WEEEB—N 2K/ 20 BFEVEE TE,
BB S I — MR — MRS

NP — DL RIEEAREEE TR ARRBER SEXEOIRNE. EEEMER,
MR C B— PR TARENENRENZTRA, REERMEX EXR, 2E— 1 a4%s
BEXT —PFHEH. BEARGEREBOMER: I8, ROMBBRATCZHREE" MWII=H
AR “BRARBREINAETE, EABIRAE (RELBHH) . BTAEMITRDEMRE
B BFERTERBRES? SRR BMERZART WA F RO A ERR BN A
Fo MBI, BY BRHEENAERBESAET A4S, BN EEFIMEAIAREE, 3
AR (MARER) e AC KITBENETNAEEL C B, BLEETRESHERIARL
BEEEESBETZTRBNRARANRE; RNPABKIGEE—1MIF. XERAKRAEZBET]
SJBTEE =LA AR SR, BE—BIRUREXFIIRIRE, MEBBEMBNTESHLERE,
HABEXEFARST, NRIRRKE, RA LR DR T TR FRNEAEBE 54T
ITit. BN —ERARRZAERES, BRESZRFHNATEZLRENH S ZIEMAT,
ERAEBEALE R,

1.6 SEEBHNBMERD EKEF

g8, MAUFMNE —N2IWARFERFNIE, ERMIEE FEEEM MNIST
WrEE. T IFZME—HFIEZIRI MNIST k. NRIRE—1 ¢it AR, ABAIRAET
B T fEX AP CERT R,
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git clone https://github.com/mnielsen/neural-networks-and-deep-learning.git

WMBRIRAMER git, HBAEILUMIXE FHEEFAR,

IER—T, HIEEZFHER MNIST 3B, Bid e T 60,000 MIZREEF 10,000 4
MRNE G, XEE A MNIST iR, Lhrt, BITEBERARNAEXNEIEEIT D &K
(IS MIAERFRRE, B2% 60,000 MEERAI MNIST JIZRE DB NS5 —2684) 50,000
B%, BFOPERRINEZINBEMNLE, F— N2 10,000 MEGVIEIESE, EAZEHH]
NMERWIEHIE, EREABNEERITE LRI TN FRRANAEIGE R LMEMLEHIEE
BRERREAN—OIFIRESE, XESHAWBIINFEIBLEE LR RERIFFUESR
IR MNIST #E—3E6 7, AMIFL AL A NER MNIST, HBEEENERERKIE
MIESRZIBM, MIITTRSIRIES “MNIST ISR B, FIEN2RTMN 50,000 MEIGEK
EE, MARRIER 60,000 BERHIESES,

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

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

class Network(object):

def init__(self, sizes):

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

XA, FIK sizes BERBEMZTHHNE, HM0, MRFNTEIRE—IEE—FE
20T, EEE I MET, REEE 1 METTH Network SR, BITXFTHED:

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

Network XY R PR ENNEE W HEVIFIB MY, 8 Numpy BY np. random. randn BRERE
FRIIERN 0, tEERN 1 NS DB, XENRENAIBAMES T HRNNBNEE TREE— iR
Mo EEENEDNRRIIELANBENBUNENREN S A, B2 B sk e
o EE Network FIIEHARBBIKE—EHETE—MHNE, FUXLEBEZTRMIETARE,
RAARENEEENEFT BT IT&EHLH,

FHNEER, BEMNEL Numpy 5EEFIRMNFEZ N E . I8 net.weights(1] @— NMEEEE
EE_ENE=EHAETNEN Numpy %6/, (RERE—FEME R, [FA Python 7IFERMNZS]
M O FFi8o) BESR net.weights[1] MHEIK, LA w RnFEFE. BHEN v, BEREZEN
kh R THE =2 jh R ThINE, Xk B ININFErEEES IR R j Ml k=
SISEEEN, BTERE? FAXMIIFEHNEANNERCEREE=ZEHETHRIRNER:

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

XNAEEREE, FTUILEN—R—RIBM T, « EEZERETHNAERZ. ITE
o, HMNANERME wkLa, MERBERE b, HMNABWMEE wa + b FHSNITENA
*YIRIFTR, MNIST #UBERET NIST (EEERIMVESEAMTR) WENENMUEES. 7T HE MNIST,
NIST #3EE S Yann LeCun, Corinna Cortes # Christopher J. C. Burges If D MA— 1B A ERIE . BESATIE

EXN R, RN CEPNIUBERT —MESRZTE Python FINEAIRY MNIST BN, EMFRFI/RAF
BY LISA Ml28 P RBERE T X MIHRE BV EEE (155
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http://numpy.org/
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K oo (XMIVREE o MEN.) REZWIEFHIZ (22) WERMBNTZAI0HE— S Bt
LITHIHMTIZ (4) HHE,

%3

- LR ERABHARE (22), HIWIEEMITE S B tht Nl (4) &RER,

a)
BTXLE, REZEEM—D Network EHITEREAIIE, 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, Bl
AER o

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

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

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

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

return a

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

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

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

training_data —1 (x, v) TLARFIR, RAINEMATEXSWAIEAEKIH. T2 epochs M
mini_batch_size IEUIIRFUEIN—IECHREE, FIRENB/NEEFIENKR ) cta BEFIRE,
no WIRLH T PIIESHE test_data, MARFREE MR FITEMNLE, HITEIHE O HE,
XX FEERHERER, EHEIEEHNITRE,

X EBRBIZHN a 82— (n,1) B Numpy ndarray 288, MAZ— (n,) WAE. X8, n EMENHAKE,

MRIMAER—D (n,) MEFENEN, SBIFENER. BAEA (n,) AEEFLEFEEEEANERE, BE
ER— (n,1) B ndarray ESERAIERIZABIRZ MRNEEEE 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
XER nini_batch FEVIIGREIRE, RIBEXBE THEMNEABFTNENNENREE. X2
update_mini_batch FERIRES:

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

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

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

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

BRIEFRRTIH setf.backprop LIS, BATEETERFIRAEEEEFELTEN, 81F
self.backprop BYLEE, IN7E, FURIGEELRBEMNERNIIE, REISIGHER » HXANBE
HEE.

UBNMNE—TRENER, BREKZFIRBINSXE IR, BRT self.backprop, EFEEET
E@ZE’\JY%‘E%—FH’%B’\J%EIT’EE self.SGD *D self.update_mini_batch ;TEE‘Z; yjﬁtﬁﬂ?Eé%
Bi1181de self.backprop A 7AR B —LAIIMNIRECREEENITEREE, B signoid_prime, BEITHE o
RENSEL, LA self.cost_derivative, XBH AR ELZHEHR, REEHBBEIEENIEHX
MERRREXENER (HELAD) . HMBET ITEFAMEE(. IR, BEAEFEREK,
BEREZABEAREAEERZFIERIN IR, Kirk, BFRRE:E 74173 FFEWN
15, PREMIRE R LATE GitHub EixX B E],

"

network.py

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

"

#### Libraries
# Standard library
import random

# Third-party libraries

23
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import numpy as np

class Network(object):

def

def

def

def

__dnit__(self, sizes):

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

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

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

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

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

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

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

O B H T R

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

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

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

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

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

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

XPMEFEINIRG FEERFRERIA? 5708, LIV ME MNIST #38. FRA TEATEAR
H—/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 PIL—P IR Python F2F3R5EA, BRIIEIRIEEREABM, 7E Python
shell BRITHFERH B,

FEINES MNIST 8B 2 5, HITRE—1E 30 MREEHEITH Networke BITESA
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 RIECHER, /Mt 2%k
‘RN 0, FIERE = 3.0,

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

AR, MRIMBIXEHERIETHE, ITERERE LM E—T—a BRI
(BZE 2015 F), ERERER/LOWRIET. RBIMLEIRTE, AEFRHREHNE
— MMUBEEE. IRMFETERERIER, R UBTRDERHRE, R REESZL TS
2, WERFERMNIINGEIERRESEE, ERXFFENRIPRERERIR: XL Python 7
[ABAN T EBEREEAZNS BN IIFN, MAESEERE! M, 3%, —BX(IE
ZNE—TWLE, EEE/LFEANITET e ERERNET. fl, —ERMNEa—TNEF=
T—HEFHINEENRES, TRIESZMBIZERINLEN K3 L Javascript iI51T, HEW
EBMgE LAV AE, EEFIERT, XR—MHENE)I4STRBE DTN L. 57
EINBER T ESRIIGHREHEMNEEERRIAEGRIHRE, ENRFRILE, EXRX—
RIEARHEAR, A2 T 10,000 FIEHRY 9,129 D, MEKBRAERSIEK,

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

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

BT, LTIIZRRIRLELA HRVIRBIZEL ) 95% —TEIEERY ) 95.42% (“Epoch 287) !
ERAE—REW, X2IFESATEN, AMKLIZIRER, NRIMETRIBAEFINER
MBEHFTE—F, BEAEARNFNERT FEN) FENARENRERTBURIIIIME, HXK
BT = RsTHhRNRMERIENERENER,

I BHNEINET LERLR, RKEESMETHENE] 100, EWFImEmNER, WMRIF—LHE
E—0ETRE, BN ZESMTEREEESK—ERBERAT (EHRAVEL, XPRK
F—RIIRERFTE/NLHT), FIRBENHER DRIEETHER, S8R,

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

B, NTREXLERE, IAERWLGEAENE, NMEBHHEANNFIRE
BUFRAIBVIER, [ENFHR EEATIREIRY, XEFERMNBIEENETRIBEE, UXKHIT8I
HNNFIBEFRFRNSH NENRE) . MRBANER TIEENESHS, RNIEIRE
BV, RANFA( DEEFSEEKHN » = 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
K, WRHNTEBRE—LHE, AEMEZ!) URBNXEHBIUR, BINRELEE—
Bn=10NFIERX (HEFER 3.0), XEFR(IZaINLRERT, FILRMBEHRNRIIEEF
TIERERBESH, HEVRET BBHEBREDRNAEN TEBSHANEE,

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

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

AXRLE, FNEFRERNKIE, FIRRERST !

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

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

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

TRENRIBRARLBELER LBEHEYLMEN, ME—EIFTITA HINERELER, ERE=SMNEN
RARBARBD AN _ EXEREYILRIETTIERER ES

27



1.6. SKIFAIBIRILER D 280

MEXBEINZONZ I — DL NET B, EBENRIEE, ER—1IZR, 1FH
EF WA ZARRGHENBBIFHER, EEBENE, BNFEBRINTERERITFHY
BEHMIFREE, RITEEEAPBPINIEXE, O LEREEAFEFBSHN,

%3

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

ZBIRAES, BT T aEINE MNIST SHERVAT . XRER. XEHIH T TR,
RTFE MNIST #ERBUREME X TR A IR R —aL 2 B PAVZEEL, Tt Numpy
ndarry SYRAFIFR (FNRIFAREE ndarray, HRIBENIERAER)

"

mnist_loader

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

i

#### Libraries

# Standard library
import cPickle
import gzip

# Third-party libraries
import numpy as np

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

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

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

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

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

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

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

return (training_data, validation_data, test_data)

28



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
REMHMIELME. TR 10% BB ERN. BITRHLSHSE!

— PRENBELZER? URMNZH MR EESRE. B —REGEZE. §,
—18 2 MEIGER B —18 | WEGRIEE, RXANESBERAZT, HETAVTHL
NN

2/

IR IR LRI EERIT B FRIGRTIIERE, 0,1,2,...,9 SE—EBHNEGRE
W, BNEHBEEGNEE, ARBNEEEM M EFHFHEE. X2—ME8ERF, MA
BZREN, FIUBRAIEXEIBE( TS HRk—NRIME &, B7E GitHub B/FE, (8
T EMMENMIENELA TIRARISOE, REES 10,000 NIXEIGRA 2,225 BUFBHEE, B 22.25%.

WEIHEREEREHEIAE 20% 2 50% Z[ElRINE X, INRIRELEHLEREY 50%. 8
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1.7. BEREREFES]

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

WRBATRENZEIETT scikit-learn B9 SVM 732828, ABAEEEM 10,000 MIAE & EHR D
359,435, ((RIBAJLIMXERTS). BBR—MEANNE, mEiF FHINHENEFREENER
DEFF. WL, XEKE SYM RIF/LFRMEENE—1FF, RERET —mMC. (TEHE
THRENENBIIEAR, EENEB AR INBRENEFEE(IRIEL SYM B,

X EBERNLER, A, 10,000 7 9, 435 BILERZ scikit-learn 37 SVM BRIABNIZE. SYM
BRZ0ASH, ERITLUNRERINE R THMENESHETEN. BFAAREIXLEE
o, WMRMEFMEES, AJUEE X% Andreas Mueller 9%, Mueller BR 7@ —EM 1k
SVM S8BT (E, BoJaeilitaEie =%l 98.5% BItEHE, MaIER, —MARGH SVM, 70 )
BRRRFE—THF, BELEBF T MENEEMISEHIE?

EXE, BN B, BORITHHMENEMSEMETEHR MNIST AR, 81F
SVM. II7E (2013) RVLERZEM 10,000 EERFIEHD K 9,979 1 XEH Li Wan, Matthew
Zeiler, Sixin Zhang, Yann LeCun, #1 Rob Fergus 5eaf. HITEEXABEEEDTIIELN
AREBAEAR. BINBRRMEEEZET AL, MBALULEL, EAEHEZH MNIST BREEST
ANZERIRERERE0IR5, Flin:

GBIy 2 N85 (
AU El T

BRGEMBEEILHFREYIL ZEF MNIST BRSSP XENENR, AL EE &R
1R3! 10,000 T@MIXEGRPIRT 21 BZINNWEEFMBEER, XRIGHELISH. BE, SR
B F A AR ERR—DEBIRF] MNIST BRF R AFTE—NERNFE. BRERERNZIEEIR
Wan FARNEXHAREENES, UFNRERISRBNEELE MANEX—ETELEINE
AT FIENERMEBEINIIGEREFS. EXMENX L, BRIPNERMPLEEER
BN PEENSER, NWHELRR:

ERNEE < BBRNFIFE + FHIZREIE

1.7 BEEEEFRS

BAFNBERNLAEH TS ANSRZINERIN, EXFENRIEE /LMW, MEFRIY
ENREEWEIRI. XERERNTREILANBREMBEAMB. M7 4. HTEDHK
B —LEARERRMNNNSBI A ARBOXRFENF? HH, EE T XERER, 3]
REMUISBEFS?

AT IEXERAE AR, BMRISRTFREENE5| 2T ATERE (A). ZIFR MR, &K
1BEBA B X AR S BERULR Y TARALAING? 20iF, HAANBEBHFIFIINENRE, XLE2H
MNITEEAER, XEFRHENEXNTITRRETERN. EATEENEHARMNE, AHE
EAEMRATEERNSOIETR, BRNESAEDRITERSETRIIG, URALKXM
T BERAERTAIEI SRR AMBINIG], BAEMEEM A TERERINIH
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1.7. BEREREFES]

FEERXERER, RN EHBE - THELSHIREFTANATHL TRV, (Fh—i
HEIHEN G %, RISHINERE—REGESEREAMKS:

e Bk o

FATAI LB AR T 5IR 3R BIAER 75 TR e X e —M B A ZE R EE,
LR HE — MR MREETA TR “B0, X2—KK™ 3 “f, XT2—KK
BRIFNRERERT X1 T50%, BEIRBNAENEER—IFIFE MEEZAFTIRIT
— PR, ANEEFRSENNENRE, RNNEEFEE? TRAESIEEENES, HIRE
BARN—1MEERRX NS R F R BRIVELAE—TREE? B LAE—RE
15? REE—T RFE? TEPRE—NEL? EEAEXLS? EIkE,
MR-ERFENEER "2, WEEENNE "HER", BAT A UMFHEIEX M EIR
FIREE— KR, MR, MRAZHXLERFNERZE T, BBAXKEGRAETE KM,
S, XMNNE—THEERE, MEEFEIFESRE. BIFETAREL, ®BEX%R.
WA MXGEEBR RIS D, WEXKREEAER, Hit—LEEEFIEREMAT ~IxX
AR T IR TREB LA EHE WA R RX L TR, ARATNEIFRI OB KX AR R
FIRJRBINBLE SR, WHR— D ARNBIEEMSE, TERIZ—RRERNSEN, ERGE
RNFME, AR, XAB—DARKNPENIMEE R, MEN T HEIFRN I ZEMN
FUEIEHRBENER . TEZXMWSERLEN:

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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input layer
(image pixels)

EEABE—MREG?

A LEABE—REEE?

hiEE— N FE? XEKARLIS?

FEE—EID?

EEEXRE?

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

BEEEMD?

E BB REE? = BE—1NEES?

B—MIES?

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

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

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

B 2006 FLIK, AMBEEART —RIBRAEREFAZNEEBZF S, XEREFIRA
BETIEBE FEMREERE, FhETHNE L XERASEFEER (FX) BINEEEHK
WEE—3INEYE—1F 5 210 EREEIMNEEZRE W, MEFKIEE, EFZREL,
ENLIBEREMEZNE, flINE— T REENNEG, RUNEMHE. SR, RRERE
MEREBEMRE— N ERNWBSHER RGN, XA REERFIZIES EARRUNILITHHR
RBEKEZERITENIZEF. KRENESXEMNEHTHL, BRER— B HITEH
HEARERFRIES 5— MR TREEARBEEIE S #HITW . HMREEZNEFBIEZN
RRRmIZHIVELERE, BERFEE,
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RAEREZMAIIE

FLE—5, BB T HENKNAERBE MEEERFEIMNESINENRE. B2,
XEXRBTT—NAE: BIFEETRAATTERNRBNEE, XBRANREK! ALE,
BIaBRBRTEXEEENRRE L, WHLERAEE (backpropagation) .

RAEFEEEERIE 1970 FRKIEN, BRANIEER David Rumelhart. Geoffrey Hinton #1
Ronald Williams BIZ& &M 1986 IR A IMREIXNEEANER Y., XEICSHER T I —
LIS R EEERELERN G EZER, XEEERAMENERERZ BT /ETRBIRRE
FH1T7. IE, RAGEELIEERHMENEFINEEZARIBD T,

AETE PR CENELLHMET B ELHNHRFAT. NIRRT HFHEFNRMGE,
AR MBS A, BREEEYR—RE, REEGNAT, BBANAERFTXEATIE?

BRUNZIEM. REEFENIZOZE—INRNEER C XFEANEw (HERE L) R
S8 00 /0w NFRAR. XNFRAXNFIFHNNEREZNENRBER, KNRBETHHRIE, RE
KIEAARBERER, FTHIEEHEE—MER, MES N N REXLERHRE—MHEANET LD
R FILUREEBEANNE—MFEINRRE X, LR LTI BB NB A& LA
BEMRERNTENNENITH. Eit, XthERFIREEFATNEZNETT.

NEEPMR, MNRIEEHEAZE, REEZUE T, HEULUN., B THREENER
EBIERAEEEMERSLEIUEEN, S5, EEETHFHIEBONE T RAENLL, I
UREBAHRAENESE, FENXENIRS, MBRNESHNAT AKX ERIREERN ZEIE
REBELEIL,

2.1 A5 HERMEPERERREITERLNGE

itk &R, BITRE—TETRENSETENENELE, XL, WIEL
—ENREEEEBEIIXNELT, EEREAERRMIET T, FAUIMAILIIFINIE
—Fo 53, XIFEETS RIS BB T JAEE R A E B ERREERT.

BATE A R MBPREREME N FAMERA vl TTM (1 - )N EB9 AN D 1"
FH 1 MRE TR FANE, G110, TESH T MEFEZEZNENMEETIE=ZEN
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 TR ERNE

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

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

BTXERT, " ENE N MHETHREE B (- )" BRREEEIHEXEKE
k7T (WEEAT (4) N LE—F/NTIR) ¢

aé =0 (Z wékaf,g_l + bé) (23)
k

HARMZTE (1 - )" BOFE b MaEx LT, A7 BEENEABEEXNRIAL,
RO E—R | FE X — MBI wlo WNEIE o' TR ERERES (" BHETHNE, &
BB, 75 178 KN TN RR vl KUK, WE—RI, EX—MRERE, v F
ELBIXENFATIET —REQNENS N TRALRRBIESA LM o), SN TERNEZF "
EREMIET. &RE, RIEXHERE o, ETREMPLEREE oo

EERNFESINAENRRE (W0) FZBEFETAEE A (23), £L—F, FHITHSE
ELERENT, EEXMEFERARY Wo) A8 v AN MR, BIVER o(v) TR
XA TR EITRIREAER. FILL o(v) IB D TTREKHE 0(v); = o(v;)o LB HIF, MR
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FAMTBIERREZE f(2) = 22, BAMRELH fHRBIERER TEAKR:

([)-18 -] -

WELEW, MENH [ (NXENRENE N TRET T FHER,
THETXERIR, B2 (23) Al ISR P EXMEYMmEENEET AT

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

XANFARAHT —HENLBNBESENIEENN—RIEENXEAR BRI
A ESER R ACEE L, AR E—MREAR, RS o R, X RITLAEL
BATRENIAEEENER (REBSNR3ITHT). EEEMRAREENRNA
12 T MRS . ERR, FARERRER, ROASLIEIERM T RNEN
oA, MEMANEBAARES . SIFE, E—SHRBEREERTERT XMEAD
S BRI Ao

AR (25) W o HT IR, RAVBTETRER 2 = wla! + b XM BELE
EHERI: BRIV - 0 | BHRETHHENBA. EREEE, RILBIFRERAN
Ao 7572 (25) AR BRUBIBANERE R of = o). FHEEHNE 4 NS TER
o= Y whal b, HI R RS LR AT KA RN

2.2 XTAHRBIBIRNMERIL

R AEEENEARZITERNERE C D5IXT w M b BRSE 0C /0w H 0C /0be AT iLRA
Zi&e1T, BMNFEHEXTRANMRBBIR P EERIZ. ELAEXMNMRIZZE, R EE
BEBN—MINERE. FMN2ERLE—EERNTRANERE (BRHE(6). BRE—T4%
BRI, RN ERERE TR

0= o 3 lye) — at (@) (26)

Hipn BIIEFAR S KNEFEH T8 MNGFEE 5 y = y(r) RYNHBFEL; L&
TNBIELE; o = ol (z) BHENE « BINZREREUEERE.

57, NTNARBERE, HNFBEXANRER C HMHFAERRRILE? $—MRIZHM
EARNRBEATURE L —MEE MINGER 2 ERRNEREC, WHEC =13 Cho XBX
FIRANMEEAG T, HRNEMRIIAINIGHERERNZE C, = 4|y — o|?e XMRIEXTH
iR 2RV E M E A — MU BB ER R U 2 BT

FEXNMRKPRAR R AEREER L2 —MRIZBNGHERITET 0C, /0w M 0C; /0bo
FAETA BI R B IIZRF A LT FIIWIRE 0C /0w M 0C /0b. KFr L, BT X MR, I
MNEZANNGHEE « EEREEET, Fig 7H MR, FRANEEK C, B Co RERMNZIET
RilL, BEATRURTELEEXTMWE,

B MRIZFLZ AN B LA Bl I 485 YR 2AC

THE, XRRILEIVER ZATHIERE ™R w)), RRHFIE. MRENIER j RRSIWARETT, kR HEEE

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@miGE « R RN ERE LS
(=
1 1

C=3lly—a? =5 > (y; —af)? (27)
XERHORTENRS. YR, I REERERHRT B . RERESEATAR
MABRNBEE— y R OE BAWIERE « 2EEN, FEEy FEE—
BENSH. LEREHFRALMEEBIHTNENRERYTH, BREY, STFRWE
W3 SR FiLL, $§ C BRIVERHSIEE of HRYT BEEN, My UVBEBHEN
BB,

2.3 Hadamard €#2, sot

REEEEEETEANZERBCE—BENRENE, REEMETREE, BRE—1
BAKREN. [, Rig st EMPEFEENRE. BARINER s o t KRTETEN
FeRo FTLL s © t BUTTERE (s © 1)) = sjtjo 22 DHIF,

HEBEeIEH .
2 4 2%x4 8

XL IZITRIOEE ER I Hadamard R, & Schur T’ FHITXEEGEIE,
FBIREFE B E =R Hadamard SRARAYPUERSEIL, £ R AL &R R AERIET B

24 RRAFEBENEITEDSHTIE

R AfEEERENNENREZS U AN RPIIENER. RLRNEXELREITER
FEOC /0wl M OC b BREANTIHEXEE, HERSIN—THESE, o, XPBAIN
1T 1t RSB 1 DT ERNIRE.

RAEERSGEITRIRE o B0RE, RAERBEXEENTE 0C /0w, M oC/ob, £,

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

XANER R | RBIE jih NEETT L, SR, R BRI TR,
LHIR/NOTA Azl FERETIBIUAN L, BEFETTHHE o () T o(2 + Ad)s X
PEWRAMEEENRHTEE, BESHEMMNEE 25 A HRE,

WA, XMERRTIET, REEHRERAAN, SRERITLLRNEIN AL, B
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EFH. 1R, IR & BT 0, BABRRFATEES RN oL REEAS A, 758
REER, XNERETCEARBIRET . FUXBE—MEERNR, & BMar
IREMES, ]

IR EEHER, BITEX | RIS j* MG EIIRE o 8

s C

J 8%
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HRBANTERNAEG), RIUER o FRXBET | ROSEAR, RAGERRHARIT—H
SWEERN o 89755, AERXERENRERNBENR 0C/0u, H 9C/0b BERER,

MBI RES AR A T AR AL E AN 2o BEIRR AT RS o, B
EINEA, AEMHER 0 (FAERIRENSET. St MBREHMINE, L Tas
WHEHETRS, BRERR, MENA LRI RACEEANEE FTRLRER, AU
ISR o) = 0C /02! ERIZEBIE R,

BRAR. RAEEETONERSRERE, XEFBARN]—MITEIRE ¢ MANRBHEE
W%, BIHXOANHFIR. BEFELIR: MAFE— N FRBANERXLEAT, HEH
RREMAR, Kfrt, RAOEELDEABTRS, T2BEMXERERERAIHNEMIL, F
B —DHRNER. MFFERRE, XTI THEIRER. FrUETIIXERTRITIENR
N2 HEYPMEBERXLESENED .

TEREZENMABMNORTXERNBITR . &8s D XERTBYE FE IR LU IBY IER
M RRUBABHN ARG EXERANNE LT, ARTIXENREINEERESRIAR
1789 Python f{F3; AAENERE, HMEAXBRE—PXTRAEGREASESXHNERERE, Uk
AT EIREB M BB LRI MR, RIRIE, BN TR XM NEASGE, BEMR

XBREIEMZ, RET A RNNBHEAEBHE. RINBERISIDERIEEHITH I,
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WXL IZIERVINR, MISEERBMETR, EERFZWMBEAN.

BHRIRENSRR, oL §NTREXWT:

_ o o' (zF) (BP1)

L
05 j

X2—MEEBANERER. AXE -1 0C/da) FRANEEE ;™" WHEUEERZ LM
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C =13y —a;)? FTLOC/dak = (a; — y;), ZFHEREZIHE.
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6 =V,C o' (2F) (BP1a)
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A3 (BPT) RPN 1R, #MIF, ERANEERE, FAE V.C = (aF —y), FrLL(BPT)
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WHIRFT L, XA EFNENIEE —NMEFRER I, UL E MRS EHIER G
Numpy XFEFBIREFEEHITITE T
FRAT—EBNIRE ' RRTEHFIBIRE o0 1,
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DAL CEEREAENEBRABINRE, LT RINEER I BAENRES . A5,
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XHIE, RE o MRSHE 0C /o), e2—. XERIFMER, EX (BPT) M (BP2) B
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2.4, RAEENEDERSIE

SERHNNEIE 6l FTLBRI LR (BP3) BIEH

ac

=5 =90 (31)

Hrh § MR E b B H X E— ML T,

RN RBXFEM—MNERIIER: F5H,

oC
awék

=aj ol (BP4)

XEIRFA TR ERS L 0C /0wl HA 6 M o7 XEERH(VEELNENFITE T,
AIEB A UE R FEAE LD TARRIRR:

oC

w
HA ain BEINGNE w FIRETRAUEE, doun BHIH BNE w WEZTTINIRE. MABEN
8w, XM TEXMUEEENEET, KiladH—EEmT:

oC
F5 = Gindout Q

12 (32) W—MNFHERMEBHEUEE an BN an = 0, BE 0C /0w BEBEE/N. X
B, BITANERIEFES], REBE RN E®E, XMERRRE RS, =2, (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 REXETS
FEF KB o/(2)) ~ 0o PILUNRBEHEZTATHEREEE (= 0) NESHEE (1)
B, REBINEFIEIE, XEFENEBHE, RIMNEEMEHMETELMmMT, HE, NEFS
HaRlE (HBEZIEEEIE) . FUNERENTTFREHZTHREBLEMIIMN.

HYEITENE, HIBEEMBINM R 530, FETE (BP2) B9 o/ () XTI IR
STBERNIEN, o RAETEZ/) XMSEEMBAFE—MEMBHBELTHNEFIEE

BE—T, HIMNELFIE, IRBNEREZTHEERK, HERERETELENT Z
BHRELENEER), NESFIEIE,

XEIDMESS AZ2IEEETFTERN, Fod, ISR INTET X THENEFINGE S
MBLRE, mE, AT LUS XM A UHTHT . O MNERASEZEBESXEMBEER
ALY (AR R LIE R, HLHMAS MR TEAEENNERED Frl, 10
PUEAXEHZRIRITEREFIBMRNEBERE. HITXBLMITF, BRISHITESER—
N (FESE) BUER o #1370 BRIEH, HEFRSHEII 0, XEMIETERIBH S B Tia
B F SRE FENERHI. FABNER, Bi1sEXFHEE TSR E, B
BYEIFX AN /512 (BP1)-(BP4) Al IR N AZEEXLERM, MUhEHHRIFEM,

HNR W I BB ARIBASIEAME of (L) B9IE, XEMESHTEERITIT. EERI LERERANERT.

= aindout (32)
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2.5. MPMEATTIZANIERR (FIk)

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

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

st =y ()v,C (33)

HA Y/ () =170, ENBLNTERRE o/(z)), AMHTHRYRE 0 IR, X1MEMK
A —ARRVRE FEOAERTE 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 Vv, 0 (35)

X BRLE SR T XA RV EEFET £ E, (BP1) (BP2) RIZB A Z B R, M1 R45E
B Hadamard SefRMRE EEFHEREUET I,

2.5 HEPMERFIERIER (F]ik)

FANIEIERAX DN ERRTFGIE (BP1)-(BP4)o PRAEXLEERRE Z iR m B TUE NI RIS,
INRIRHEHETUEN, BEABMIERZAI R B CHES.
IR AR (BPT) FHi6, BAH THRHIRE 6 WKRER. NTIEAXTHRE, BIZ2TE

X oc
L _
= (36)
R RETUEN, BT UstmL s ENRSFNEXERR T LANRSH:
L

L AL
. Oay; 82]-

XERMBEBMEBENABEHETT b EIST0. SR, & N DS EBUEE ok K
Fh k=% " MEETHBNMIE 2Fo PR k # j B daf /028 BET . BRI

41


https://en.wikipedia.org/wiki/Chain_rule

2.6. RENEEEX

B LE—PHERN:

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

XIEZHERRN (BP1).
=%, HITRFIER BP2), BEALTUT—REIRE & WEARTIRE s ALk, A&
ZLL 5 =0C /024 WIERETS 6 = 0C /02t FATRILUAREZUEN

o= == 40
J 82; ( )
+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

XIERUDETINER (BP2)o
BNV REM N AIEE (BP3) 1 (BP4). B IAFEREEIVAN, MeTEM T HER
IERAMRM. BIBENB LML,

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

XEFERNRTTA T RAEROANERLRIER, IEARSERERER, BREXLMF EMEH
DR A ETUEN. FATRI LUK & [AE B E B —M ARSI B 2 7oiAR 70 AV HETUE N SR
TTEANREREER AT XEMERAFEEL LRNAE—F TRZSLIMAT,

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

1. BNz RRANRSENNABEE .

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

3 HMHBIRE oL HERPE L =V,.C0d(2h)

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

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

l
awj &

WAXNEE, (RALUBRIAMERIMMERAERE. RMNRE—EFBREITERERE
oo XEEREREFTE, NMAIBMNEEF G, BRNRMINEEE RAEEREIER, XitkAZ
SWE KB AN ERERZE WM AR MBS R, AT EREANEREENINENREZWRINE,
FMNBBEEFEREIVEN, kAMREZIENRAI

%3
- FAREMEENHETHRASGE FRISHIXE—TEIRNEFHENMELT, E1558
MRZTIRMRE (3, wjz; +0), HF f 2N S BRIARER—RE Il Ia0FIEE
AR REEE?
- ZMMZ T ENRAERE  BRIRRITPEIFLEALTR o REERN 0(2) = 2 EERMA
(EFis 07
EANFA] EEPTHRY, RAGEEEN—MIGERTERNRENREE, C = Cy0o TERE
&, EERRAGCEREZNENEIEE TEXIFNFIFEAHTAGER, RII=WFZ]
FIFESITTENNAIBE, K5, GE— PN m B NLERE, TENEIEXMNMLE
PHEREM ENVA—SBE FEFIEA!
1. NG EERNES
2. WEMNEEZE 2. REXWNAVRNSE !, FHITTENTE:

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

3 BETH: WENI =L 1,0 2. 2REw - o — 1Y, 5@ )T Ry -
b 1Y 5ol BEAERRE.

Wok FESEESIBENASRE 6, Bl IEREE— N A L B MIRIERR, T
B2 2 EEAHNER. XBRIELKT,
2.7 X85

BT MR R EEFENECHR, BMNWERTUFES E—ZhFEANLI R EEEDN
RIBT . CIA8 F—ZMREE, EEHTIZTE Network FEFHY update_mini_batch M backprop 7 7%
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 73 AT BH T RS, 0C,/0b; M 0C, /0wl backprop 73 7AR E—TINEARA—H,
XERFNIVIWER—RIVER—MEHARNANRRS HENEHR XA HELE
AT Python BV —RERSIFNEREBILIINIMNIIERNEREREG, 10 1-3 ELZES
REPWEHE=1ItFR, TH backprop RIS, M—LEEBRH—iE, KATIHE oo S8
RAMEBEERN S FrLARRE T XL, HIMT2 I UEEFERANE T, MRELERAILMR
R, (RAIRERESERBNRGHEE URTEER) -

class Network(object):

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

HTHORH B H B R

that Python can use negative indices in lists.

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

z = zs[-1]

sp = sigmoid_prime(z)

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

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

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

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

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

2=

CE-TNIERIELNRARENSERSGZE TN TEIEE TEHNSIMEX —
NN EBFIRP ISR HRITIED. FTUBII BN R AEEEAFEEFS RN
— NI ETIETHRERRRTHEETR. XMUEAHISMERN A UB—1ERE
X = [z1,22, ..., 2], EFSIMEENMMELRETNEDE, MAZETNAAAE, =
BATBISFANEREPE, M1 EXNRRERTTRIRGRE, EFAEHMAENA S BRR, RS
PRI IEHITRAEE. BENE HXM77E TR B network.py REIIX
PHE. XEFMAFAESEFMBE T IARLEREE, PR, Xt/ N MEEXUE
TRHEGTEER (ERREIRRBME, F MNIST X L, FERT E—F8
SKIMIRE T 2 BRERM) . ERFENAT, FrEREENRAGENZEEZR T LMY
BT EE T W IURKLIAT.

28 EWMEEL, RAGESIRENEZL?

EMMERL, RAEERRENEEL? ATREXNMR, BEERS—MIHTERENT
Fo BEIAMEEI LR 50, 60 FRRMEMERTR. RIKIMEHR EEDERERBE T E
FEZIRIAL! AT ILE CRIRERIT, BT ERNMRERENTG . B8ECFE
BHAR D, AERABEIVENRITERE, BT —2fF, ANAHKERREREER, A
[ERIREET o FRUBIAERSZ IR MMREIERNBHAINERRE C = C(w) IS
FAEEIRE). (RAKEAE vy, ws, .. BITES, HEHERLAE u, BESH 0C/dw;.
Mm—AL AR AR N EX AT

oC ~ C(w + eej) — C(w) (46)

ow; €

Hrfe> 0 2—ME/NBIEL, Me; BES j DABLHNBAURE, ®AER, FH17ILGE
S ERNMBEAERR w; BN C K1t 00 /ow;, RBENAAT (46). FEFEFHEBRILA
HKiITHE 0C/0bs
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29. REfEHE: 2N

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

AE, BRNE, SR TZE, BITRRRXENAGEEEEIE, ATIERRER, BREK
1B9IMLEHE 1,000,000 INE, SHENMREIINE w; BIIBEITE C(w + ee;j) KITE 0C/0w;o
XEERENTIHERE, HMNEEITELMNEKE 1,000,000 %, FE 1,000,000 giEEE G
MER) . BATBHEEETE C(w), SHE—RMEEZEEE 1,000,001 Ko

R AEREERER M A LR ERER BT LUEITEMBENRSE 0C /0w;, XER—/XFI
B, MEt—REBEE, MR, EREERITECNHMIEN—E, UREEERS
HItERN A ERENFIEERE, LEEZRTESH, EARBEEEEEANMNE. AL
B AT R ALK EL (46) BINEZL:, BEFLEEER,

XMNREETE 1986 FERFERAIES, HERSHEENED LEBENRENT B, X
WEH T RENHARERD T HEMNEHE. HR, REEEHFEHERR. £ 1980 FR/5
B, AMIERHRERR, CER=EERRBEERIIGRERENS, 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

NTRARINETFEEREUT (HANER, BIERITEEN LM !, #— v
WBTH A, :

XN E = FEE R AUSE ERIHEN A

XA AIEN, BRETIMINIAREEX—FX, TaiAEEIEPEIENTERNEETANEEMNR
ELE, MRAGENRITENERMERNEERMR, XERIERABTELMUIITEAN .

46



29. REfEHE: 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, MERITTUMEIRS, EBERIEERS THENERRAEHER, BARI
FLEEREITE 6C /0wl To
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29. REfEHE: 2N

BAVER— TS Awly SHTE I B j* METHREENTN Ade XMTHHE
TFENASAL:

Ad ~ J Awék (48)

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

REARNFIZ (48), FANEH:

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

R, XD Adt XEET—EIHUEE. KirL, FITTLEBRE—FM o), Bl C K
B, REEMNEEENT VSR T—EMNBEENT L, BREREEMNRSNIT L, &
WEEENFIIINT o), altL, . ek~ al,, BALRBTEXHE
_9C dak, dakt Baltt 9l

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

(51)

BIMNEENENMEINEETIRE T — 1 0a/0a XML, EERLEERN 0C/0ak. X
FRERT C BIE AT MEPXFERE CAURENEN. S8, BINBREERS vl AT
ZREMEMANREARERE, XERMMEREP—FK. NTIHE C 2R E, HIIMBEX
PR RIRERVER IS TRAD, BN,

— l l
AC ~ Z aC dak dal—'  Baltt ddl

: 52
o aa# 8&5_1 (9(1117;_2 8(I§ 3wék w]k ( )
X BT ESR P 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 MY P J jk

48



29. REfEHE: 2N

PEAT (63) BRMEEER. BR, XEHELE—MEIFHER Lo AN
RINHE C XTHBR—MMENTAE, MXPANGIFRINNE: W MEEITZERER
HELBXEKS—PMEUXREF, X(UXE—MERLTBsUEERN T H it L TrE ER R
FHo ME—TNERE M HETHENRREFRE 0d /0wl BENEUREFHIMEX
FEE ERRZAFHIRR. MBENIEWNER 0C /0wl TREN T FrE PIEERI MAT IR E R KL
AN RN RENEUERR TN FTNE—TREZ, XNIZEENT,

BN MEFTAENVABALZE—MBAIAIMR, —HEENET U BTN
o URHMNAHXFTXIMANAN—ERIZRIN. BE, MAILIESEAT (53) RAIE R
HRSHENREI. RR—EMRONEE, THXERE, REILGFRBENERREMRTE
5 HXFr A R BERYIE AR, XM TAERLEIRZ 0k, FE LMD, BFAEXZNEE, 7T
pOXEEfE, A URAIREEN T, REMAI, BCHEIMBEMNRAGE! FrLURE] LIS
RAEEEBRA—MIT EPTE R ERREEURIKMB A, W&, WaER, REEHERL
B—MIGWHIBENE (FMRE) B ERRIERE, XmBERZMAN R AR,

AR ZBERNTE. RAAXIMITAELLIRTH, MRIMEPE—T, sIURHEM. B
EIRAERE, FBHEXMEBLET TUR LULIREEDS Bir tIRME & (%%,

ABELth By — LA MABY M e — & RS B AN EIE— AR A2 FLAY? KRR b, SNRIRERFEZN!
WI4E HAYM R, (RESLR P R R BN —MIERRR. T=0E, LRSI AEREN A
BIERAE KA EMNE . BEA, RIEANERE (FIEMNER) BNERRINERAIMA? SRS H
KB XTRKIERRAT A, MEANEKERES T —EHERNA LUHITHOERM S, A5
fRET—LERE, [FETEMERILEE, 5 TH, AEXERIN—LEMRAZHE L. HI/L
TERIERRBUHE, MaRMRANERAEERT TR, EAMBIRT REMISHAET
7! EBLEFMN, HEERFMEANEIEAEIEMNER. ANIBRERZ RIS
AR TIERVAR R,

CFE—NIWMSE, T2 (53) PHPEBEEREM o)t WEUEE, S Z A RBIREBAN, Fla 2L,
ERFREEE, MRMEFRIXNER, MBLALERABUEE o', (FEINIEBRERLASRIEA HAVIERH

ME AL,
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3E

HHEWBRIF ST 7E

i

Il

&

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

REPRBRABE: BN RERBNER —I BN RER; N e’ 89
FiE (LA L2 Bef, FRANIGEIENANT E), XRERANRINSEIGREZ IR
Bz, BERINENGN S E;, REEMERFNBSUNR AR L AFERBE
B —ERBHEMBANTH, XENIEZERVRIIELLIRR, AR LUEECHER
WEE. AIEENERLIMXERA, ERMIIRIESES —EPRID KR %R,

B2, HNMUNBET ABELEHZNERMARLBEHIBRAN —RRRNE. MR
WEARARPANINRERE, BERAANMA—NHBOREERN, XBXRPIUR. EiETXLE
FKEBARNNGXERATSNIEEEER, MAZRUIR AL BRI LR
ARVIERE, XU MUFER R REF = EMMERARR 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 :

BNZNERZX M EZL TR —HIFEBR SN LRA 1Y N 0. 28, XEERT, F
THEGENNEMREMAIULT, IPBEFAFITE AM, BRKERBE TENAI
REINENREBREB L. FTLL, FAIRBEEHLTNEF o
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3.1, RAXJBHATERER

AT OIFERH, RSEARNEMNRENBL 0.6 70 0.9, XERZ—ARBIFFEA
FIRERE, FHREEFZAEREE. —FHIERVELThELHZ 0.82, FILUXERNIBBIRE
H 0.0 EEBRZ. REMITEETATARN 517" RHREEHLTNEF I 2 iR
0.0 B AERXHANPR—IPELREHE, RBINREELF EREEHITHRENITE, ARE
BREEIRNNENREHTEN, HERTER, REFIER =015 #TFI—HH
EBBNLIMNREF ISR, Z—7EERIET FINNEREZRA, IR ZFE %
To RMNMERBEINEE —ERZINRRE, C. XEHBRATEBRTIN, FIUTEER
FREEEENT. AR, RALUBIKREMIEEFASR “Run” HBEEBITHEZ Ko

Input: 1.04©—> Output: 0.82
w = 40.60

b= +0.90

Cost

Epoch

FEEIXAHARYIEIN, MoV, NE. REMNRNMBNERIN TE—RIIEAHAR:

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

b= —0.08 b=-0.51

Cost Cost

T Epoch T Epoch
50 100

o1


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

3.1, RAXJBHATERER

Input: 1.0 Q Output: 0.15

w = —1.01
b=-0.71

Cost

Epoch
150

Input: 1.0 Q Output: 0.11

w=—1.21
b= —-0.91

Cost

; Epoch
250

Input: 1.0 Q Output: 0.12

w = —1.13
b=-0.83

Cost

T Epoch
200

Input: 1.0 Q Output: 0.09

w = —1.28
b=-0.98

Cost

—— Epoch
300

IESNPRERIL, fREITRIEMF R T EE AN KR TENNENRE, HHTRELHNEEN

0.090 XBANEIAMNBIBREH 0.0, EZ

BART T BRgINMERIENENREE K

B 2.00 MEFIRMmEN 0.98, XEMERMMENERRS K, WEBEHZTT IRIRE,

Input: 1.0% Output: 0.98
w = +2.00

Cost

b= +2.00

Epoch

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

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

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

RIAXMIFERNTEFENESEREK (n=0.15), FIMTUETINFENZESIRERLLR

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

T ABERMALZITRHERER, ENFALTAKAR, HIEBEEILELR

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

AT EEXNRBRYRE, BRRIHL T8I NENENRE, FU— MUY
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mSE (0C /0w F 0C /0b) RERVREF ). FFLL, HANER “FIRE" B, KhrLmEil
XERFERR N ERMIMNAXA/NEIRMNERBIB. AT EEXLE, tHRINTERS
HEE, RIN—BETRANEARE (6) RN RANKE, EXWT

2

o-w-a

: (54)

Hrh o 2HETivREE, JIGFmAN e =1, y=0NE2BEFaL. EXMERNENRER
TRIAXD, FlB a=o0(z), HEF 2z =wz +bo BRAEIVENRKNENRENRBSERE

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

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

sigmoid function
1.0 4
0.8
0.6

0.4

0.2 A

0.0

BN UMXIBEIRY, HEEximdiEn 1 PR, hETEENT, o/ (z) MR
INT o F5E2 (55) FA (56) LEIRBAT 0C /0w F 0C /0b =HEE /N XELMEF SIEEHREAFT
. MB, BNEEBSIED, XMFSRE TENREESSPR EtEEIN—ARIERERNEF S
FIENERRA, HAMUNEEXMFHFREEN.

3.1.1 SIARXERMERER

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

T
M
T2 T3 b a=o0(z)
3
€3
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TV o = 0(2), EF 2 =3 wijz; + b BEABHERM. Ffi 120 TEIGXH
TR SO BRER

1
C:—nz;MMQ+ﬂ—yHM1—@] (57)

Hehn 2YIHEBIERN 2, KMBEFAENIIGKEAN « #1789, v 23N E iR Ho

FER (57) BERAFS)IERENRTEHTBEE, LbrL, EEBXNENEBERRNERED
AEREMBIN! HRRAFEIRIERT, HIPREBERXXIENFAIREBHEREL— MU,

R BEBEANRBERRRER. F—, BRIEAH, C >0, AIUEH: (a) (57) 8
RAFBIFFEIRILHIER R A, FRANEEBNEXIHZ (0,1); (b) RMFERE—1 1S,

FZ, IRWNTFFRENIIERN v, METERENREELBERE, BARBEREZLO0,
BAREXMIFH, y=0Ma~ 0, XEHRITEEEFINER. BIEILR (57) PHE—TM
HEET, ARy=0, MEZMEFLEME —In(1 —a)~0 RZ, y=1Ma~ 1o FTLITESE
PR AN B AR H 2 B ERE ), RN EHERBET .

g EFR, XXBRIEND, EHETAIRTNEBRENRESEDRL 0, XEETHER
ITEEMRNREAF M, ENXEFENRTRRNRBEEN. T, KIXBHRIERETH
BT BREIXBANBHEE— M ZRANREEFNEERETEE T F S RE TN
B, NTFEEXMER, BITREEXIXBREXTFNENRS . Hi11E a=0(z) KA
2 (57) P AFREETCAN, 53

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

BB 0(z) = 1/(1 4+ o) OEX, FI—L558, RITAUEE o/(2) = o(2)(1 - 0(2))e BE
FEAIREBRINHEXD, HIER UEEEER MR, BB o/(2) M o(2)(1 - o(z) X
FIES IR EEAET, FUBATRARE:

oc
8wj

=~ Y (o)~ ) (61)

HXE—MIERNAN. EHFRIMMNEFINRERE 0(2) —y, EHRBHPRIRERNE
fille BRANRE, FROVFIRE, XERNER LHATNER, 530, XMUNRETER
THRETRANERBPEUSIET o/ (2) SBRFIEIE, W52 (65). SR/AMERRZIERINY
&, of(2) WAET, FIUBNABREX LD ERIRLRRFR/N XFLIFRIE R BT KAV
Mo KPrL, XWHABIFFETENER. HMEREALUESR, ZXXBHELRZHE XM
MR —MERE T,

"ATIEREREERICEMAL y R 0 X 1. XBEBMADKRANER, Fl, BitERRRH, BT
AN M MRS SR ER A, BEERTERIIAIES.
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RIELEBARY A, HATAILUTER X T RENRBS . RXERBLTIFANIE, (ReIEL
RS WSS N
% n Z(U(z) —y) (62)

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

UHRNERRRINGF, REEBRR T RXXBZEHFS T2, WEDNRIRBEIENSE
FCE RN, FIatERN 0.6, MWENN 0.9

Input: 1.0% Output: 0.82
w = +0.60

b= +0.90

Cost

Epoch
Rl “Run” HABETERMRI B Z EMESHNEIER, MREFN T ZHadL:

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

b=+0.14 b=-0.28

Cost Cost

T Epoch T Epoch
50 100
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Input: 1.0 Q Output: 0.18
w = —0.90
b= —0.60
Cost
T Epoch
150
Input: 1.0 Q Output: 0.07
w = —1.47
b=-1.17
Cost
; Epoch
250

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

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

Input: 1.0—>©7 Output: 0.98
w = +2.00

Cost

b= +2.00

=i “Run” ¥, REEZIINFERYL:

Epoch
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http://neuralnetworksanddeeplearning.com/chap3.html#saturation2_anchor
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Input: 1.0 Q Output: 0.59 Input: 1.0 Q Output: 0.36
w = +0.17 w = —0.30
b=+40.17 b= —-0.30

Cost Cost

T Epoch T Epoch
50 100

Output: 0.13

Input: 1.0 Q Output: 0.22 Input: 1.0

w = —0.65

O

w = —0.95
b= —0.65 b= -0.95

Cost Cost

T Epoch T Epoch
150 200

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

b=-1.23 b=-1.49

Cost Cost

: Epoch : Epoch
250 300

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

HIEKBRRNABIREIR T HAFEIERR, WFRER AN KRR, HIIERT
n=0.15, TEFHBIFH, %ﬂLfﬁ@%ﬂﬁm%Tﬁ$M7iﬁt ﬁ%?ﬁ%ﬁﬁ@ﬁ,ﬁ
MAREBEREERRFNFIRR, XIFLERMEFRILER WTXMAPAN R, HR
BB B EAYSRIRIE — P REBIL VB R BRI ENF I ERRNE, REFTERIRNL,
BINRIRMDATFET, X MIFHRZIERT 1 = 0.005
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fREJgEa RS, LEFSRKANEHE LANERETEX, BSERIFIERKRE
REREEENENEHLTFEINRE?! IFNRNELSEMEER, FENEGIAZE/NY
WEINENERE, MEBHRT IRENZWIE .

i, BIROVER RN, FIEMHZTIE T RERNBEIRIIHERAILLF SRR
BELERINRERE,; MERRXXEES ERERETLTRERRNRREER, [, =
FAVERBRANEREEY, ST EHREEEIE TRESIRNEE, FITEEM
18, MERRXXE, THLTILRAEFRNFI/ER, XEPKHAMRB T UNEAIREF S
R,

BRIMNEZMAR T — ML E. T, BEEHBERZHLTNSEHENE L1
BIREEH. Frlt, RI&y =y1,p,.. SRHELTENERE, Mal,of, ... BEMFEE
Bo MARMNEXZXIFIOT

0:—%§:§:@ﬂmﬁ+w1—%ﬂm1—@ﬂ (63)
P

BT XEFEX A HSETTHITRM 30, 5, XPELMBENPaA (57) 2—F
o XEARAE—THERTE, BRERBHNERRAIN (63) LR ERZHIMLMET
BRF SRR, NRIRRGE, (RAUREH— T NEFENES.

BAFRNIRZTE T ABHER R ERE R RANEE? KirL, NRERE®ETESE
LT, RXB—RREBEELFRIER. AFA? ZER—THRIPBIEMNEZINEN RE Y
BB EREMIEN G A, AIRRSREXFNER, XEBEFRENEE]IFRENRERS
BRE—Lbimn, BrmEE 1, MRMRER 0, B TERIK, NRFANVER ZRANELL,
BAXMESHFIRERN T E. ERATET2ALEFINTRE, HAXRENERFFEMEM
A ARRHITES, BEREAXTERITEENHR,

%3

- —NNEEARL R NI AR RS S EEY, RME— T FISEARLEE N y A o BIRAXI AV A Eo
XEpunigt, RARNWERFERZ —~[yIna+(1—y)In(1—a)] 2 ~[alny+(1—a)In(1—-y)]o
Fy=083%E 1 NREE_PNREXNEREF? XPNOJRASEIE - PFRED? At
A2

- EWENELITITIER, RIEROREPIBRIIIGIUES o(2) = vy, KXBRR/) X
MEHTELRN y RERFT 1 HE 0 BXR. XEDRPE—MREAITHY, BEXNEMAY
B (GAEIAEIE) y AR 0 A 1 Z B BFRiElERY. IEPR, RXXEXPAEIIZGEANTE
o(z) = y FDARRIMEB. LEITRNBRIRTE !

=23 lyiny+ (1~ y)In(1 - y)] (64

MEF —[yIny + (1 —y) In(1 — y)] BEHEHIFA ZThH,
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http://en.wikipedia.org/wiki/Binary_entropy_function
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- ZREZMEZTNE AL —ENEXFS, AN RANKER, XTHEHEINERNR
SRSy
L
% 2 e —u'(eh) (65)

T o' () SE— MEH R TR R EN SECE SR . N T UE AN
8, NI - BHIZE oL

ol =al —y (66)
FRAXNFRATCRIEBEX Tt EINEN RSN

8w A Z ay a - yj) (67)
j

KB o' (2F) BUBKRT, PR ERER T F RIS, MUEE—THETL, M
E?‘;Fﬁﬁﬂﬂjﬁﬁtf’ﬁ%o XA IREFE U RE L ZE B, WRIRXIXD
EARHE, BABFLAE—TIE D,

- T BERALKMRFTRERAZRRANEE RIEH(TE—1Z2ELZBE TG, =&
mHENME T & EMET, i AEE SERFIERNER, meE a]L = zj o 1ERA
MRHANVER ZRARNEREL, BBATEMNNGER ¢ N IRER 2

ol =al —y (68)

KBTI — DR, ERAXNTAIKIERX L ERNENRENRS N

aw A Z a a - yj) (69)
J
oc 1
WL " n Z(%L =) (70)
J T

XERBBI R H LT BRI A RANRB T B SHFIRE NENRE., TEit
BT, ZRANEREE TS ERERE.

3.1.2 (FARXXBFIT MNIST HF#H1THHE

RXIBRBZENERBE FTEMNRBEEASNHITEREFZIN—E9REM. HTE=X
_EE/]EEJ&TTX# HU@E’]%E% network.py E’]E&lﬁo ?FﬁE’J%zF"—ﬁT‘ + network2.py EF'; T'TRT%JEHT
RXIE, EEEZERNANEMFEAR?, WEBRNIEEFNEFTHTT MNIST FiF o K03
ERRM. WEEFE—FZFE, HIIER—NEE 30 MREUTHMNE, M/NLEFIENK
IMBIZE R 100 BAPEESHERFRIZGE N n = 0.5 3 AEIIER 30 NERE networkz.py AYEEOIH]

ZAB3AT M GitHub 3B
SEFE-BEBRNAT XN n = 3.0 WESIER, FEEALIOT, HEHMEE SN RERTRE “48F
B FIREEHRMTA, XN S FRIPANRER, TLHETBSHERE, BEMT KHREH—NE

SER AR 2 SRR, IMEE— T, B— e IEIRaR T B R AN 9% SRR R RA S, ]
ZHBEN, TRRNEBERNE— MM o = o(1— o). BARRNHEXIRE o AT, [ doo(1—0) = 1/6.
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https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/src/network2.py
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network.py THIMARE, BREFEERRBEEN. IFELUERL help(network2. Network. scb) XIFHY
ﬁ‘ﬁ%%ﬁ% network2.py E’\J%DS‘(%’IO

>>> 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_data, 30, 10, 0.5, evaluation_data=test_data,
. monitor_evaluation_accuracy=True)

AEEBT, net.large_weight_initializer() B EEME—ENANREEFENS A RFITNG
MMRENBE K. BINBEETXMHS, RREARNEETX—ENEEA KT RIANNEY]
e, 1T LERBRITER T — 95.49% HEHRERHMLE, XERINTTEE—=RERT
TN B RNEREHIZE T, 95.42%0

BRI EER 100 MEEEETT, KXEMEMBHRFATHNER. EXNMEET,
BABRIE T 96.82% BERE, HLLE—EFEE AN REBNER 06.59%, XBE—ENIEF .
XERRE— NIV, BREEINZEXEEM 3.41% THEEI3.18% 7. HIBEHEK
TRIREN 1/140 XELZRINMICGH,

S ANREMNZRX B RN RELA T AT RARNIEEE S E BFNE R, M, XL
SERHCEREBAHINIBARI X BREFINIEE. BRETRESRE 7 O FEHERFRENsES
RE, NMNEEHIBANEEXENBSH L, AT IEXERABERR D, RMNFEHTE
SHHITRENMN . A, XELERMARSATEN, NETHRMNBEAXRTIXBMLTZ
RN BBIRICIE R,

XARAEZEFEHNABTMNEABRRABTFHNEN—RIEXN—E 9. FRITEAE—1
HEAR, AE#HTEE, BEERE “RBAN £R, 4R, FIXEHTEREFN, BEXLE
RANBRE—ARIREBREES, ENREERNET T AELIERME EMiB S e,
THWEEBUR . TIEERA, BEAENITEES, BIIBEUASHITXHEMNRIEH.
&, BRBLEEHTHIBLERERXBNIRIAELE R RMIREICEXERMNR A TR =
BAVIERR, HEFEACLBBRICMIANBITR,

ZEit, BMNEKET AERBNARXNE. N — M REELTATH MNIST ARHR—R
SRR ATEEXAZIE? BE, RIMSBINEMIERA—IEh, 2FREAN
RAMR, FIUANAEXAMBHITIERXE? BoRERETTRXBE M SZERIAHNE
B, EEFENEMR, ERENEENRAZHALTHIENR2HAENER—NXENRM, B
PESREEIFX MR L, REFRIMERNTIERZ B ER A XE— TR IEREE T
TEAN U g0 R XA R RE VAR 47 B SR B

3.1.3 XXBHEX? FEEWE?

AT RZIBNTIEREE RN AIEEN. XEARER, BREE T T —1KEE
[EIEREMTEZHMR LA, W IXBRERTHA? FE—EER LHEZIER
735057 FA T AR M

NN E =PRI REIE . FARRBMATIMNERRZIE? RSN LKIAFSIERE T
[T, FEBREREAZRNEAT (55) 1 (56) BB o' (2) B—Ie EHR TXERNGE, FTA

A GFEAAREM) BRI ZRANN THEBNFESEER, LITFIIE 6 BIREHITFE S, XERHRN— 1 EENER
RIEBZTRANBFIERKIRL 60 HA, XMNERIFENE, TUARINEXT. A3, BNEXZEMEANER.
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EEMSEEIERE— T EE o (2) BIUNRE PREL XEHES—MGER 2, AN C =C,

oC

%Z%(a—y) (71)
oC
b =(a—vy) (72)

MR DERBIANRBUH X LM, BACHIsiRELIE 2D N2 IXFREE: V8
IREMA, HETFIFHR XWREBMRFIRE TENRM, Kirt, MXEAQTNFE,
NEFNHEERERNNHUFHNERHESHI BT AZ T8, HIIKE—T, BEVA
n, A8

% _ %a'(z) (73)
EA o'(2) = 0(2)(1 — 0(2)) = a(l —a), ENFRHRTA
=) (74)
sTtER (72), 18 0 aey -
da  a(l —a)
NI HIEXRTF o HITR D, FE
C=—-lylna+ (1 —y)In(1 —a)] + constant (76)

HA constant EMRNEE. XE— MRMBNIGHFAR « RN EEHITTE. A TEHEBHHK
MR, FNNBEXNFIENIIGEZETTY, 52T

cz:—%zzwma+(1—yMMl—aﬂ+cmant (77)

xT

MXEREELZFTE RIRNEERN T, FIURNERTGE (71) M (72) M—HE 7R XIE
orl, FMET —TEENT. XPRXBHATEBEEZTEN. MR B 2AMIE £/
T3 ERISRIE R

PBARXXBER S XXEMHA? BNNEERE? RNEEX—R BRI E—MFKE
FINERuE. A, ERERR T, A WREERICHBERI BN AT, HESH
W, XXER “THEIL" N—MES, FiH, FMNELTBETERE z -y =y(2). 8
B, ERERI e - a=a(e) T TER. BIKINF o BRAEF(TELTHEIT Ny = 1 BIE,
M1—allZEy=08R MBARXBEEINFIZ] y IERER TEIERNAHEEL. A
REETAHENER, THEEMS N —R; RZ, THEMEMA—LE, S, AXELE™
B “IMAER HREWRENA, FIUEERGESSEHK. BEXMFL, AERIETAE
—MEBRN AR EX THREERER T 4. NI, REABRAENSE L, MEBFR. &/
B, E2ENXNETARITIL. BNRMFERNT #HE, #EAREE—1MEENZLES, X
RIS IRIEFHIRERX DI, MEIMATBINE, RIIRILAEEE Cover and Thomas BISERE
Wk Kraft RFEABIE XERIEHINE,
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http://en.wikipedia.org/wiki/Cross_entropy#Motivation
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A&

- BONELRNIE T B RN REBI WL FR 1 4 A 42 o I A BT iR 52 S 42 18 Y [P)R,
S—PEREEEMFEINEEREE AR (61) FEY z; T BT, HBAN 2; #7089,
SNVAINE w; =F IBHEEIZ. RN AR LUBE R AN BREREER «; THIRZIE.

3.1.4 FEMRKE

T, HNKRSBERZEAXBREBRAFSRENEE, B, HAERENDA— 5
— MR RX NN A, ETRYERKAE (softmax) #ETE. HITFRKMGRER THET
RERARMEAER, PRURINRENE, METUBRET—NMIT T, A, RUESKETA
BEEZMNE, —HHEASEER, Z—7HH, AARNSES A EBENREFEZMNERY

R ERARMERKRER,
FMEEXEVEELMENHENEE X — M E R, FI8igM S BE—F/Y, &

FETEBIIANY 2F = Y whay ™' +bke T, XEHNFAER S HRHCRRKISH L. M2,
ESAEX—R ENA— MU HRERAERIE 2/ L. RIEX DRI, %5 MELTHEEE
ok FhE

J

~L

L e’
Yo 2ok et
Hep, D&FBKIZEPE R HE LT E#HTRY,

WRIFAREX MR M RAERE, HiZ (78) OIReEB RS BEIRRE, RN FEAX
RERREIT N B R X RFEIEBNRBAE AT, N7 EFIERSIE (78), &
BEITE— N EATIANG R RE TR RE NG, WRITIANEAGN, FRH o5, 2L, 2L 2L, T
EIR G FRBYPEZERER B RENEANAIEE, MXYNEEEEENER. ZEREE, —
NMFRIFIARII S 2 AR ERRY B IRRIE N 2L

( ) l l

(78)

2k =25 af =0.315

( ) l |
2k =1 a¥ =0.009

( ) l

ZE =3.2 a¥ =0.633

( ) l

k=05 a¥ =0.043

TR BT EB R E LAY JavaScript 1214

HIRIEI 2f BORYE, (REILIBRIXIRIBUEE of RSB, MEMBVBUEERE T, MM,
SNRARBEAR 2§ BRA of BABEZ T6E, MECHEENEM. Kirt, NRIMFHAE, RER
ERMEBLT, BEMBUEENENRERIFERT of NEUNZE. RER®ER, RIEENX,

EEARMEAENIRTRIN2EEFARE —ERNBNTS. NRGBECETILRS, ROEREE
—F%B_%o
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W RVEUEEIIERES N 1, AR (78) el TR LAIERR:

2L

E . J

§ : J oL
j 2k e

FREL, 3N of 1800, BARMBLAEESERSHTEERNE, REIEMEZEER
A 1o B, KMREEXTEMBBUEEDFE R E.

12 (78) P RIEML AU EEN R ER, RANERRIREN. BXRRETENR, B
AFRMEXREENBEE—EMEINN 1 EENES, 52, REEKEREREH P UKREMR
B—MEE D,

XEFHMRRLARE. ERZPIEAT, SEBEHLAULE o) ERENME T EREHA
J BB RIFE S @MY FTLL, LEIO7E MNIST DRI, HATRILUR of BRRERMZE (S
THEMERF RN j BIE,

=T, MREHER SERE, BARMNEENERILAEEIR T — MRS, FA
R —m, BRIRE S BEERBUEER ISR —FR DBV —RRIC IR, FrilfER
SERHE, FNIREXF— DX T RS ENE R,

%3
- ISR FRBAERR S B RRMNBTEEEUEE of BAFTSHEN 1

FMNAAEF A BIRERKERRVENAITARIET . REM—T: EAT (78) YIS
HHRERTFIERREBUEERES. AEHE (78) PN IR XARIET 4K AER R LA
79 1o PR MEFENFE R RNBGR 2 B E IR T R — MR L BUEEF R — 18
KRR BARNS . MAILUGEBRM—EH AT 2f 5%, RERXMEREGEFRN
— MR D,

%3

- RMBAENEANE SERME j = k1 0ab/0:k NIE, j £ kEAR, SRS, 80
SIREWRINMIECEE of FEEEMFIERHBEE. RIEEEARETHIRER
MBI T — s, KB B BT t— N,

- RMRAENERBYE S LRH— MFRRAL ok BURHIAN o = o(=F) BRLK
RENTM T RIERAERRS, FRRXHOER: EARENRHIEE of K
BRI

=3

- BREMSERER BREFBNVE-NERRUEERERHEHEHENSG, AEFEE of
B, AN NHERANITERA 2f = Inal + €, HPEE C BIRILT j B

FIFERE: HNNEEENKEEREMALTER 7T —EMNIANR. BRHINEREE
A RUERERREARBRFIRER R, N TEMXSR, LN EX—PIFEERMA
(log-likelihood) RMNERER, FATVER = RRMERIIIGRN, y ZRANNHBERREL. /X
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B MR N BUXTELASA U BRI 2R 2
=—In af, (80)

PREL, WDRIENTIIZREYZ MNIST EltR, 3NN 7 ER, BRAXRZEYSEIMARNHLZ — Inako
BEXTMER ENE X, BEIMERMBIFHINE, BREHIAEAR 7 IR, XY, s
BT — PN RZBIEER of BB 1 IFEERE, FIUARHN —Inal IR k2, WRMEHIRINE
KERT, B of MB/R/, AN —Inal BEZIBR. PR EMSA RN R B 2 B A THATE
AU ERERBI A BV,

MRTEIRIEIEE? ATHME, BEIE—TFEIREBHIXBIEE 0C/ow], M oC/obk
BT, HAZERMAEIFMIES —INSTE TERETPERMR)THaES —ER
B — R ABEERAEES:

oC
9L CLJL — Y (81)
J
oC _
wk ::aé 1(a§/—’yj) (82)
ik

XEFZESSHIATREX S EERRIE M. SEFHIZ (82) M (67)ttE. REEEHIIE
MNGHFERFTT T, FIENER—ER. ME, EARENDHN, XERAHERIA]
ARBEFIEREBHIPE, FXE, BE—PEEBWHMARNHNREESKERLRE, BIF5—
TEERXXBANE S BlanEIFERMU, X2EEB.

BT XERAEMNE, REIZER—NAEBRXXBEAND SBEaLE, EE—MEEXHINA
RMPIRMEERXRERLER? KixtE, A RZNAHRET, XWMD IR REBTE ~EF
THARE, HMNEEA— S EEHEMIXBANHNES. BEH, EHAER, Ri1EE
ZEAREEXRERDEMXNRMUACHAES. TRHRAMEN T ILIMRYNEMRE LR
BEZMANFAREXXPREAENEMN. FA—MEMBRIAAE, REEAEMN EXTHRM
ANASENERTREFERRL AL ERENRRNT R, BACSR—PEEXLRIR
A, BREWN MNIST XMEEFSEER D KB _EHLIRE R

GE
L SR (81) A (82)

- RERAEXINBMMEALR? BRISHINHE-TREERKRERL, ERMEHBEEE
XaR

CZL

L e’
aj = S, oo
Hp c EENEBE, A8 c = 1 WWIMENRESRAKERE, BENREMNERTREL ¢
FEIRERIREL, HEAR EMEREENRERAKEREBZREMA, 5o, JERRML RS
BESER—EED S, ENBENRERAERE. RIGENTF c BB, L0k
¢ = 000 MAMEBUEE of BIRRERMTA? ERRTXNRBE, RIIZEBBREN
ERXEMRTENER, XEMN y N E—BHPNRE, FE—EPERIIE v RERTMEHNEIREL, F120, W

KRPAR 7 WEGEE— 7, BEETROSED, KAy TTYNT 7MEAEENRE, B, EB— 1T
B 7R 1, HEMBUERZ 0 RE,.

(83)
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AR ¢ = 1 WUHRBEFR— P EBAMRBVLERNBIMA, XERERAE
RNIBRIKIRo

- EMRABUMRUANRAEE F—5, RIS TERS DRIORAGETE, »
TRAERERABRONE L, RIBEEERRE—B LRENER o = 00/0:L.
IERRTE VAN T

oF =af —y (84)

ERXNRERN, FAIUECERREEXEEMITRPAZAHBIMLE N A R A%

3.2 TEMSHISEH

BEIURRIRGE, DEFREER - BARE—RRIPEIB —LERHEE H— MR
B, XPMHFREZ A —DEBERARMERAIEED, REMLRIFEILE, BEFHKA]
SHEFET e, AR ERLENBHSHESZ DD, BRRE 4. BREZE: “Hid
FERPERAE - B EFREIEEYR, BENSHR, HAILURI—KKRR, MBELMSHR, &
TRELLthE ST

X8, HLBnHEAENBBSHRRARE AR ETNIR. AIEXIFIIREEET
BHPSEEEE, BHFTERTE—IHRE, ANXAEIRRNREMEBZNERE
BREA LRI LFAELENNNBIES, MARERELERRNRIER, FrAREXHE
RS, RN BEENHIERRINAEY, BENHIVEIEREZ M. N—MIELEIERTNILH
BEXNRA NI FNEE .

FARNG EFRSNE O NS AR F T GITEE 7o TR MNIST #5577 3889 30 D
BRI T EIRE RO 24,000 P2 BARZ. 1B 100 MR THMNERE ik
80,000 N2, MEMKRAHKIREFEZNEEE AHRVE TZRHNSH. FMNIEHX
LERAY

IEFATBI S — WL RET IR ERI B FEX MR E B, Tl IRYMLEAE 30 MR
27T, 23,860 M2, BRI F=EEMFIE 50,000 18 MNIST JIZRE &, Bk, IR
fEFAAT 1,000 lBE&R. EAXPMZRES, FILZUHRBRE, HIHIERZaREFNHE I,
ERRXXBRNEE, FIRFIGEN n= 0.5 M/ WMEBLIERIGEN 10, TITXERITE)
% 400 MERH, tERTEMEZ L, RARMNKRB T DENIGFDR. I IIERER networke
eI RN G S N
>>> 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,
. monitor_evaluation_accuracy=True, monitor_training_cost=True)

A LEENSR, TITUE L EWEFE RN EHRER

O XA 5| I E R B —FS Freeman Dyson FIERISI ANMMINE, MIERHXMEBRENEREMAZ— —D
FTFONSEIEIAZRIIF) F BT LR E $#Eo
TIXANEIFE AR E T SRAOPONERAZRE overfitting.py &A%
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http://www.nature.com/nature/journal/v427/n6972/full/427297a.html
http://www.johndcook.com/blog/2011/06/21/how-to-fit-an-elephant/
https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/fig/overfitting.py
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Cost on the training data

0.010

0.009

0.008f---------------

0.007

0.006

0.005

0.004 - -
200 250 300 350 400

Epoch

XERRSAIRE, AARNKREE— BN TR, BENMP—H. F2, HREET
7 200 F) 399 EAHERIIE . XA T RGFAIEBIEAIGEHNE R, HRENEBINER
B9 75,

IEENMNEBE D LERTRENE EAIRI:

0,
82.30 ‘ Accuracy (%) qn the test data ‘

82.25
82.20
82.15
82.10
82.05F [
82.00} -

81.95

81.90 - -
200 250 300 350 400

Epoch

XEHRARRED T REMNITRE. 87200 ERE (BFEREER) FERKEAET 82%.
REFIZNTE. =KL, 1280 SRELADREREMRFLTIEL. EEAENRHE, XX
EE T £ 280 A AREX B BERENB/)VER. BXIEEMeIEmEHRTIE, simAE A
WEEIBEXNANIFETE TR, URHEMNIEBRNMMN, LUK NBENRITE B
957, BRMNEBER R TRAREMER. MEEX TR MER —1E, FH1IHW
(R7E 280 R EAEFLATERERSHE IR 2R Lo FTUUXARBEAMNE S, FATIHMLEE 280
ERHEMEEME (overfitting) FEREIIL (overtraining) 7o

AR EX BN AR 2HETRNMNENBIIGEENRN, MM AZNIRNEIEL
WRRERESHW. R, TeERNXBEMTERNBFHITE. MNRBAILRIIZREL
ELANFNHERE LN, sREF4, HINERERRIEMUNESNE? &R
DUEEBRTER MBS M9 EmEM? SSrE, FERIERAAEENAR, REATS
Tk, BERRLEHE—HEN, ILBITREENNEIRE LN THIER:
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21 Cost on the test data

0 T M

] RIS T

1.2
0

50 100 150 200 250 300 350 400
Epoch

AT B EIA S RN 15 X AURIRI—BARR, MEEskiE, REIIGHES
ERRNERIBEREFR, XELEF—MREIENGHTR, RE, XEHRTXTH
IR =R 15 12 280 BRI S FR I B G a2 T IRV E R BT M—PREAE,
FNENROHZRANRSIEE ERDLERE, MIXES ENANTIED REHRYN
— MR FrUEMEERNERMER 280 AN 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

"0 50 100 150 200 250 300 350 400
Epoch

MR —EAEREOR 100%. BRI, FlIBIMLBREISIEFMMXIFRAE 1000 BERHITH
K mrERES, FABCUEERRNAEIEIAE] 82.27%, PFLATRATBIMEE LR E1EF SIZRER
TEERVIS Y, TAERER —ARMFHITIRG. HMIBIMNLE/ L FRERMAICIZIIGES, MREN
BF AR TIERRRE 922 L ENH R SR L

HENERHEZNEN—PEERM, XENANEFRRFIES, RANENENRENS
EX. ATBRMIL, RNBE—RNUTENGEFIBRENRA, XEFERINFZIEI
%o FFEIN BB R — LR ARRKE UL EIN S RIR I,

K EIXNERIBRE AR R LI 52 —IRERNIR PSS ERVEMRMEIIZEZ LS
o WNRFAVEZINHBIE LBVERTAFIR, BATATRIFL]IZ. 24, Mg, XH
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SHIFRIEDEN—THERNR, ANNHEMNGE LRVERKREIEERRNFELER . 3
78, RARXFIREEA UEIEIEDEH,

Khr L, FMNEERXMMREAEUFIRKIAL, BB ZARMNEAN MNIST #HENA T =
MRS

“*python

>>> dmport mnist_loader

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

FIIMERANT—BEERE training_data fll test_data, R BT validation_datao validation_data
FEET 10,000 BHFE G, XLEGF MNIST JIIZRE3EEFH 50,000 18 E £ LK M
HHEEFH 10,000 BESAHEE. FHAT=E A validation_data M A test_data JBH LB EHA
Bo HITE N test_data FAM FEIZFINARNRLR, RMNESNMERBNREEHITER
validation_data ERZDFOEME, —BRIEWMIEZIEM, sEIIgR. XD R vREa
Bk, S, KFFENAFR, BRI FETARBRERERMEN, Bk, Kils—8IIGE
AN AEERESEMENS,

N E(EF validation_data RER test_data B LlEd A& in) @R ? ;’:B/]_'\_t, XEe—TEN—
RREVSRESHI—E0 5y, XPD—RRBIERBETAREA validation_data REG2FEEBSE (QNEHHEE,
FIRE, REFVMBRNESE) OEENWNR. RIMERAXFEFERRIBESHNSEE,
AHib, REFMERHZERAXR, BEAXLABFIEELEHN AT — LB HEENA
Fo (BZANRAEARESEEITIC)

R, XMREBRIZEAT AT validation data MR test_data SR LT EIAEBIIA]
o KPbrt, B—NMEMN—MHIRER, BRI validation_data B test_data SRIG B EIFH
BEH? AT7ERXR, WEISEBSHN, RMTEESH TS AEANBESHERE. NREA]
REBESHERT test_data BIE, FAIRRALTNMSZEEILTEPE T test_data WBZSE, 5L
B, BITATESIEIBLR S test_data FFRAESE, BERMKREREFHTEBER Z LRI HA
HIESRS Lo HAMERN vatidation_data RKEARX MR, AF—BRBTRENBSH, =LK
IIRLIER test_data BHTAERENE, X487 BAIE test_data LNERZ— I ZIEENE
ENEEFRNEL. MREZ, MEAILIRRIEERENE —MISHIIGEIEREBEKNZF
SIIFHEB S, XMIFHFINBESH G A B E#EIT hold out 574, [EF validation data
M traning_data YIGREFRBHEE “EL” B—E50.

FAERNAR, EERBET test_data MERE, BITAIBEBBRNTIEHEZHFZING
FE— IR — M AR MR —X =5 AFHRFIBS SR, NRBTXEM,
HEASTELTEPET test_data HEIRA? HMNEFNERE—MEIREENBELRRLEIT, X
A REBMEREERZN? ERXFNERELE—NRZIMEEN R, EEX ML
MANER, BINFAELXEZ, Bk, BISBHERAET training_data, validation_datas
%D test_data E/‘JE$ Hold-Out Eiio

BIMNEELMA T REA 1,000 BINEEGRNNIEMNESA#. BAMREINNERMEN
50,000 TREIGIVIGHIER A EHA? RITEREBMBEEHNSEE —F (30 MeEIT, F3
WK 0.5, NMEBEIEMER 10), BR2EREN 30X, TERR T 2EREHEEINFMNHE
FRZWER. ARHMERINKHIE, MAZRRIEES, NTIHERERERNFIENESE
F B

SXBEE—LHEIRAERBE T ANEELLE, THRATENESR, 5§ 280 SRBERZIBNNMS . FTEXER
KEMT . EAEMENEEIHEZYIGIEFUE—MIEMN, AEXIFBER. MR 400 XUHE, MHEXFF
iR (BIFRE—L L8R, MERBARIER. PR, SHRANSLEREE £ 5 E /D AUHAVERES B2 P LABY,
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SOPRPRIL, IREEANIILRE ERY/ERMZFARLEIRAIER 1,000 MISGBIRREESE /N 1554,
TR B ERYRER D REE 97.86% RIS AT 95.33% AEHES T 1.53%. MZHl
BYBIlFF, XPNERZE17.73%! SEMSNARET, BEREBLRET A0 HATBIME M
AR E Bz R TR EE Eo —Mkik, SRR IEMEN AR Z—s2Emil
KR8, BT EBIINGHE, HEE—TMRFEERNWNBLAIREZIENSG. =
e, VIGEEELERENERFZNZR, FIUXAR PRI REYIER,

3.2.1 #MEk

I AR ER—TRE T ENE TG A, EEEM— N AREREIENSH
RES? —METR AR RNERIAIR, AT, RBYMLSIRE —it/ WL ERATE T,
P B E—F L A TR MBI,

=T, TEHEHMARAESEIEING, BERNIE— P EEMEMEEY)IZ

Go XMRATMEIMEW. &7, HRBE—MENEBISEUTER—FA I EEITANE
= (weight decay) =& L2 Bk L2 ABHRVIRERIE II— MNESMNIIREIUM BRE £, X
PDIPYSFHE I N EEMSE LRI E:

oz—izlwmﬁ+u—%wmyqﬁﬂ+;§jw (85)
xj w
HAE— I HE BN XEHRAR. B NMIEMANNREMENENFEAM, A
EER—MET A/2n FETEMEE, HP X > 0 JUTAISEREE, Mo BRIIGEEHX
o BITSEREITE A IEFERE, FEIRNE, HBHNEEHFEERE. KXo
EEHEER,
LR, WEAMARNRED AT LUETISEL, FIRARNERE. RARMSEEROT:

_i _ L2 i 2
O—%;Hy a”|| +2n;w (86)

REE B LB pXFE .
cz%+%§?ﬁ (87)

Hrh Co BIRIBHIH BRI
THE, WEHAHRBILNEHNETF S/ —_NE, EMWAVRAER . KA

EREREBAEANKEE —TUEBIRANT B A REZ, MBHRIUSH—MIH)
AU E M &/ MU RIGRVH BRI Z BRI R XM ER ) Z BIFERYRIERE MR A BIERIEHI T
AN, SURATRIVURBANEER, kZ, HET/)8INE,

UE, WIXFRTRARREREIENGERZRERE! B, KERNAKRATXR.
HMNZET—TREEZ N BIE, HIPREE—MSEHURBARIENGHITF-

NTHIEXMIF, HEEFEFSBNEREEIEE NMEE AN BE— M INE AL
e Eo Fialts, FAIFERAENEITEXNWEPEFIENENREN RS 0C /0w M 0C /b
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XYTIAE (87) MATRIRFEIS

oC  9C, A
0= o0 T nt (88)
aC  9C,

%= o (89)

0Cy /0w M 0C,/0b AT LB kAR EFHITITE, EONE—FRHEANE, PRUFITEE
HELH BTN RENBERREEN: MNEERBERE, AEMNL 2w BEIPAER
ENRSH. MREENRSHEMFELWL, MURENSE THRFEIMUFA=LETL:

NENZEIMNMZAL:
w%wfn%fmw 91)
ow n
n ow

XEMEENBE TRESIMUAER, BRTEI—NEF 1 - 2 BFEARTNE w. XFhE
BAENBMANERR, AACESNET /N, HE, XFESSBNESTH FER 0, BER
R REXERY, RAMNRERGAN RIS FEIEE MR =1t AEIG I,

1R, XIEHE MELFNRIE, BRAMYEE NEIR? ENELEICHRIEIEE T
AR, AT LOBE ¥ m MG R N L ESIERG T 0C, /0w, HLtt, AT HENEET
RSB ESI N (5F H12 (20)

w — (1—77)\)111—77 0Cs (93)
m < ow

n

Hoh e E—IEEIGFERBY MEEEHE « LHITRY, M C, BNEMNGERRY (TEHRY)
Rt XELMZANBEHRENEE FRIHNE—H#N, RTE—TMETENRT 1 - 2,
&ia, NT57E, RALRENIEURNZESINN, XBAZBMINZ BB UBIIBETE—
By EEZERN(21)),

n 0C,
hﬁb—rn%;é% (94)
X E KM BBENGAF AR N ELIE « LH1THY,

BB BIE A NEHRAMERIEAIE, XEXXMERASE 30 MEELmT. NMEL
B R/ 10, FIERERN 0.5, EARXXBRIHEMNE, AT, XRFNERIEHSHEN
A =010 FEERBS, HNMERNTEZFH tivda, XZEATE Python F tanbda BXEF,
BEMEXRE X MBRBRMER test_data, MR validation_datao A, AN
HfEA vatlidation_data BY, EANBIEEET T, XERXIFH, BRENXZILERMIFNTEK
Egéﬁgﬁyjtbﬁ§§g§y§EE§DDE§E§o ﬁFEJQL$§$ﬂfmﬂa%§7gvalﬂmtiomﬂata; ﬁFé?ZiﬂE%§$E1MBSé§EEO

>>> 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)
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>>> net.large_weight_initializer()

>>> net.SGD(training_data[: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)

IERE ERRNREFEE T, MeELIEHRE R —FEME":

0.26 Cost on the Fralnlng data

0.24

0.22

0.20

0.18

0.16

0.14

0.12

200 250 300 350 400

BRXRNNE_EAYERRERED 400 IXURIAFFEIEN:

872 Accuracy (%) on the test data

87.0f
86,8
86,6 A
8.4

86.2 - R0 1111 S SRS j

86,01 Y :

200 250 300 350 400

ER, AEHRERERAE AT EMNESNR#, MA, EHRFEEES T, xa0EXE T 87.1%,
MERT ZHIM 82.27%. HItt, BN LFAILUBIETE 400 EHZ G528 EIHE R,
Biok, fLEAK, MBHILNEEERFZHED, EEMARE T IEMNSIFEM,

MR BEE A B A 1,000 ‘MINZGREBRIIAE, FimAPTE 50,000 B&m)I4E, &4
FHA? B, BIza BB SEMESEARMENHE LELAZRHABET ., AMEK
BETNEEECEIMEN BITERIE? REFBSEA 28—, 30 EHE, FRZEN 0.5, /NMEEFEER/N
7910 AEBNXBEERTIEHNER, REETIGEIEN AR/ NESEM n = 1,000 2268 T
n = 50,000, XM=HENEZREAF 1 - %o RN HFRER N = 0.1 I~ FHR/)HINE
=R, AR RERREZ. FITEIEN A = 5.0 SKAMEX T T,

XN T—"PBIEHRIZR overfitting.py 2E R
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w77, KIGEWLE, EFIIBHANE:

>>> 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)

=2

XNERBAE, F—, M IENEHE LD REMRTERIEHESE TR, M 95.49%
5] 96.49%, X2 MREABNENL ., FZ, FINTAIUEIEIIGEENNINEIE ENER 2 BNE
BEHENT . XNAR—IARNER, TIRNELEERE T AR EHREIENSHIED

&ia, BAVEBEMER 100 MNaRELTMIEHSEHN A = 5.0 BBV D SOEHZ,
HASGHIFMADNT, AN T, RKEBRNVER LRI IR L2 A5ek) 8
15X EZ 2 HEBR,

>>> 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)

RATERIESE ERVERTIAR]T 97.92%, X2kt 30 MREITTAYRA (k. SKPr L, FBRER
T—m, 60 ERHn =01HM X =500 FAIRRILT 98%, A2 T 98.04% BI7DLAEHR, X7
T 152 U PMEREE 15!

HELIBI B iR — RS IS MRS 0 L ERTI 5, Khrl, XT2MNEH
ik SKERERPA, EEARER (FEH) NEVRMHITSZIR MNIST LRIk R, Hox
THSE RIS S BARIREIE, BBERTET ANRENEIHERMNERL. ERMEFENIETT
SOHEERAER, WEXR, WEKBMESREBRHEESZERRIER,

NEZXEFEF? NEREE, IRANREELAEUR, BANERENKEAESEK,
MEMBARBE RS —1F. BERENHERE, IZRBNERNEEFIFER. IURERF/NE
MEREREBZERELNAE TN, HANSKERANEESEE FEHRIZUNE
SIERER N RAERNEN. FEEXPARILBANINF IR EBEERHRFNET ),
RAFEIREREI N R RMNE,

3.2.2 AEHCEHAUBEIREIEMNE

HMNELEBRN T EREPREBADIENE T . XBCAREYN, Td, XEEHNR
EEAEMmA! BENVAR . NINEERMEE £, SRESRVERE, BHWHELS
T —MEBiE RAERAMEE, FILMIZMAERE, XBARERE, FIERE T —ErEREK
ZRLARZBER, LTI MERANL, ABMAR—T. AEL—TERVTES, &
MNERIIRA:
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XERNNELEMAEMESLRNNER, o My RRELRHTE. RVER2IIG—MRE
KIM y KT o BYERER. T TR UERHE NS REX MERL, BERACRNE RN B—
PEIMIUKING BB XFMBIREELE ZMAALL L MBEB L EBEEEEMEE. —
BRNERET ZMARTR, WTHEWER LIEES. IE, BFRE+HNR, RIOTBMAEILL
HEIE—M 9 MBI y = apz® + a12® + ... + a9 KT 2B EHIE. TEZRZTANEK:

XA T —MNERNIES. EEERNMNBEFREBHERAEMRE v = 22 55— NMFRIIME
xR

X B ABEHYIEXERE, TIRBZA— M Numpy B9 polyfit ZEREEREl, MRIRITIIFE, AU
MEADETRREHEEERN SR EPRIE 14 1T09RE p(x) ERXTER.
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N w ~ 3 o ~ ® ©
T T T T T T T T

MR ELFAIRE? I ERIRERER? AW MR E RIREZ B Kt BB R I RAY
A7

HXEZRERIENRT, Kfrl, FNNNRLKEEZXTELIRERNERE, HF
BEME 4 H EEE A — MR E R, BRILHNTZERAMAIENER: (1) 9MSIMIER
FR7EEMATELBRNRE, RRCEBREMZL; (2) EMIREE y =2, BERF
EERTNEIRESHHVEUMNIGS, EERETEBAERINS.

SRR R W DB IEME (E, NREEEMNBRHI) . 218 L, XLEER
L. AEXTBHARENESR. FLALNIMEL RMRENTAELRESZH, B
RRIEHNTEETVN N TR MBI TEFRERN 2 By BE, AR MRELENERZEE
EE—MEABER, ANIMBINNRESERK «* TF, MAMRERIZLIERIIE K.

ARFR, —MUREIHN RIS BN ZEMEERE BRI SR EI—DRBEEEN
F B RZHIEF AR, HNBSAEHUNNEKRTIR! 22, XEERERRIM
R ZZBAL MBI A KA RE. FATPERE MR E LR EXTURNAENEE, WL
ERGIF, LERENNSESELZMAEMRIE. FrUINRESESEAHIANERRES A
TR AN ZUNLERENEETAG T —EBENEE, MXTMBEE, SRR
INBFEIET BERENEIINR. IUREZEN TXERENSIERRNGRY. RE
RARTEARNEIE L2 ELINRIE, PR AR B AR EaRRRIFUNAE

IBNMMZ P MARKBHENLS, RISHEMNERSHERNINE, X&r s IMENE
LRI T, BNBINEERENEITANSENTAIEERE T —MIAMIE AR, X
SUEASEUNEF S ERERIR I E IR, FEBEBRR—IMLENBILIET SRS
HARZH G HBXEY, ABUMEFIENEMINGEFLERIMIEEHITRE. WHE,
AXERINLE B] Be = AN BRIV R M = £ LR BITT NN EE . PR A—"P TR E A BIR4E
B LUERARNERFZ ISV IGBIETNRENAEEENEMRR, BE2, WELNE
ZERTRIEN SRR LAVR USRS A B BRUIREL, MRESS I SRR T B A BV
M. RN EMBXA LULIRMAIMNEN BN KHAITESRNTS), HEBREEL
FRIBANIRE G HHITZ W

PRUEL, AT B E SRR EAE ST RE R K. ABEHREXMEMA "R
BN TIRN, AR REHREE SRR FRERNAXNEN B2, XmA2—"
—RIBRFRE, WA EATRNEERANRRARBNERELLLEN N THEEELT, K
frL, BIEEINEZRIMEEELZERATY.

75



32. AEMUSHMEL

RN ER MR RS R ERRIGIFo 7£ 1940 F1L, ¥3EF XK Marcel Schein &% 7 —1M& I
R FREER, Mt ITIERNASE, GE, IFENE, B/ ZHHE X PR, BEVIEF K Hans
Bethe R 15, Bethe 51T Schein, EEALERER Schein BFTHRIFRMTNE F. BEEISE
> plate £, Bethe #AIM 7R MR EAHIEFZHRERRIIAM, &5 Schein B4 Bethe — &
F2RARGFAY plate, Bethe WX PIREFLE— N1t LAVRSE, Schein i, “ZRY, BEXEIEER
BHITE, EERRBREIHNA, B 1/5 B9, Bethe 3. “BHRINNBLELITX S
N plate 77, 8%, Scheinit: “BRERED plate 7, & MNFW plate, 8 MFHNZHS, REM
TARARIEE GRENZMONT) #HITHRE, MBEIRE —MEISKBEFERN plate,” Bethe
BIE, “TERMERBAERZ BN —ERTEIREEN, MEMENNREERN, RE—
R EEIRN, BRNZEMBPIEEZERN.” EEITIRIEST, Bethe BVAZEHAAY
m Schein KIFABIEH",

EZNMIF, £ 1850 FF, KX F XK Urbain Le Verrier R EPKEH EERBFW A HES|
L[HRMTHITIER., STFMNZERERINRE, BRNE—LEEMETIMNFEFTE LR
NN T o 7E 1916 & RHETBIFRRRE MR XAEXIe A LIRS B4, XE M43
EHARRBERKIEE, BTFERNNT. RESFINTEZNERM, NINSERITIERER
BRESSZIEMHBD, MAMAFEEMA—EEAZE, BIHEEE RN XabnRATMAEZE R
BREICNNNARRE T XN, EERZEMFWANF RN RS TERERE, 5
sh, RARIRRZINE, EREMEIEIEMMS L T —LF MmN SEETNEINZI. B8
XL ANRARZNVIMRE LA AN ARB. NR—DAXES &R EFR
FIRr SR AR RN, ABA—EFWAOFRIHIEIR RS BERENSE—E,

MIXEHERBLIEH =R F—, WEMMEEERIED “ENEe” HLE—HFE30
WIfE, £, BMEIRMAIUMEXEFE—1 A, EREEEE—MEANFEEDS/ NONES!
F£=, MREHIEWIIATZREEN, MEEEMHRPHBEEFRRIFUNEE .

PRUL, FRATN HEEHEEX —=, FUBHRIEEMNEE BB HaZ eI 858,
XRB—TRINESE (empirical fact)o FTLL, ABEFTHAZR, HIHEMEMERAMTIUR
Ro RELFE LEHI T HENEEEE—DARBLAERE—BEAGRRIX T
AR EE5Z BRI AERE, SEfF L, MAREBNT NS B 2 ARNAEH A%, AT
EEMMHRIBY, ZHIERARAENNSRINELF, PRURE LISISECEBEMER
BENEA, REEMRANE, BRIPPEE—ETENXTRRALEERIER, VN2
FrEEBE AN EZLR,

XEWEERBA, XNMoBABEE XBFHREP—IN1a0EDZ . MIBHaEELS
BA—Mit B LB DB HENEZT iz, BEFHFAHRRIE LIBENES, EEXR
KEFRBAIT AN S A 2RFH%,

XREELARL, RATEAEEER, HNALTZHULERIDRTF. 54— D LE/UMEAR
NEF, MRl REMFZINREMIARR. S, MIERERIEE, R —REFIRIA
ARR, BR—MEHK, XOIRESEZER,. TURIMNENERSZE—ANKR—BEBAE
NEBEZSE, AXEMLEMIGEGRE, RAFaTREHMEGHE . EMEE L,
MARRBASE S ERIEF! BAMB? MEXRNEMA. RREETFER, RIVEBLE
B EMBAIRARIE U HENE, RAXERARIIBEMEEZT/ND)IZRE Lhaes

""The story is related by the physicist Richard Feynman in an interview with the historian Charles Weiner.

"2These issues go back to the problem of induction, famously discussed by the Scottish philosopher David Hume in

"An Enquiry Concerning Human Understanding” (1748). The problem of induction has been given a modern machine
learning form in the no-free lunch theorem (link) of David Wolpert and William Macready (1997).
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https://www.aip.org/history-programs/niels-bohr-library/oral-histories/5020-4
http://en.wikipedia.org/wiki/Problem_of_induction
http://www.gutenberg.org/ebooks/9662
http://ieeexplore.ieee.org/xpl/articleDetails.jsp?tp=&arnumber=585893
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FRBAZHEE o

KR £, FAMNHINEEL RN ENRIF—L T #F 100 MRS B R
80,000 MEE, Tl 1B9YIZREEXIXAE 50,000 1REIR. XIFEZEA—1 80,000 BRI LIRS
50,000 MER. HRINPNBEESIEMSHERETE. B2, XFRIMBZLIR LIZEEER
¥o ATA? X—RiHRBRIFMIBHT, XBEENMERS: BE TRFINDSE—MEINBK
ML, XEE—MERZINIIGE, BHER TN TFXMUARKTRLHN L, A, FHi1E
RAEREEKRRXMEEAM R RN BB R AR, HENEHEERTXRERINA BiF—L,

EFRNEZEESE FRO—PET: L2 ASEHRERGIRE, MILFARTIEGL, S
T, WABEHRIEEEERER D LOHREEITSE T SKEREXR, MEXFRIEREF =X
HERNTKRZ, P, ARMEE L, AW REHITIEUESEMB—MIMT . A, FE
ARRE, BTN ANREFFNZERAINEFZ UL LT MARIER. FIUINAE
EX AR EFT R F IYIGEIENIRE IO, BN, RIFANRERZILNAEEMNR
m—RR, RWRELHZTEMNEZEN, XEMEERNFIEEEINMER. L, Fi)E
EAIWREHEITAE W

323 FUERIHMEA

BT L2 INEBREZIEUR AR, Kirt, ERATHRERS, AXEBAZKFIERELT!
R, AAT, KEEMAL =FARSEISIEMAYAE: L1 ASEK. FRMANEI
WEFDR, HNAZELANBR/BLARN. HR, BRNRAZBILIFENEXETENER, A
[ERFEZ—TISE WA Z 14,

L1 #BEW: XPNIAREARMEWBIAH BRER 0 E—MREL BRI :

A
0:00+52|w\ (95)
FERME, XA L2 FEEHEM, ESTARHNE, RTINSt N aiE, S,
LT MSBAN L2 ASEHHAER, PrAFRITARIZEREM L1 MEB SR BT . 13K
IIRIREIEMER L1 ABIIZRBIMLEA L2 #SeHIIIRBINE TR BRI T /90
B4, BIESMR—TRNRBENRESE. X (95) KESHKIE:

8£_8C’0 A (w)
ow  Ow n v

Hrh sgn(w) #i2 w BIERS, Blw BIEHEN +1, M w HAEEN -1, EEXNRER, &K

ITRI LR Z 03 2 (A R TIE AN MR E T L1 B BIRBHISE FEHITES, XI L1 M
SEHBIRLRHITEHRIA N FLZE

(96)

A\ _ 90
w—w =w nsgn(w) T o (97)

HPMERS—F, HOPUB—N I WEHIEFIIERMGIT 0C)/0w. WL L2 NEEHRIEFHN

8|n Gradient-Based Learning Applied to Document Recognition, by Yann LeCun, Léon Bottou, Yoshua Bengio, and
Patrick Haffner (1998).
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http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

32. AEMUSHMEL

m (ERHEE93),

w—>w':w<1— — N

n ow
ERFMEIE T, BHBMRMEIEIVINE. XTEHNNVER, WMILETHERETABINE,
BNREGRENWANAE. £ L1 AEHH, NEBI—MEER 0 #1748/ £ L2 WEKH, X
ST MM w AL BIREHTTIE . FrLl, S—MEERNELIE jw| RAH, L1I5E
BRI E R/ MSIELL L2 BN E NS Z. R, S—TMHERNNELNE [w| R/, L1HI5E
RIINE SIS ELL L2 B RS Z. REAMNERME: L1 WBHlm TREMLEAIINETE
B LENBEEEERZ L, MEMNERSHIXER 0 Zilt,

FELERINEHESSZIE T —NMaE—F w = 0 VIR, MBS oC /0w REX. RHA
ETERS v Ew=0NED "BER", FXL, SHEAFEN. AIEEEXR. (I THE
MR ENEREN (EIThE) FEHBE TERANE v = 0 & XNIZARHE AR
A, FEEME, WEHNRMERIWE, BA, TEN—IBEER 0 BINEHITENT
SRR, BITK2ERAAIE (96) M (97) HATE sgn(0) = 0o XA T —MARN KL E
BUREMISRFITHRA L1 AECBIREN R E RS,

FH: 7 (Dropout) E—HBSEUANEA, FILT. L2 AEHTRE, FREAHTERA
RN EIHENER, TR, IR, RITHETRESS. ENBERTAETE, MRS
SRR, LEREA— FAERR T A4

BRI — L

Fipltth, RigFHRM1E—MIIGEE « MM BEFEL yo BERMNZBIENSEFRIEE
& o, ARETREEERAENHEENTIR. ERFIEAR, XPIERNT . KIS MIE
M (IEEY) HMIERNE R —FBIBREAE T e, RLEANENE S ENHE TR E.
Ttz fE, BMNSFHRZNMTEZFATHNNE, TEIBLERFNOELTT, BIBRLEIRET 1)
PREVtRETT, AREERSEET:
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32. AEMUSHMEL

AT AN o, BIELEHINE, AERAGREER, FFEIXMERERIME,
E—NMLERE NMENETHER ERHTXESER, HIINEXINENREHITEN.
ARBEXMNIE, BAEEFNHETT, ARER—THBEYIRIREMEL TR FEHTT
WER, EFXN—P AR MELBIENEE, AREFNENRE.

BITEE, RIWNEEZFE—INENRENES. A, XENENREBEE
—FHIREALTRANNIBE TFEIR. SFMNKRIRTEIWNEN, BEMENRREML
TR WS, NTAMEXA, AT MR T H A BINE R

XPFAROIIZR BB REKET R, BRRIRINLH. M ATSIEEXIFRI AR HITH
SBR? AT R RENE, WAEZEMRE TRKE—TNRENE (FBFN) BIEAR. %5l
#, BR—TFIEMNELDFRBEENES, BERR—MIGHIE SR, MEREREM
FA—VIERESHEN, BERNERBSE—LEER, BIUXMBER, TR LUER—LF1Y
HERENGIUCRAEES I Mt fIa, MRBADIIGT Z PN, Hh=ME—1HF
TR “37, MIRFIBEEFRZ “3"c FINHDREIBERIE T iR, XAMTHNHINEEE MR
R (RERNEBER) WAXRKBEIENS RRETAENNERESURBER AT EM
G, FIEERREREIANTERBIFRIEIU S,

BAXMANEHAXZRR? BATIME, SRNFNETFANEETESE, BRG]
ENEFTREBHENEE, PR, FNIREMAMBRETRNEEHRATFIIBF. NEIAIMES
SURANARNIEBET, P, FAIBIMERIRR S BEIEI S,

—MEXNB AN BT RBREAXMXAMNIEXABELEH . “EAMETT AR E
HLTRHENFE, XPMRARLELD T ERNEENEETT. P, BHEF SRR
LT REMEN FEPEMRARSILE.” M52, WRBITERNBHEENEFM—HET
FUNBIRERIIE, Tl st r] DR FNE MR — M RIEEN T8 DIEHEER BTG . X
HEX, A L. LR ASEHEE2ERMZR, XBHMETENINE, REIENENER
MEERNRBMEL,

YR, FNEANEESERCEATERAMENMLS M ENA/ESEMII. RI\IEX N
ATRENATREFCEESIIE AR [Tl IR, KalREBHYZ N BFINE MNIST £

"mageNet Classification with Deep Convolutional Neural Networks, by Alex Krizhevsky, llya Sutskever, and Geoffrey
Hinton (2012).

SImproving neural networks by preventing co-adaptation of feature detectors by Geoffrey Hinton, Nitish Srivastava,
Alex Krizhevsky, llya Sutskever, and Ruslan Salakhutdinov (2012). AEXAIEXITIE T S b, XEREXA
BERNM BB T
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https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
http://arxiv.org/pdf/1207.0580.pdf

32. AEMUSHMEL

FoEL, AT —MENZEINABREMEBBIBIRHENE, XRIEXIRRE HFTRET
MEREENE LEUS T 98.4% BUEMRZ, thIERFNN L2 AN ASKERSE T
98.7%0 RINEEREREEMAFRIES LBIF T —ERIRR, BREEGMEZIRG. BAE
=0 FREATEYIG AR REWLEN LEE R, XFRINESTE IS BE B R He

ART BINGEE: FNEER T MNIST 2 2EEMRAEIAEER 1,000 12)IZRE G &
TFEET 80% FERYAERHR, XMERAFNETE, RANEDIIIGBIEERE IR A
FIOWALFENHRFHRNEW, 1EFNTDIIL 30 M EThINg, ERARIIGEIES,
REEMRENEWIE . HMER/NMEEHEIEARNN 10, FIERRR =05, WEHSHE
A =5.0, IXBANEE HNE2IGEIEES LI 30 MERH, ARRMEE)IGHLBUE
SRTREMA AL IN XA E, N THENERBEFEIIGFSES AR, RI=E
LENIGRE EERMBHSEN A =5.0, RAEEEAE/NDAVIIZREERIBHRA L HIHIFEET A &'

100 Accuracy (%) on the validation data

T

O e :

1] A S :

60
0

i i i i
10000 20000 30000 40000 50000
Training set size

IRFR L, DREMREEREZRIIIGEBURIRA TR, BIEXMEBWNIE, R#AZM
EEZHBIEMAMIEM. S8, EIIGNEMRRNEIFIIEELREMMRS. AT, 1
RIPAVERXN B ENIELARAVIE, PIUEELLET:

100

Accuracy (%) on the validation data

O5b
QO
85k o

4] P

TOLA

Bk

60 i
10° 10° 10

Training set size

miX/I\LX)S'Z—FFW/I\%EEEJ?_ more_data.py £k
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https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/fig/more_data.py

32. AEMUSHMEL

XERXE T EEEARNMS, BINDIEBE. XRBURKIMEBAEE ZHNEEIE
RHRA A HEHZENFEFEAR, MARNIN 50,000 M—7FBBA4, HTTESBEIFETH
H8E, B AXEFRIE SR ML,

RENE ZIIFEARELRRITNE L F=NE, XTAEINER EXRFEERR
MEORFE, A, BB —MAEAREBIREGIEMBIME, BB AT BIIEEIE. BRigEHNE
FB—" 58 MNIST JII4E 1,

by

ReEL#H ThRS,, EEanin 15°:

>

XX B ZHILANEFIERFH, BRERRERIMER—IZE MNIST JIZREIEFBIE
BEAHER. P UG XAF BV A IINEN IR E 2R Pl se B BN BN IBYMBF =B Z AT 7 2K
BF. ME, EABNARTREINXBER. FATRILFEFRER MNIST JJIZ4iFA L@dRE
NBIBRERY BIIZR IR, AR BERIIGEIERIE A INEB 4 RE.

XMEEEBRBAHEBER RNA T URIMMN—RBIEX"EE—LER, XHIEXH,
fEETE MNIST LER T /LM BIXMAEERNZ U S . HR—I M 1Z [RBIMR LS E LA IRA]
BLEATRIEM——"DIE 800 MREITRIRI LML, A 7RI BANERER. EinE
Y MNIST JIIZREHE LEiTX LK, 13217 98.4% M LEMRE, MITRRNER:, TR
REIGRY RIIIGR TR, BIEX N REMEIESE La9IZk, MIHEFAEIT 98.9% BI/AEZ,
AR SRIEHIERT BVEUE BT T R, XE—MAEREYA TR FEALRAIRE E Y
BT %. I fEAE MY BAVEIE, MII&REZAE]T 99.3% B0 RKERR, i@
J R EHERIPTA LR N T U AR BWNERIEZL,

XMENTZ U R UBERAFERFIRANZIMEF IES LRV —RriEd
TN A e BRELSE SR A BYIRERY Rl R 2R, $BIXET AR SLFF AR, a0, RE
B—MaaMESRATET RN, HMNALKEEZIUEEEREENE R MRIES. PR
B] LU I NS RIGERY BIRBIIIGRETR. T TRFREIEN Hdt 1T R AUBR R IRISHER Y
T ERME. FTUAXERIN—EY BIIGHIENTG Z. XERAHAREER—OAIM, HEL5
HEZUERINRRS, BN SIREHITIRANGE, XFREENEN. S7, i2EA U
BITHIERY R, SRNMANNZEZEIEENEN—H %,

%3
- IEON EEERIARSE, —FE MNIST JIZRE3ERN A 2B —L/ ) \avhedt. NRZA1n
PRI RBYES:, NHIA2RRIE?

KFREEMEN SR ERBNZMANEIMNG . LI BEEGELNSERXIEEI%E
RNBARIIE R

7Best Practices for Convolutional Neural Networks Applied to Visual Document Analysis, by Patrice Simard, Dave
Steinkraus, and John Platt (2003)
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http://dx.doi.org/10.1109/ICDAR.2003.1227801

3.2. ZEMEHAEL

100 Accuracy (%) on the validation data

Training set size

RigFAVERFBINEF IRARK D LKRT, MABEEWEL, FIa0, IEFMRAEAZ
BEEN (SVN), RINEFE—FELKBENEAIE, ENE—FHNER, T2 OLTRTR
7 SYM, BATRFHITRNBITIE, FAEEA scikit-learn FE1RHAY SVM BREEMLE, TEHE
SVM IEBUE 14 REREE I IR EURBE N A N T IE R, HDEE T HEMEHE RS @I 8!

B0k e
T —

QO -

. | ® e Neural network accuracy (%)
BOf o 1e e SVM accuracy (%) i

10*

Training set size

PIRESE —FILIRIZIRI B LM B E T NIRRT EREEBY T SVM. X1RYF, RETR
ST ARERREA KT AR, EARNRAZERM scikit-learn REZER T X MNJ50E, AT
ZMBELRNE T 1REZ. BEMFHHMAEBENIRELZWRIAYIZR SVM £/ 50,000 13
B, MAKFLERERER (94.48%) BRI IER 5000 BEIGRAIHEZNESHYE
HE (93.24%), M52, EZMIGHIER LAMEA BRI SRFE I B AR ER,

EEBMEBHNARBHIT . RIgHINAEBRMIEFIBEEMRAE, BEANE
A B, BREI, BAAFE—NMIGESG LBIFEB, MEF—MIIGELSTEEB £
ERIHEEEIXMERN—EANXERREBEEERXNR—XBEIHEE" X “BEAR
AREBLEEBI?Y EMHIRNNIZE “MEERTAIINGES?

BXMNEFLHRIER more_data.py £ FILENLNEFE—H),
PR EMFIFEM Scaling to very very large corpora for natural language disambiguation, by Michele Banko and
Eric Brill (2001).
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http://scikit-learn.org/stable/
https://github.com/mnielsen/neural-networks-and-deep-learning/blob/master/fig/more_data.py
http://dx.doi.org/10.3115/1073012.1073017

3.3. WNEFK

T RN RELRARIENEY, XBEFEILENFB. B2 EEEI IR
Kiq iR ESIESE EBFAIMERE. "FNBVEBRRNRAERENRE Y LaH TR Z X 9%
BEfRT.” XRRERMREH XIFREERELLRER, NIy IR TR ER
WERBIREE ERNAMR. BREL BEEIEENASBE BEANMAREES, XiFaes
RISEIANIZR IR, FRLL, RRIREM]R T8RN R AR IR A LB ARRBIESES £
MR T. MEZ, AMIAFEREA R EMENEBEA. PRUFEIRENR I EESLIRNA
&, BMTBENEREFNEEZMEFRIIGEIE. SHEFNEERY, TIRFERERMEL
JIEF, REWFXE S BIFRVHRIERIER,

A

- (FARERE) NN BFEIEEZEIFEARNBIEE LINEEIT? WEELENEL, H

KEEX —PREEVIGEIEMR SRR —MIRBE AN . —MiE 2HERER
FERL R BMET EEEREE DN, ARRKEGEEEITHE K. MULEERNRE
RHAESHENERIANLIERE. (REEBIREIM G TR XLt ERINIES
EPS? NRAILL, EERARIBINER T SIE AR AL,

B4 BNNEEENBZ T IEMNGIE. B4, HSELEX DR, ENHREE
RB’I TR, SENEGEHENEHR—IEERNEE, LERITENEREER, I8
BREIMERIEEIN . HABBYNREERALLBARIIEURARBEIEIS, MXE
2 SRR R RS ERAY ST

3.3 WEVIEL

BT MENEE, HNFEHITNENRENVRL. FIE, RIT—E=RETE—=
PN ARARERTTIE N, REMR—T, 2 ERER I SHTRET Z EHRE RN EN
RE, HWRFA—HNEN O, TEE 1o XTAELENERE, BEIFERN, FRLUESRE
EHARNE, EERRRIHN—EBFHNAICKIREVIIBINENRE, XTI
LR SIS B IR,

ZRTHH, BN ULERB—UHEHHhHMEETF. MA? RKFNIER—TERE
MINRETTRINES, LEI0E 1,000 1 Rig, HINELKERP—UHNEHOHIRL T EES
—PMRBEINE, AERFIRNETEX—EVEENE L, BIRNEEMED:

AT E, BIgTAMERINEBAN ¢, ER—FRBEAMZTENL, Z—FH 0 LU
PREBEEHRER, BIRAIUMNZMFRERF[IER. 1LHNZ BREAEZL TTH ARG
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2= Y, wyws +bo EF 500 NEET, FAXREHA 25 49 0, P - RIEFH B2 501 A
— SN T B, B4 500 MYEITHIUNY 1 MRBET. FEit - A5 E—NYER 0
FRREEN VB01 ~ 22.4 MESHT DT, - AN EEENBHAT, TLRREERNIR:

0.02 4

//,\

r T T T T 1

-30 —20 —-10 0 10 20 30

TERZ, BMAIUMXBEFREL 2| SZFFEHR, Bz > 18E » < -1, NREXH,
R TTAVRIL o(2) BLREOE 1 303 0o RIRRIANREELTRIEN, FIUSHIX
HBEREY, ENERHITHNBNERERXZARE ML TR RS EH RIRE SR, M
XSS B RN PR FRVEETT, ARSHARENMBAN RN, ERME,
HENEEHANPETIHE TREENEFEIEIFERE, XELMBNTAREFEITICHP]
BEAZ, BENERRHEAZLTERRNELIBNSHFITE. Tl1Zan@Ed K
WEVEFRAR T BIENRE. =8, REPMAINERLEHLT LA, BT REML
TTRVIEN A — R ERENR B

HELITETHEMREEINERA. S8, XUCITEERTRENRRE. NRE
EREEINEBRAIA SO mETIGN, BAEERZFEFTREOHE 1, FJ
EREBZHELERE.

BRI BN THITE )81, REOS@ X TR BUAYIEM], RABMBFIERENT
fE? RISFAVE—DE nin MANNENEZTT. FNSEAYEN 0AEEN 1/ /nin BISHT
RENL D AIa U XENE, Wi, Hi=m TEESHoHm, LRI EETET AR
Mo BMNZHEERYEN 0 TREEN 1 IESHDHINREHTIRL, EEZSIFRRE.
BTRXERE, T 2 =3 wiz; + b PHARR—TYERN 0, PIBERBIRENEHDH. &
%, FA1E 500 MEN 0 BV 500 MEN 1 BYHIN. BARSZIER - BERMIFEN 0 17
ERV3/2=122.. NEHDH. XBELUREERGMNIEE, KRB TRH TEEELL
B, HAE AN BLATHITESE:

2We discussed this in more detail in Chapter 2, where we used the equations of backpropagation to show that
weights input to saturated neurons learned slowly.
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0.4 1

r T T T T 1

30 -20 -10 0 10 20 30
XERN—MRZ BRI, FIbtARAKEIEEERIF SR E FREAYR =,

%3

CBIF 2= X w4 bIREER /32, TEMSTESEEE: () MITMEHEEM
BE, BEMATHNEESENM; () HERFEZNTS,

BELERD, BISBRSERZENARXRBEHTNGN, MEERYEN IVEER
1 WBH DRI REHTIIEN. XELZATHN, RAXEH TS URNINHENEERS
A, KPR, FEIBELERTIBMWAM, WAPNBLRETHAR. BEABENR
EBRNTRN 0, KEFE THRRESIGENRE, BREAENTERA, HiIIEEESIREN
A AT RETIE L.

1IEFRAE MNIST F DA S LR —THIBmMNETBL AR B, E2ER 30
BaioT, /NMEEEIERNANA 10, MTHBH N =5.0, RAEEXNEANERE. BRITEFESE
KMy =05FE01, RAXERILEREEGHPRINVEEMAE. RILERIBONEE
A EINE:

“*python
>>> 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_data, 30, 10, 0.1, lmbda = 5.0,
. evaluation_data=validation_data,
. monitor_evaluation_accuracy=True)

B MR A A RHITINEN G XEFLEARBEER/E, HNA networke BRNAATURLE
TE)EH?T&F[E/‘JE\;fo JZ%"%%%THELX%EJ:EE@ net.large_weight_initializer() ﬁﬁﬁ .

>>> 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)
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RERAERREERY , HIMSE:

100 (;Ia55|f|cat|9n accuracy

98

— Old approach to weight initialization
86 New approach to weight initialization |
0 5 10 15 20 25 30
Epoch

ARIEIZ T, BAE 96% AR LES T . REANDXERK/LFTe2—H. B2
R ATR T RERRT . ESE IR N0 RAERRTE 87% LUT, M#BNEAEE
JVFEET 93%. BieRkBVBE B IFBI X T INEIB LR A TURIIZGE R T — D ERvR
5, ILFAREBEMREMISEITFIER, FHFBRE 100 MHRELTRNISEFPHEEIN T !

100 (;Ia55|f|cat|9n accuracy

98

96

94t

92+

90

88

— Old approach to weight initialization

861 New approach to weight initialization |
0 5 10 15 20 25 30
Epoch
EXMERT, MTHEHEEES. AT, RMAKRLI T HILAE—LMIMN0EHA

& (XERERT) EMEXASUE/LFERR. L, BEFXELLR, SEREAINER
R INRINLR, TR ENENRL 1t AT, £F0E, R=EE—L0FEEEA
1//nin NEVIRUHNKAZTHNWERBZEEZB M. Alt, MUNEBEHRIIGRERNR, &
PR RANERE LB RARVET .

1/\/min I BRI ER BT HRA T HENEF IR A EMBINEN R ARF
R, REZEEETXMERNER, RZAEXERBEMNSGE, BN 1/ /n, BE
AU TSR 7o WRIRRHBAVIE, FIEFIMEBT 2012 FH Yoshua Bengio ALK
14 1501, LUKRIEXRBZE SR,

2'The program used to generate this and the next graph is weight_initialization.py.
22practical Recommendations for Gradient-Based Training of Deep Architectures, by Yoshua Bengio (2012).
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- BRSEAMBHBINENRU G ZE SR L2 BB = Boha Tl I — LR MUT#
BRI LT3 AR AR PR, RISFA VLR IBRIFIRMNER S E. ER—TERANUR: (1)
BRig X AR, NENEERFRZLFRNERBGOR; (2) MR\ < n, NER
BIRAF exp(—nA/m) & EAHRE; ) RIR AN AAKR, NERAZENERD 1//n
AIBHERGRIFE, HA n EMEHNERN ML WIEXEFAHELER T4 BERE]F
R o

3.4 BEFEIRHIRE: R

AL AZNEIRIXER L, FN RS EH—DHBIERF, networkz.py, XB—TIIE
—ERFFREY network. py BIBUERRZ . IIRIMKBFAET network.py, AIRAIRESTRE AT
H R T XEARIITIe. XN 74 171008, RZE,

M network.py =1, EBEFD TR network KT, FATARXDREKTMEMNL, EH—1 sizes
FIRAFI G I BEHEITIIEN, BINERZUBERN N cost S
class Network(object):

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

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

self.default_weight_initializer()
self.cost=cost

BHRIVITER __init__ F7ERIM network.py H—1F, BILIREZFIE, B2 TEMITEHAT,
FANFBERBMAZIES T 1 Ao

FAVAEE default_weight_initializer 7%, AT IR ENGBINESZE. W0
BINBLEBIN, FATHERNOMATVEEN 1/vn, n ANNEENEZE ML HIERHE
M0 TR EEN 1 IR RE. TEEAN:

def default_weight_initializer(self):
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[1l:])]

N T IR, BEAE o EHITEMEREEEN Numpy EF. BIERFHTLS
import Numpyo. BEIHBATEEN E—EHNHZTHRERTIENL. RAFE—EBHELZHNE,
FRUAREESINEAINRE. AT network.py P T e —1FMIEIS.

YEA default_weight_initializer BI4NTE, BAIBIEEE T —1 large_weight_initializer J775o
XN RERT E—EPNNSBNL T NEFRRE AR BHER 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[1l:])]

ﬁl{% larger_weight_initializer Eii@é\ﬁ%ﬁ’ﬂﬁ@?t%f%ﬁ%ﬁﬁ%—ﬁﬂgéﬁ%ggﬁ ttﬁgo
BHEEZERRENEEFRRAX N A ENEFES.
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I TTE __init. PRIE - NHBIRAMRZIN AN T cost B, N7 EFEX DN TERY
FIE, URMNE-TARRTIBAMNBIES:

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)

AENMNPBR—T. F—1EINE: BMEERNERXNE, HFELE, slE— KR, XBEK
"I Python BIZEMA 2 Python BRIZSEI T B AT AXEMIE? ZEMEBLNRETER T
MEFE T R AENAE. BENAEMRERNBHHEVEE « MBirEH v ZBMHH
EE, XMAEET crossentropyCost. fn /AR E, (EE, np.nan_to_nun TR T Numpy
[EHRIEERA 0 BISTEE) ERRANRBELEES— A6, DBE_EHhETRALES
A, BMNFEETEMEREIRE, 0 XMEANBHIRER TN REIEE: FEW
RNEREL, BHIRZENEAMRAR. WFRXXERE, HEIRERDAT (66)FT:

ol =al —y (99)

L, FNTEX T EZNNA7E, crossEntropyCost.delta, HRIFLELEMNEREWALH T L
RENITE, ARRITRXRMMESE— M2 aMERTENENEG XN REE ERIEF,

KM, networke.py BBIE T —PRATRRNREHAVE, XPEAFRME—ENERHET
X, RANBEERHITLFEBEERARXEE, AU, quadraticcost. fa 35X TRILEH
o MBEfFRL y I RN RBBEETESE R, M quadraticcost. delta IREINEETF ZRA
MERBANRETRAT (30), HNMNEEEPREIE

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)

f)ﬂ_, ﬁﬂ\]fﬁﬁgT network2.py *D network.py ﬂﬂ/l\IE%ZIEﬂE@IE%%UO %B%?Eﬁ%ﬂg%ﬁo
HE—LHENNER, TERNMNSHTNE, 88 L2 UK, EHAIEhZE], i)
EE network2.py TEERRISKIAS, FAREXFAMBEXLENL, BENBNEWLEENX
RANRNERERZIFEERR, XIiF, Muts] UERSRIEFMEBY ITIF. 24, T’]’J@TL\X
BEIEREARNMAR! NRINAKTIERE, BAFERETNENHE, ARBREIREH, &
ZiRT, L

""network2.py

23|f you're not familiar with Python's static methods you can ignore the @staticmethod decorators, and just treat fn
and delta as ordinary methods. If you're curious about details, all @staticmethod does is tell the Python interpreter
that the method which follows doesn’t depend on the object in any way. That's why self isn't passed as a parameter
to the fn and delta methods.
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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.

"

#### 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
def fn(a, y):

"""Return the cost associated with an output "‘a’ and desired output
Sy
miren

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)

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).

nn

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 ' 1s 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
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return (a-y)

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

def

def

def

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) .

mwn

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

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

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.

mwn

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:])]

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.bjases = [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[1l:])]

feedforward(self, a):
"""Return the output of the network if "‘a' ' 1is input.

mwn
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for b, w in zip(self.biases, self.weights):
a = sigmoid(np.dot(w, a)+b)
return a

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

mwn

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)
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def

def

def

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’' 1s 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, y)
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-etax(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
“‘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 = Xx
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

FH R OB 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
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
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def

def

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. 1In 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 1in

mnist_loader. load_data_wrapper.

nin

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

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 is the
training data (the usual case), and to True if the data set is
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

save(self, filename):

"""Save 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.

1nn

f =

data

open(filename, "r")
= json.load(f)

93



3.4. BEFEIRMRE: 15

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

####t Miscellaneous functions

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.

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

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))

ENEMEBNEMEERBAIENT L2 . REXER—TNEENHIS LNT ),
ARUHPHEIELERE, SWREDE R, NNEEEFEEBSE nbda |J7FIEE'\JE>£‘:F', FER
Network.sGD F77%e SRR EBI TIEREE —1TCIEBIZEETE Network.update_mini_batch FUEIEEE YT,
XL Ao E N EAMNSREITNE TS, REEHRE/]), BENEREMENEK!

HILXMIE R EHREMEP LI —EHEANE LR, %%ﬂ]ft%?ﬁ?%ﬂ’]ﬁﬂlm%ﬁlbﬂ
Tte BMIRNIEMRIEFRRHYEM, B2FMNEIZEFFHIHMEALE R, FYWEZBE AR L
B RIS Eh R T LASREL T o

B—MUNAEER A ShEMEIRE T ERN L MRS AIBNE I, XEAREAILIERATAT L
SIERNFVEREN IR T AR, XEFREMUIRIAR ratse B, BEAERNGIFH, ELWE
K True RIEIE Network BIEBE. BN, network2.py FIBY Network. sed 5 3RIR[E] T —MNUTAR R
TRIERNER, BT LUXEER:

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

FTLA, B30 evaluation_cost\lstinline =@ —1 30 NTENIIREREES TEMNEHATE
WIFES RN EREE, XMEENEBEERNETHNIEFRER, b, eall
ket B TNEREEF SRS, EX, XUREEENETRERMEENS . A
EIFIRNRURE ISR EEIRENIE, WHHTAFNTERLET YR,

— MEINTFLRTE Network. save FT7ERBIRID, AR Nvetwork WRIRFHEME £, B —
NELCIRNERNRE, XN EEEEA JSON #H1TH, MMIE Python MY pickle B crickle 1R
R—XEEEE Python PR ILHREMEH RN G A, £ JSON WRER, RISIERE
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TR, BAITERZE Network ZERAIFIE sigmoid BIBEFTT, WX MNZRIKRI, Bi1&AT

REELX

ZETE Network. __init__ JIAREXBEM. MRV EEM pickle WK, ZFEH 10ad BRI o

5/ JSON #1750 8] LLE I t1E R Network 35RBEH 1oado
HtiA B —LERU BT 5, BRI Z network. py BVRAEL, ERFEIEIZRM 74 171K

27T 15217,

=1

- B EEAVAERSIT LT ASEt, 2R L1 ASBEER 30 PRRETTRIMAE MY MNIST

BFHITDE. REEBHEI— MBS RERL TR BT A?

. EE network.py ':F'E/\] Network.cost_derivative E\;fo ﬁﬁﬁii%jﬂ:;ﬂ'f’ﬁfﬂ@éﬁgﬁgo
BB LB TRXBERNKE £? REET BB B E R X K # & B Y n)
ﬁ? T‘j_: network2.py ':F'; ﬁ'ﬂ\]Eéé£¢$T Network.cost_derivative Eiﬁ; 4%;5\:%&137

‘CrossEntropyCost.delta’ F7EH . &Rl XiFRUAMRIREL L IR-AY?

3.5 WfEEFEHEMERESE

BHIUE, BELERBNENFIRE ), FUEHEH )\ FEBSEAENS £, BR
RAHBPLEWREBIFNEMS. KEF, SJREREENESHRIDEY, FIRFHNBSHAET
ERAEMN—HFE, F0, FHABERRMNIST B, FES SR AENBESE—T,
1%, MIFBHLEPERFTEETHNSHEBRERT. BEFR FIRZEK 5 = 10.0 AT
WEE N\ =1000.0, FTEHEHNIN— =1

>>> dmport mnist_loader

>>> training_data, validation_data, test_data = \

. mnist_loader.load_data_wrapper ()

>>> import 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:

Epoch 1 training complete
Accuracy on evaluation data:

Epoch 2 training complete
Accuracy on evaluation data:

Epoch 27 training complete
Accuracy on evaluation data:

Epoch 28 training complete
Accuracy on evaluation data:

Epoch 29 training complete
Accuracy on evaluation data:

1030 / 10000

990 / 10000

1009 / 10000

1009 / 10000

983 / 10000

967 / 10000

Fl 0 LA LERE SR BT

L TR BB IR S R 28— 1o
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RAJEER, “XWFh, BREFEIRIZMICHSEMET T.” TENZE, RHRLRMEE
XLt ERERENBS N, AJERENRIBMEE 30 NMaEtH, XM AEREN, 78X
(TN ENAEE MBS HECS B ERN? TR MNENTEE D 100 MREELET? HEZE 300
PMREEETT? HERLZENNG? HEFABMERISH? FERNMNINS—ETFES, R
EFIEIEEARTE? AIEE minibatch BIAR/NT? AJBERAIHBE B YHRA XN ERER? ATeEH]
FERAFENNENBNSE? £%5. RREZMEBSHNAEFREKT AE. WRIREIWN
LHRBER, HEERTRELZHNIGEE, XMEAMBSAKRET, BA—RIIZLAIEME
JINVNEZENLRBEILE, REMAEEERES. IREMER—BELYE, MtTHIFENE
Bl AIREMRRIMERMENEZENBEEIRPMEZIRIRIE? AIRER N 2B XM= 17

AT, B —ERTIREBSHNB AN . BNEBMARE —ETERRBEE
FHIZEBE M. AR, RIBEBSHMUNE N A%, BEAEENR#, MBS
E—MEBRT2MANRE, BAEET—MBENXT ERERNERIAR. SE2E—LH
R ISR UAEE B RIE e — =% RE. BRATMNB ATV RSB IRA Tk,

TRHVSREE: TEHRAMEMNES KR IMBRIE, —MEEMEIRE » Ef -~ —MIEIF BN
3], iR, RELEHENNBEREFNGER, X Efr E2BEE, TCEHRBE—FHE
AUy e]RAEY . LT 1B BB WLEHERE 0] I E I KR MR R =R,

]Ri&, FME—]BE MNIST DERE, NIFE, (MEEHIE, ERYAE—THENETE
KB, IS EY AT, R LU R E (. EFVIGMRIEEEFRIALERT 0501
HALE R, RAEAENF—TMERX D 0F 1o AMUNELEL 10 M ENBEREN T, B
=R 80% BUINZEIRE, XFRALET 5 EHINR, XEFEAJURIESRIELR, AT
PRRF AR R T B LS BB IRBY AR,

RIBIEHNERINRLLHITEERXNF S, WRIRE(E [784, 10] BIMLSTE AIsELLFE]
BINFHNDLENR, BBAMMENINEFIBLR . X=EEIG— (784,30, 10] BIMLEFEIR, T
B LUE—F =il fma—

RA] OB IR S W ITHIRE R IR P IRES — MR T o 1L network2.py 1, FATEEMI
ZHESNREHITRIZ. §EE 50,000, FEZIINEFZINANRBEHEEF F—=)—
FEFEVEILAR L%k [784,30,10] MEE A EEEIS 10 ¥ HA, 10 WHAKXREK, FIIRFE
SRS HBSEEREMRM T, NRFEEA B LMERE, EIAELARTF T RMTLUEIE
AN E M IS ITIDERERRER S, LR ES 1,000 XGERE. ME, SEFHAEAN
10,000 1BEGMIIEER mITMEE, FNPTLEA 100 BEGRHFITRIE. BEEEZREMLE
EIEBLZHNEGRRBEENFS), REEBMBIMGEITIERE. U, BITBER networka. py
FHRBEMXENGT, BRIFEA—NEENERBIREXMMENAZE, BITIIGHIERE
A 1,000 18 MNIST JIFEE K. iLFNT=R—T, BEAR. (RNT7ILAREENESE, HHSEWN
RANZ 0 R 1 B, HA, AEFEHLERESZRAI UL

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

>>> net.SGD(training_datal[:1000], 30, 10, 10.0, lmbda = 1000.0, \
. evaluation_data=validation_datal[: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
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BAMHRIREZEHRE! B2 ﬁ-ﬁﬁi:ﬂ&ﬁﬂ! WE A LIEEIRS, MARZE]
F10 WAL, XE i RIERHSCIOE MBS, NEEDERSHHITRE
SHAEIITLL,

FELEEWFIFHR, FIZE N = 1000.0, RENZF—FHF. BRERAXERZT T IIFFRIN
#, FAIMAX A FHTRBURIENE FROES H. XEKERZ A = 20.00 NRFATxXHE
®KeE, WE:

>>> 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

! WEETEST. FRIFEBRENGES, MER—ME5. HMNHUETXR, KX
TBSHMMIRFTEZART . RIRERNTBENF S RIFE2IBM (RRILUBER R, XR2—
MARFBVEN, REEESH, BREEEH) PO TR IBYE NN » EEE 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

XHAEF! FFRBMNZARENZEIRE, REHANEEIRERMET. P BRITLER
nBBEn=10:
>>> net = network2.Network([784, 10])
>>> net.SGD(training_data[:1000], 30, 10, 1.0, lmbda = 20.0, \
. evaluation_data=validation_data[:100], \
monitor_evaluation_accuracy=True)

Epoch 0 training complete
Accuracy on evaluation data: 62 / 100

Epoch 1 training complete
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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

XIEF R T PTLAFRATRI DA S, ARG NEESEN, B8 MEE. —BRIE—H
IRFHMHEER n B, I USIHTFIRTFNE, AEER— N EMNEZFNNERDHITIR, &
‘E— M8 10 MEETTHMLE, AEHEIEAE » M N\ HEPEMN 20 METT. AERBEMY
BSHRARBRAE, Wtk#HT, T8 —FEAEA] hold out FIFHIBRERITMNEEE, FAXL
EERXNEFBREITFHBEH. SBNXAHMONE, —REFEEEELHNBERANMBATE
BT HRNEM, XEFERA U—F TR SRR,

FIEXEEN—MEZNERBEERREGR®R. A, WEELIZIIFHEBESHNESR. LR
£, BMER EEANTIeEAHI T RIS, Lfrt, BEEZBIHENEFT S FEME
AIRLREE . RAIREB R EETREIAREN L, MARBEHE. FIUFREEBER—T7
BIHAIRN IZ M SRR R AT EERENRERRER . B LE, XERRE W BN =R
RARBRIER, KPR b, XEFBEBFHEMR, FHAMREBB I EFAHERXHESHW
%, —BIRREXEES, RoUE=BdMEBSHRERREERA. XMALEPRRES
BR— i F— Bk,

977, EEMERZNER, IERNEELARNLEBSHNETE. HBEEFESY
K, L2 FBHESE N, F minibatch K\ AT, RZHMKEE AN BEEMBBSEH
BOEE b, BE—EXTWEEEN. EEApIE i — LA B EEmEEIAIZ momentum
co-efficient XHFHIBSEL,

FIRE: BGENBETT7T = MFREFIREER (n=0.025. n = 0.25. = 2.5) B MNIST &
%o BINBRIENBIERBFEEMBSE, #1730[E5E, minibatch X/ 10, AfF
A =5.00 HMNEFESERED 50,000 BIIHFEER. TEERE—EIRER TIMNGANMNEHIBERE:

1.2,

e—e 7 =0.025
o o n=025
e n=25

1.0p

Cost

fEA n = 0.025, MR BTRIRENEEG. £/ 9 =025, ORFRTE, TXY
20 B & EERILIEART, EEMERNNEZMENE ), RLMEA 7 = 2.5 KINTNIBELES
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BE7RIFERE. ATEREZNERRA, LR THEISE NEESSEHHERREZ MR
Y PR GRS P

A, R n KAWE, PRUSTAAGERFEEEEEREIRIMEREN#ET T AK. X
£y =25F3EERRER S, UIAER n=0.25 85, B ERNTHE T AREME, B—B
HEXTAR, XN ERZBEHIT LA, MERNERE » = 0.025 8, 7] 30 BI&8)IEPREZEX
MERBIFEMm, HR, EEXNNFEIRE, WaHRE—NaE—RHEE THEEETZIET,
— M EINFAIRBSE LR, TR n = 0.25, FEEMESKEELIAE, TR n = 0.025
XM TFEIREN G EZRNNEESNA. IE, BIMEBEEREH BT E S RE
BOEEE, 7o

FRLL, BT XK, HITTLINTRE no B, BINEEEINGEEIE_LNLNILEIF
BT EMIEEHEIEMBTER » WBREN KT, XMETHAFEERDEH, /Re] UG
MERELR, LLUWIRM n = 0.01 FFiG. WRRNTINGENFEE TRIEHE TE, (RILALUIX
FHZEI n = 0.1,1.0,..., BERIEI—D n WEBEBEFBE TRERNABE ZHEL N,
Mk, WRELNTEn = 0.01 IMABEZXEILM, HBILE1A 7 = 0.001,0.0001, ... EEIMRITE
RNTEFBEIEH T ENIETE. REBXENSGE, BITTUEEF RN ENSERNGIT,
RAE] DO AT, SRR AN, tEAR =05 HEn =02 (XBHEAEELT
1518) o

B, n RMERMNZEEREKR. LfrL, MR WEEEFERRZES0E, REMZE
Bt N—=BE, H, BEN—FXEFRNERE, XEREFEEB A FRIIGEZNEE, &
ZRIEFSINRE,

£ MNIST #iE, FAXFNRERLH— PR TEIREK » H— P LN, KEE
0.1 T—ENRE, BIERTEHE = 0.5, FTLL, FIZEBENINIBE—FREMBE T F
SHEREHR n =025, EPrE, HEAWEEA 7 = 0.5 1 30 CIENRMIBETFH, FrLOEFRERA
FIREK, WEBMTARB,

XERREHEER. AT, SERIIGANRECRIEE n FEFMNEFXN] 2R EIBES IS
RBTEBESHIMRE ST E. Lbr L, HN=FERRIEERERIRZFIMTHBESEL, minibatch
K, MBEEMRETT X ENE S, FF, ARUNFEIRXERAENAGEE? BERM
W, XERFHLZEREMAEZEZRE, TAIBRET .. EEEEMNEBSHMETIRARELRN
MIRE EM D KERE, UM TEEIEERERIEEFSE L, AT, FIRENY
EBRAMENRANDIEREN, FIRXTENENETHBE FENTK, BITIEHR

99



3.5. WfEIZER A B RIEB SR

NEBRRIFINT I KNG E. AL, XELRENANRT. EFIVE0H, WNRKBIDE
PEEF, IHRRNBERBEE TR, PTLUEREAERAMEE S XH XTI H MR K,

£ F8 Early stopping SRHEIIZLBENRINE: FURNTAZIEITICHAEE, Early
stopping B RESMEIENRE, BITEHBITERIEE EMNDRERE, HERBXAHBIEM, &
KIEE, XiLIEZEDEHTERER, Hlt, BEKERITFTEFEELEXMERRLI S
FMEMBSHHXE, ME, XMIEEZEN. 556, Early stopping tEETREE B 18 %
MEMNEG, REERWHHEIARA Early stopping, XFRIUBREAETENES, FHXLE
SRIEFRISE AL, 18 early stopping AR — 1 RIEME,

KMNEEZEBHE— T AMMD IEREABIEF, XiF 5L Early stopping. IEWF
MNELBIN, DXEHEEEREE TENMEDHSEDNEE S WRBNTEREN
FHE TN ERLELE, BABESEIEFIERE, — M AENRRSRSURDIERE
FE— BB B ARIBHEL L, B170, FAZEFER MNIST R, R IEERELER 10 D
BISEEEIRANNE, BITFELKIL, XENMUBLARKIIASKZ BTN, WEBER
1MNAE—ETEEIEIIRA

XFdh 10 B ETIRA TR LA NITRIE S MNIST [Pl —FFERIR R, 23T, ML RS
ERENEAFT—MIEN D FEREMNLE A FERNBERE, AT 2BRA. WRIr=1HR
SAEZFRVERE, X MBI RS BH T — R IR RESR, PR, FHENIEIREINRN
HIRRRMLSIIZRR A TUBY, (NINTERIIARN ELBERR 10 BIEREAMM, AEETEEEANE]
&, bt 20 BIENRAMEL, 20 BIETNEAMEZLL, DU, HR, XRsI AT —H
MNTBEM MBS E! LEkP, EXLRBZREX MBS HCRHIRSEATNER, K0,
XFARETF MNIST B9ial#E, 10 Bl&FRAMA LIS XL BHNE KZRT, XEBUATI]
AR EFR, 7AM, HIT—L/)\WRE, LIFHIRFIZ LSRR EIEREE 2.

B SEERREIZIETERIIN MNIST Ri0H, RRERNNELLER T AENFESIM R
XENL AL REEEABFNIILEI S, B2, 1F networkz.py PFRIVIERFILIEEZRE
MNEM:

A&
* ABDR network2.py RSRIUR AT LE, FHib n BIGRNEALERIEHRY n MNP LUIRENS
Ho

- IREEBBA AR n 1A TIRF U SIS AT SRR 47 12480, HUNIRTIZAEDS
FEEENMIDEREMABENG AR BIRNEETIVE neworke.py T, BFTRES
IO 10 B4 FARFH48 E 5508 L R A B TE B AN 145 Bl & 2K

FIRFFPR: W —BEBFIRXRENEE, B, BEXBIENFEIRXENEG
Mo EFIIBIEIH, NERREIFEREL. TURTFEERA —TMRANWFIRKIUINEENEE
Ro WiER, BAMHLUBERFIER, XiFr] LUELEINRERIVIFZE,

FMNEBNMEEFSEKER? HLBREHZE. —MBEANNRZERENALLNERZE, W
RRFFIBEAN—NEENERILERTEFIEEE, ARKBRENETRFIER, LN
AR 10 30E 2, RINEERIRETR, BRFIREXZNHER 1/1024 (FF 1/1000)0 B
By RLER LEo

PJEFSRRA LR MRE, BERESTEREFEER, XERZERIEAKE —RA]
REREERRZBHAREMUEZINM. XINFBERKE, HEWNERAS—HEEFNFIEX

100
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AR, XA m—MERFBNEN. BE, MRIFRSEHFHIMEEE, BERBEMMN
TR0, RIEFRCLL LR,

%3

* B netvorkz.py SRMFIMN: SRIIDEHZRFEHE 10 & MEFL LRI T
FIREK; SEIRKEIIAEN 1/128 B LE,

ASERSE: BB ARIAEEIEN (A =0.0), BT E. ERBELRN, &
{ITP] LA BIE BB RIERRIF AT Ao MR X = 1.0 FHA, SARIRIBIIESE EAMREIRIREAF 10
ENEeR D EE, —ERELNE—NIFRIER, ReILSOE ) BB, XBERER, RutelbL
R [EIFEHFL 1

%3

- EABE NERRAFIFNBSHRNERELRZHG. R UBGXTEAME THEX
HE X USRS A? (REEB BRI TREAME TERIAE » IR A

TEAFRE, RRIMAMERESHE: NRMERETLHLDREFRE, MILIIME K
2R n M A RS RMNRLEN—F. REBHS, ~PE—ERH, ARREFNLESR
LAWK, BERNELHMINERTEMRFIRINLL, b, LR R TR
XIFRNERER, LBINERRIFIRGE, EAERITEN, FF. NTEXELBREREX,
HBERSHREXERZ ELRFHAE (HEHATEENREIRE), 424, AFBESHNRE
WF IR EBERLAHREELCHRIE, FrUIARNBEBSHE R ST RAER.

RRTXFAITR, ERBRAUREHAUE MBI R B HERE, Bt L, XAsE
REFEAFHHI, RABEERITIUERES M RNENIERE. B2, HMNAEKRR
HRIBVACEHIT T RZHEE, KL, RUBERIFTEIZHNITERRT . XWEHER
TRATKKXARAEE EHF—ERMN) BSHEE

IEEEIBEARN: FNIFOZAAIEE minibatch BUA/N? AT EIZXNMAE, 1LHRI1EEBIE
EERTEEFS), WREiREAAR/NNA 1 A minibatcho

— PRFELFINEMZEERIE —MER minibatch ZHRXTHEAVEIRGEIT. =
frLE, REANPZENTEXNT, RAETETE—HBREMITATREXEH. HIIFE
RHRERRNTRBRT TENEBEEHINGTT. MRRNEEERIRR, BRRBE—ITIKEH
By (E1N10-20 F) fEmtt. MRMFIHEIMEMOETERMT, B RETIIRT TA T IER
BAE, PrUREIRBERAIRR.

BETXNMIR, XRERFERNFEERELT S, KihL, BRaEEEMESR. £ £
—EMRA FIEHBA TR LUE R PR AKX PIBETE minibatch RREABR I+ B HEE#,
MAZRHITER. FTLL, BURTREEMAMEAHMENSIAT, XSEF A AHITREER
ReFZ, WIFE 50 A 100 BEHEZ,

WE, BRERXNHANBEAR. FlIER 100 B/ ELFTERF I T,

1
,— J— R
w = w' = w17 Em VC, (100)
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X EBZXT minibatch FPARIIZIFARM, MELFSE
w—w =w-—-nVC, (101)

BIEENE 50 (BRVRTIE], SERMALLERTAFIEY, RARINELFITH/AOIIMNE
7o fRI&, TE minibatch T, FAPKEFIEEY KT 100 &, EBHMANFLE

w%w’:w—nZVC’x (102)

BRI T 100 ZIRIZHELFT S, BR2MNUNEEELF IEE T 50 ZHITE,, HA, H
SR ZREFERY 100 RIEE&FS], AR minibatch & VO, 2EXIREIFNINERITEEM, ML
FIHZRIMNES], FERAEAMN minibatch Bi2RiIAE EZEHBESHITIIZRINZEA

FRLEL, R RIFRY minibatch K/ NMBR—MITR. XT, (RS LRIFEVAEREZERYIRE
TH. XK, RETEBEBMEMEMNEN. RMTEENEE—MTENE, JUEARK
FINRERE. FEhE, minibatch A/NREZFRESTZEN IR — MBS (WEEAZREHH
EE) , FRLRAREEZMAALESHR I LB minibatch A/ Hitb, AILUEEMN S TLE
FERRETUIRZINE RHEEERMN) EAEMBEBNERE, AREFEITARE minibatch K/
=R, G EEAFIAE 9, BIHRIDEBENEREE GEEE) ThBE, EEHMEER
R4 BERVIRFHAY minibatch X/ 82T minibatch A/, FLE] AT EAIBEEHITHL T o

R, MERITY, AXBHLEEMEIXAZ, KirL, FNPVEKIFHEEEAE minibatch
ERRERS L. FLEEEFEA T minibatch A/JNVA 100 FTLL, FATE LA LUEIL FEE minibatch
FNEFITIRIR, FI&BXEM, FRAKRALETR minibatch AT 1 BER, HWERAFHLEKS
WRTIEAMRELARAE, EREFR, HMNAKZSHERETEELIE R minibatch E#
B8, SRAIETEERBTBIE SIS ML minibatch K/), AR BIRRRERF,

BahigAR: HELAHRESEFHITBSHMUNBNB AN, FonkE LA EHIER
WMEITRAB G E. AT, WEE, REZTEELEREMLEERTT. BENEARILE ~ NI
2~ (grid search), AILULRASGUHIXTES OSBRI FHITIER, NIEERIARA
PRI (RFRMAIZIR) 7F James Bergstra 1 Yoshua Bengio 2012 FEfY 6 TR B R A H T 45
R, BEEIBANF EZLHEARIBERT . AXBARSLENA, B2BIEH 2012 FEAN
HH 5 B GBS HMIe . 0] LIS, hELWEMIHR ARER T

S R EENERHFEERE BRI ELS HAEXN RMNER. BRENBELIIR—NF
FFIaF— P BuE I EM, 3, HEKIFEEMIMITIC T BSMEIEE, Lk, B2HZ
BIFEERS X%, IROIREER » HITIHK, RIMRARLE, AREEMKL N, EMXEXI B
F—ET, EREF, —MREREFEHTH, REZFTHARIFNE, 22, BAXMUE
LHREK, FEESIMER. MAIZIEILEEMRENEZRNES, AEFTFEHELIHK,
R, XERERESMABSITEENEITH, FiRKIES LVERE,

FBESHAEER T NASFEBS NS E2XE L (DHEXZSHHARIEN, RHEEFM
NE—EHRARNARF) TEEMEME. REZELHEXEHT (BIHEFEN) B
SR, WA —LLAERE RIS SO LB A B AT 7 MR 245, Yoshua Bengio £ 2012
FRNILX LA H T — R EE E R T4 LS B B0 i R BN E TR R AR IR S,
Bengio SR ZAIMANITICLL TR X BEE MM, HEPFXEESWIHTRAAUNBEHIER, 5—
R EE 1998 £EAY Yann LeCun. Léon Bottou. Genevieve Orr ] Klaus-Robert Miiller Y, XL
WIIEETE 2012 FH—ERPH, XEAPNABTRLZINFHENENEBRI5, XAPHEZEH,
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BREZNANBELEERIFEHRZAENE LT, HIFERR5IE LREBHEI—&,

FEIREXEXSE, [ HTRIEN, SEMEBHNEBSRMUMTE—TELRK TS
AR, S8 —ERISRBRIAERITIERE. BAXTIEREER: " BARIETE,
SEWEF XREGEMENY LEE—FR: BSEN=REAKRT, FIUATEERNT
pRiLtE, REERRIAESLE A PRUMBBERNERBRE— D TIERARARE CREMHEITS
L, XEPILUEAEBHNTEIET BRI EENSHHI TR T B,

IRTEBSRATPANL —E AR AL S AL R E RN SEF IR AFERENTFHITS
PksE. LTRSS AFBIRE: "B, SHERNEENE R ESEXA ERFRMLHY
MEE, B2, HAIURH—THBIAM (3E SYM HE - XERHIESRENEAR) e
TR FRBENEREEMIRIFINEELNGS,” SR, N—TLEERE, SERNMAEM
BABRAR, RAEMNIF R ABERE DRI CENLE, EARE R, REFAHE— 87>
SERRBRRABIRE, B2, NRRFBRMVEERRREZNERNIE, RUAEFTEZR
EMERBWHANIRNTT AT . MRVSEFIEE2RRANEBZRGF ALY, BEEE—TN
SERRTEEF SIS AE £,

3.6 HERA

AEPPHARNE P EABERERTFEIN, B MUNEBHETRERRINEE. FEEN
HIZIHIRE DB RE MR LI 0] & LU R X LRI PT T oA e FILL, K
MMAEBLFI TNEREMENL, AEFEED, RIBEEMNHE—RIIEMEAR, XL
MR ZBZENER, NTIBREAH X T AL SRR ARRIIEH,

3.6.1 BENEETRERNZTHER

B R AERHTHENEE FTEREZT MNIST ESRKRT EE TEFNRDL, S8,
TERZHMBPIM SR EREL, BiYE, XLEFEEBHRILIT/ IS HIFBIHE B
BIFRIMR, &7, HENMAmMIa, Hessian Al momentum A,

Hessian fsAR: N7 BIFMITIEX PR, HAFIBELENERE—1L. Bk, REEEZ
/MU EREL C BRI, Hf C BEDSEBIRE, w = wi,w, ..., PALLC = C(w)o
BB TRBEAIN, KNI LUER w BT

oC
C(w+ Aw) = C(w) + Z %ij
~ J
j

1 0%C
BT EE RN
C(w+ Aw) = C(w) + VC - Aw + %AwTHAw +... (104)

Hep VO BBBNSERSE, H L2 Hessian $EFE, A jk-th TIFERE 0°C/0w;0wye
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FRigRlTBIEFESMBTRIEM C,
C(w + Aw) =~ C(w) + VC - Aw + %AwTHAw (105)
FERHIRD, BATDEAARKRRXATLUH TR, i
Aw=-H'VC (106)

HRFE (105) 2N BRI ELBIF BEARA T, T VRN R w BB E w+Aw = w—H'VC
BILU B BN RERBIE, XRiiah T —M I N R R RER S A !

- RIS, w
- T w B R w =w— H_1VC, HEff Hessian H #1 VO £ w 2B HKAY

B EFT R W =o' — H7WC, Ef Hessian H' ¥ V/C £ o' S T+E 3R

KPR AR, (105) @M—BNEM, HBEEREE/)NT KB, BB IEEMERNT
2 Aw=-—nH VO RHZ w, HF n e FIRERE,

XN R 7555 B AR Hessian $iAR5(#E Hessian (k. T2 EFSLE A+
H94E RECREA Hessian A ALLATERNEE M EAZNSUREE R, Faliy, @I 5| NN EER
T EE, BJLIL Hessian AR REFE FEPBEMEINZEEZ (pathologies) [8)#,
mB, kREEEEENGLRAMLH AT ITE Hessiano

YR Hessian MU XAFE, AARIMNXERNMERER? FEHE, RE Hessian Lt E
BLZA A, EEERE— N ARGFHM: ERERPEMENH, XML REET
Hessian 28I AR T o BRIZIRBE— 107 MENRENINGS . FBAXINE Hessian 58fE=H
107 x 107 = 10" Mt HR. XENBAKAT! FIUAESEES, T8 H-'Ve ik ERM, i,
XHRRRFIERELERAT . Lbrt, BIELZE Hessian Lt B LRIRE FENTH, 88
BREERKEENRR, EENTEEHP—PMFAET momentum #HE FERIG .

BT momentum MIEETI: B3 EE, Hessian UMM AREMUNERTEE, ™
B aBENAEHMER. £F momentum BBE FEMETXMERL, BE8%T M
SHAVEEN BT, A7 EME momentum B, BRI XTHE FENRWGE R, HA3RI(]
R T —PIRRAWUARNTR. BE, MLRINBEETE, BRTXDEFI, mEMTIR
ALLABYEER. momentum BAREER T HEE T ENRAMEZ RINTX MBS R, Bk, Nk
MEEMUNBHEINT —MFERRE (velocity) R, BENEAMEHTRE, M
ERNNZAE, MEYEFHRNINTRE, REEtEmiE. 5=, momentum 5
ESINT —MEEIND, BRES B RE,

1EBA1A HEIERBV IR IR TSI AT MME w; REENVAREZE v = 01,0, ...0
AR, XEMNNEBRIUESEERE. ZAERITRBETEERAN v - v =w —nVC

Zstrictly speaking, for this to be a minimum, and not merely an extremum, we need to assume that the Hessian

matrix is positive definite. Intuitively, this means that the function C looks like a valley locally, not a mountain or a
saddle.
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oY

v—=v =pw—nVC (107)

w—w =w+ (108)

EXERER, p BAFTHIRSNEERENNENBS N, N TEBRX PRI, AIUEE—T
Hp=10909%, SWNTREERER. P, WERREIUERIN VO RETRE, v, RE
fEEBiEH w THX, BN EE, HNBIESMBIIEETRINERE. X&RK, NREE
TARLEFSNI IR FERENA R, BIFTLISEERN AR LR ANE)E, 8I8E,
MRBAVERIINE TE, REMFA:

F—PREH UG K, FTUEISHEREIRMIASI AR, XERLAEBHR momentum ¥
REEFRERBE FRIETEER,. HA, XBHS2ERM, —BREAK, BB X,
HE, IRBERZITRNTMEENRE, BAKN=AMBSEBIRNFBLBHAZ T, X
FLETE (107) HER p XNEESMNERT . simEmiesl, p ol LUESIRFHNER DA, B
EMRIIE, (RAIZR 1 — p ERREERENINE. Hu =18, REER, RETEHEE VO R
Eo MR, BEp=0, MEERANEER, RELEEM, Az (107) (108) TR 7B
ETRE, w—w =w-—nVCe TEREA, A 0F 1 ZiE8 uEr UA TR G 2M YA
EMMRENITL. FATTLIER hold out WIFAIBEIFIEFEEEN 4 B, BEHINZaNER 1
A0\ BB#ES

HEUEELER EREBEH. BRRET p NinEmRZAAT: EMMH% moment co-
efficient, XELRIL AR, FH u HABYIEFANUMEIE (momentum) BIZRFE, HH,
TCEGERAINES. A, WEXMRIBESWAR ZERT, FRUBINSSERE,

ZF momentum FEAN—MEFHRRRTE AR EAEENT X ZIHE FHEIMEIALL
T FATTUMESERREEERITERE, SAsTmBE, FEMIIERED minibatch 8975
Ho XIERNE, FANEEEEBM Hessian AR FEIMM R —FERABENRAINENEE. 1
UNEEHRITHUIAEE, SLEH, momentum BEARBREN, tHAEBHRESEERIRTT,

%3
- NRIAMER 1> 1 =B AR?
- INRFAVER 1 < 0 ZBHARR?
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A

- IEINEF momentum BIBENARE NEEE] network2. py Hlo

HithB R MR A% BR2EMIRALANREN A EEIRERT, FREXTH
FERFNE—E . SIRHERERNT BEEWSEEN, BEEASREMIMAER, BRI
TENRIE, MBLE, UNRALERPNEANHE. siERRIN—RIEX?, NAHXILE T X
HER R, BEHIMEE M BFGS /5% (BAILIEE limited memory BFGS, L-BFGS, 55—
ITHARE SRR R EE AR 202 Nesterov FUIIRBER A, X MEAST momentum AT T 20H,
SAT, XTRZIERL, AEMRENERE TREE, 55315 momentum RERETE LI TESRL
T, FiUENsSSEAPEREREIEE T&E L.

3.6.2 ATI#WEmAyHEMER

FIE, BAVERNHERTER S BME T, Bie biff, MR R i Ay
EWMLER LUT B EMRE KRB, FREMERNMETERESET S BME, BUATAR
BN A, BEFEMBAUNBETHNETESFIFER, Bz illhitE L, ®EY
BEREEE, LHNAH—EHMPREERE, BT 7REBNRE T,

Al EEREENTMRLE tanh (EEA “tanch”) #&E7T, FRAWHIED] (hyperbolic tangent)
REERT SER, MARN 2z, NEBEN w, BEN bW tanh HELTHHEHZ

tanh(w - = + b) (109)

XEHESH S TR RAAEEY), BIE—T tanh EREHEIE

tanh(z) = Z - Z: (110)
HITEBENREEE, HITLUSE
o(z) = LH1BNNE/2) 117)

2
WELEW, tanh {VXZ S BURERAVIRLLHIZ b s, Tl IRIFHEEREIREE tanh BIASIK !

BEfficient BackProp, by Yann LeCun, Léon Bottou, Genevieve Orr and Klaus-Robert Miiller (1998).
5440, &% On the importance of initialization and momentum in deep learning, by llya Sutskever, James Martens,
George Dahl, and Geoffrey Hinton (2012).
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36. HExAK

tanh function
1.0 1

0.5 1

0.0

—0.5

—1.0 -

XA NRE Z B — M ERE tanh LT EEEZ (—1,1) M3E (0,1). XEKE
MRIFEET tanh LT, RAEREENMRLNHEE EURTNANAT, EEIRHE
N), BB sigmoid MZEBEHIARE,

LT S Bmizor, BT tanh MEmaIMEe] DEIER b, tEERNS AR (-1,1)
MR, MH, #EOREEBEMENEE TEXENEA BRI AT tanh BETIMNK
BILE /Y,

%3
- JEBBATE (111)

AR ZTEME PR T AREEELITIE, tanh IXE S B? JEH, WS Ea RN
MER! R, FA—LEIRIESFMLRIEERE tanh BRHERMET S, IREENB—T
HAPXTF tanh N—MEIEM = BRISENVER S BmZir, FBREEEZES. 1LI11E
E—TRE W] BAFE I+ 1 ENE j MET L. REGEENNESFEIEXNIRER
aldltle EAFBRMEERRELY, FUBENFSHIM T —%. XERENR 6/ NIE,
BAFTEINE wl)' BEAEBE TREIDRLD, MR A%, BAFMBHINE ol BRTE
BRE TREIEM. MEZ, HXNEA—NELTHMENERSRNE LR INsE —ERD, X
MBI T, RANRENETEFEEERNE L. XFENE, REEEERAREERHER
NFSA B Rt Me Fril, T tanh BB A X NEBN. AL, K9 tanh B2XF 0XF
MY, tanh(—z) = —tanh(z), BATEZHE, K, REZVSUSEREISTE E BIRSE T,
XAFE LI LURIENINEEF R B R A UHNE T ENRE,

BN BMAEFXMeR? RERRESREMN, BEXrRI2— BRI, mIE™
FEIEPAL tanh FL—E#ET sigmoid K%, PIEE sigmoid LTt B AR M RE S HM=X 1N
A7 KPR L, WRZAESS, tanh ESREAPAE THRHUDNEZRE MR T=NE, RI1E
A PR ERBIAL N AR S B R AL T MR E N B F SR ER, & ZHEENRIR.
?’There are some technical caveats to this statement for both tanh and sigmoid neurons, as well as for the rectified
linear neurons discussed below. However, informally it's usually fine to think of neural networks as being able to
approximate any function to arbitrary accuracy.

%83eg, for example, Efficient BackProp, by Yann LeCun, Léon Bottou, Genevieve Orr and Klaus-Robert Mdller (1998),
and Understanding the difficulty of training deep feedforward networks, by Xavier Glorot and Yoshua Bengio (2010).
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BN 2B IELMHEZRTT (rectified linear neuron) SEEIELMETT (rectified
linear unit) , 128 RLUs 3NN 2z, WNEAEN w, REN b RLU BLTHHER:

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

B& L&, R max(0,z) BXHER:

max(0,z)

B, XHFBIELEITH sigmoid M tanh #3A—1F, 74T, RLU BZ2EETSARITEEMEREL
B9, WAL R AT BB AN BN E NREHEITY ISR,

T ABHMER ZER RLU MIFEAETIE? —ErHAREGIRS _ EVRR R TIE224 2 7
RLU P sRAVEFAL. 7R, R tanh METTEEE, BIEEBE— PR TFHAREFARE RLU
RIMBHHURENERE, N TILMEZ—FX N, B8 sigmoid LT BMY{E LS
SRy, BREEERL 0 5(E 1 iR, EXERIMBEREBR TIDEME o BIETHE,
BEE T F o tanh METTHE XA, W—T, #&& RLU BEREaAH A= SEHE IR,
FRUREAFERIEAFE SRE T, I, SHENEBAZNHNE, BEREXT,
UHZTRT @l TES. XEREE XIERE RLU A ERRIRIFIR D,

REZLEH T —ENRE SRR, FBERITMEEEE — N RLAVIEIC R AR I ANEF R
EERE, KR L, XNPELEELIHINEERME, FHANEKLEE LS ZHIRIRERTEUE R H,
FRUSYAE R, HABUERBETF? TABERHMESHFEIRR? B IHaesa s
HEREK? HLNEHRERZEERZIMAZNH AL EEH, BRINI2E—1EREFR
AT, FEMRAREH, NEIERIRIBBUERE. Hob, BTN ZL XA ER KRG ERAF S AT
P3ee, for example, What is the Best Multi-Stage Architecture for Object Recognition?, by Kevin Jarrett, Koray
Kavukcuoglu, Marc’Aurelio Ranzato and Yann LeCun (2009), Deep Sparse Rectifier Neural Networks, by Xavier Glorot,
Antoine Bordes, and Yoshua Bengio (2011), and ImageNet Classification with Deep Convolutional Neural Networks,
by Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton (2012). Note that these papers fill in important details about
how to set up the output layer, cost function, and regularization in networks using rectified linear units. I've glossed
over all these details in this brief account. The papers also discuss in more detail the benefits and drawbacks of using
rectified linear units. Another informative paper is Rectified Linear Units Improve Restricted Boltzmann Machines, by

Vinod Nair and Geoffrey Hinton (2010), which demonstrates the benefits of using rectified linear units in a somewhat
different approach to neural networks.
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MAEZNE! HNBLET —LERBANIIE, JUERAElTRRENMATIE. ABHT
RUER D, FRSMEMER sigmoid MELTTIFNELE, RAMIESSER AL R T BEEXT
LB BERITA, EBRMBBZILENZ, XERFREBE R UAEE MR
2ok, BENHEE LR .

3.6.3 BXHIEMBHIHE

[E]&E: INEABHLEEALINRIZE (MAFFRIE) BIEAMAFRYEEFS
BRDE? [AIFE, ML RF, REEEREIXERAXINT?

ZE: MEBINRE, HIMWIBICTANRZ, GE®, BI1ERIFIXTRELER
EHRANZAITHHFER. BNERMNHNERRZXLZMEEIRN. X NE
LZE: BNFEEXMIENRBNTIEELEF, 18 A EARIGFHALERBASE
EEET

- K EHHEWEHFEE Yann LeCun BYjo]&i 5 [0]Z

BARSMEFHFEMMZNE, FERIIUIRERFHFNOLKE: EREERN, TR
RREIEEZ U “FXIRBMKIREER, BR.." o, EFNFEMAZRMVEBRI, ot
BEIXMLRAEREE, HATEMIRFIN E, JELD (SE&ER, MK IREIXMEE. B
Bz, HBETXRFBFENRE, K LEBRAXDIZEHRDEERVER, AMIEZE
FERM, FHK, HEIRE, XPWBHEIARRL. K5 AEERHBR—LEANPTEEIR—
LR, #RIAAZIFEERE! B2, WAAMNBREEEZNANEEIFEENEN,
BIfEXERIAN—E R B LR EREAVITER,

REJEER AR RIEMT “BXIRAIMKIRER, BR." BiEE. A THRERIIELERN
B, WBEER “BAIM, 7 3FE i, 7, AR LLEEE N NKRIEEM
AR E. XEREZAERN, BELREMBEEEZNBROM. NRINBIRAZHR, 7R
ZRPEHENERRPREEZMBIRE, BEALERRE IO BIFIUER. PRUT]
NIz EMF BRI EE?

ARFHREZD S —LHEBER RSB RINR T —REZ G —EXTR—
ARV R AIIFE L SLAFE A VIR, BREMREMNEF, FAERENSHNBSHNEEK
HERNRE, AXFERRSGH, WELAISEN—MRANCHLERgE, Fxe—MREEE
AN EL IR L, MEFHFEM—F, BEWALBERRBIBE. Kint, RITEEZE
M—E—RRAEICH BAR ST S8 —H B EEEE R EIEE. PR, XEEIRTERH
AVIEHRLEINEY, WBEEHTHBEEEF

SXAE R — I R B —E B R BI X T HEMNENIE R =R —" k. Fli, &
IRZ RS BB, R dropout TIEHRERY: “XPMRANRLD T ERMNBETTZENES
Rz, EA—PNEHETAEB KT REEtEETiFE. Eit, X Db e 3%
BN ERZ N R THIREN F RN ZETEEERIBLERE.” XE—TPFEMX
FWHRY, NI UREX MM R ABRH—RIBARINE, BEEMERLDER, WEE
BRAY, BIFERLEUNLR, EKirl, B—/NBOMHRAREEEE dropout (FIEMEE) 5
EEMETFRING], & dropout BIRRFTE. Fril, XEMRBEREEILERIIELITIE

%From ImageNet Classification with Deep Convolutional Neural Networks by Alex Krizhevsky, llya Sutskever, and
Geoffrey Hinton (2012).
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SRR AR EZ 8TEANEENMUNE—D (BER) @R, FfFEE—MENAKLIEE
FIEAERIDEARo

A, WEDBIRWAEHARIIEXERATVEEZELENE LR AR, TEMHZNE
AMRBAEESRTF (HEFSL) KARE—MEHERKR, EFIEERXTEENETIER
[RIBAVIEIE, BAXZNEIMBWERNIN S EN NN EANTEFT D IIERMBRF B AT
MUA? A KR L, BNFEXFNBAIVEERBBINIESHIINEZ, XERERIE
A FHNRRKE—FMEZNESHEEERARE NERMEEETTHRR GHFRT
AN . EFR, XERERMNXIIBRIRAEMEMWA ET R, SIRTEGFIEBRTR
B — R IR B SO IR RV IR AR A TR A T IR AE X 2 R 8 VIR R —— 7R BE — Lo AR A8 VLU (S —
TREMBPRMRERETFAESEMNERE, PR 2R XEREE R —RX T Hl10E
BEHZWENEANIES, RMREXTXERENEDRENGENIE, FASURE
SRR —MEERIEERGRSS. MEZ, BIFEREIHER MMM B AXBECEEH
HIRR, RNERMEIRZINBFERAINEE,
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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, F120:

BIERHBRZMANEL, f= f(en,...,2m), XNEREEMILAT. B0, X DML
E—1TEE m =31THAMn =2 PHEHAYRER:
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HERTBELENSIRE —EHIBE. TReRNMBERITEAAFRE, HNEBEFE—
HENER LUTREE,

me, XPMEREEEEEAELANRG THELMNZR M NENBEEFEE—FEENE
U NBXALo P LARDERAR B SIS SR ER IR L 58 Ko

EiBMEEEEERAEZNENABFRZRFTENSN. BRENEEMINAR ZHIEE, I
BHNAZHBERHEERENRAS. fId, B—REREMEXX LR TIRE - EEifEEE
. BRI EEN—EEEROIMERTXPNER, NRIFERFR, X MEPRRZ A A
BfR, BXTREZPALRREMERN, XFEAEE—MEE, AAXMERBEEENRER
KB BRI,

AX—F, RAHXPMEBMEEENEREAKREDNEIERE. HMc—FPRNER
RBR, RRERNAEZNER LUTEERRRS, RIEEIIXNEEHN—LEBR. HE
TRIE RIRARX LRI Y RIAR B AR P28 K BX AT

ZIREAENAR, FAFERIABIENET, Bk, FEEIH] LSRRI BYREH
B MNRMFEAWHENER T —REXN TR, RAIZAEBFERXERE, AM, HER
WA H-ERKAZMENET R, BEREA—LEAIREEN=H,.

ERMEEEATEIMZIETEESE, XET7TUETHEREES T XEEENE
Z5. BEFREACHE: HEEERBRENERKE T JLFRA] LUBRAEMIIZESA
UEMRRBBITE. EREe—RERAENERARBITHRAX N, XHELBREBER
BRUE— MR HEZERRXCAENERE, A, XXAIUEBRRITE— R X
HERE—D mpd WAL —MEREZBTHINIETERENRR. FiF, XEBEHD
UERR—MERNREITES. ZRMEERE, TRIEL, MENKLUBMEXLESE, E
BZ,

B2, XENBNTEFE—DA LGP ENRAER X BIEE LS, XA NERERINE
TS E E IR HXAF RIS RVRIF R AR, X NE REF BJ LN R W0 fh /R EB RS LAY

T Approximation by superpositions of a sigmoidal function, by George Cybenko (1989). The result was very much
in the air at the time, and several groups proved closely related results. Cybenko's paper contains a useful discussion
of much of that work. Another important early paper is Multilayer feedforward networks are universal approximators,
by Kurt Hornik, Maxwell Stinchcombe, and Halbert White (1989). This paper uses the Stone-Weierstrass theorem to
arrive at similar results.

‘IR EAIUERZITER SR, EANTF—EBXAERRERLHERZ.

‘L, XFENFAE ZFEREN R TR,
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4. DI ERR

REEBEEE L, B2, NREINEAPIEEREE, HEMBBERANEERF
SR, FIRENERBMENESR—ITEEVESG. BRIE, AP —EREEURFIT %
ANTAE, BIKREEEREE, BEECARERET Lo

4.1 PN ERR

RN EEEMEEEMNILA, FRBBRTXTIFERNERRE “WEME D] LT EEAE
£y QNS Ut 2

B—m, XAEFNBR— TR LKA ERIT B ERRE. M2, HITETLRER
PIRERFBY— M. EIIEINRRIITHIRE, TR LR HEARIAEE. B140, ZaiFzsfli
BB—MER T =M REITTAIMERITE f(2). NTFARSEREMER =1 RETNNEERE—D
RRERNEMA BT IR MEBREALLTTRE (Bbalit, B, FAIREBEREMISEIBIr AU IA:

FEBA R AR SIE R AL TR o

AT PNRRBINER, RISHNAGE—TFBEZREITEE € > 0 IR f(z), BIME
RE#% LML TS EEMNENEL g(z) WAEWN 2, HE |g(z) — f(z)| < e AR
EPASE. MEZ, EPXYENrIsERvm N ER 2 RE7E B i A E ST E R,

HR, FERILURR EERS UL PARI R E SR ELR RN, NIRRT EESRY, 1
RSB RA. IREERIBREX, BA—MFRTEER—MEEMBETILM. XHAEIN,
NHEMEIT BB R NBES R, AT, BMERLERIENBEITEREREELS,
— AR ELS RO P E S R ERIF 7o WNRXAIFAVIE, I BRI IR EEMERaIl T, K
B, XBEAE—TTERRE,

BE—T, BENAEHNXTERBRMEEENKAZE S —MREEBVHEILE B LR ARIR R
ERAENRERDMERNESR RS, &F, HEAT R NEENIMNERIERAXMER
ASSILATAR S, TR IR B EN BN R — LA MEREN T R ER— 1 REE
HYPIZEAYIEER,

4.2 —PHRAN— TS ENE

NTIEBAFEBMEEIEMIL, RITFCMIBBIN IS F— M NEF I, Breibirih
— PNRE— NN — DRI AR
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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, eAMNRREMSLT, MR ML TrmLE:

NTRZ—TWEERIAERERD TR, el IREERIN LA REHET. T TEM
FH, RENE, w, FEFNEEEREIRI LUEINNE we (RA] UL BIER & EEMREMHE
TR INAI R

TRBRFR IR R4 oA H

MBI VEA-BHEL I, BERETETENE o(we +b), XBo(z)=1/(1+c°) B
SEEM, BHAL, BITDEMEERTIMMUTR. BN TIIREEE, RI12%22
BREACHER, BN MR E A AR A E S B 4E, KR RAARITE
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FHYRMEIAIR, MEBEBSARN—IERATRT S BRMRZ SN CRUE R ERERIIE
BA%,

g, HERT EEEGTHRE b, TEMENRENTE. REFZISRERMNS, BE
E%E), BERTZ,

BIR, RaHTEfch R NMRE. MBS RENNEREERH, BEE—RX,
ERIIKEEE L,

MER, FINERNEIRL 2 80 3. REEBEI SIRAEVIMIERY, HEEMBAIZ 7o REILUA
AR RE, 1L RFEERN.

o, BNERNEET w =100, HIRXHMIY, MADSEREE, BRELXE LA
BRE—TMEREER, HERRRE, BR/NMRKUERI 2 =03, TEA—MEAERRNZEE
AUER, RIPEIRHRER (ERE) 5

TRERFR L oA

....... w=28b=—4
w=8,b=4
08 | w=3b=4
w = 105,b =4
0.6 |
0.4 +
0.2 :
i
—4 -2 0 2 4

fREEA AN EIR NRABIERBE IR DT, ERMEHER LR N IFEREAIMEKELE. T
EFREL T ENEN w = 999 B MINEREAZ T L. ETRXPEZEFHSH, RN
INEEFS .

TRAR BRI AL oA H

0.8 +

b= —400 0.6 1
0.4 |

w = 999

iR, PRI R A ER EHARINN B —MER. BEABEDIMUR AL — MERAVIERRAELS
HERNBT iR S8, X7 R2IAEENEERN. &R, EREINEERZH/NWERE: BEFRAKS
HE s, BLAGE, BARE™E. WRXILRMN, BB EAN— Pk, RIEMXERINTE, BFE
BMTHIENBR: TRAMTAZREIEEEREWRN.
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42, —MNMENI—PMRHYERS

KRR _EROIEF ERERER EE—ARBY S BURIENNA 7 [RAZ I HE IR BT A R ThY
EMEME—E. DT —S=MERRBHMNEEZH, ik, BEL—E S R INERE
FANEERMEL, PRURIEERINVREAZTHEHNMIRREZEESEESH. EARLE,
ITHENE w BEE—PARE, AEEIEURERENIKRBNVMUE, S, BRHFEN—
PRI ERZ—MNEM, BREER—TIFEHNLIM, RERIIECEFEEHEHT. H
[EFHEBITICRE XM AR,

o BB & ER? @it 5, MERRIUENEEBRTNENRE?

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

KPRLE, MERRETRE s = —b/w BIMIE, [EWNIRAEE FEFEIEINENREEZIN:

TRERER L R4 oA H

0.8 +

0.4 +

w = 100

|
t t t {
0 0.2 0.4 0.6 0.8 1

—b/w = 0.40

BORF RN —"1BEL s RIRATE W BA ERBRRAA LT LI, XFEMERUE, s = —b/wo
HER B s, UESTX NS HLTE

TRERRR R L LAYl

0.8 +
s =0.40 061
0.4 +

0.2 +

Ea FEERER, FNRINMILERN LANE w H—EKRBIE - REIMERRIAEZR
Pl BITIERRE b = —ws, A EREZHRE—D LIS NSRBI ERE TR [E]
= ARIRE,
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42, —MNMENI—PMRHYERS

BEIALERNZETXMINESBRRESE TR L. IERINERENMERITH. LHE, 3]
RIgFREALTEHELUNERR 1 (TNEELETT) Mso (RERET) SHUHNTARE. ©
& BEBHENE w M wye BXFAIRLE

PRl =AY A

AN EZINANERRBER L wia + wiase XB a) Fl ay F B 2INERFIEILHZ TR
WS, XEHHA o RN, RRAEITESEHTABETEERE (activations)

11%1‘%*1]/}%4\Tﬁ“ﬁﬁgﬁﬁ‘ﬂﬂ%mﬁﬁﬁﬁﬂiﬁ31o B Xt B e E 8N a . LHE

BEEBMY s &1 5o NEET 4. (IMEBEIXNEFRAET LN, RABRNMNINEIRESESE
TE?E%&/%&/%E/]E/RTEZTF‘_ BRI R TT ST AU E RV IR e

M, HERERIBIRFHZL TN IR S 50, BT TN T RREELTES NG
o

2R MR D E— NMaHNE, IR, XNAARMNE BNRESE TR E, 53—
NER 0 =R EMA?

RiE, WEEE w1 0.8, wy A —0.8, FEEI— “OiE2” BIKE, EMR s1 78, R
s9 R, =908, BIg0, IMIN/ERYHEH I sEB R REGXAF:

PR B I

0 0.2 0.4 0.6 0.8 1

IRER—T, FRBMNENRELZ o(wiar +waaz +b), HEPb%B%ﬁE—E’MFEO REAE, XAEFREZEM
RErkEL, BMERIMNXENEZE, ZMNAETELTEITREENIIMEL, T—aRaZERNEEEREKEE
PRLEEY4E o
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42, —MNMENI—PMRHYERS

28, HTATLUAENEENOESE, ILRIMNB—12, h XKERTSE. BTHDE

ELBBEBER “s1=...7 M “w=..."7 BRI,
FRiEl= B INAa

1,
0.8
0.6
0.4
0.2

0 :

0 02 04 06 08 1
T

HER h BRI, BELENSENFNE, HEESEERNNE, WRRETH
%o FHEHAERZMRRREENEZE MR,

IER—T, MM=EEE], BMBALTHAEN, JLANATRREETNAE, MERSE
RHRNRIET I, 1FA if-then-else BY—MAEER, BD:

if dnput >= step point:

add 1 to the weighted output
else:

add 0 to the weighted output

SHTFAEAANE, T EFLUEFENEEABE, BEE FREARS, RERNTIgEs &AL
MEEAEZREENB, HEZEFE if-then-else B
AT LA M ESIERN R IGREFER NN, @R ME T —RERHE— W

2

TRERRR L oAV Sl

s =0.49 061

XEIIF TNE, I2EPMESWREMEZTLES T h VE. HEEMMELDRD L E,
MR EINEIREE . @ BT R kB,

BEIEM, FTTUAMBAXNBEREEHEENERSENERE. LH, F(IrILUEE
B8 [0,1] DEAAERFXIE, B N &R, HHA N NREEELTRIKETENESERNEE,
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ILIAIEER N =5 XAA TR BERSREREMET, FIUBITEFETF—E, B TE
TEEER HEpRdEA—THMRKERASESE, EERNEZEERZERN, ATR
BRI T E BIARIRRE

PRl =AY A

0.8 +
0.6
0.4 +

0.2 +

REEB BB AXREML T, BXHETINANERERZ 0,1/5, AERE 1/5,2/6 FF, &EE|
4/5,5/5. XEEREERN ——ENERHINEER LB EMIS 0 HROE,

SWUHLTE—ME L MEKR. 12, HEThHERENE LM —h (RIFI0). KR
— N hiE, EEMEIERRNEEE, SIRXAMBVEE, YEREENTW, @1 o Y
BRI LRI DR

B, HEFEEF Eat, ETHoIRELERSENEE. STNESE, REEEIE
B hERNZEN. MH, BARKEET, EXNNAVREENE EBE—NEWN, +h M —ho

WAanEy, HIUERRFAUETLENRLE, AEEERMREIZON b E. —MEBB
SERRERMEA MBI R 5 —0. XIFMIRAIH T — DR, MEHLWES
PR T EROX D R BRI SR,

YRR T o

A IR AT I0% 6] LAV
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x
MEFEEW, BERRATINELERE
f(z) = 0.2 + 0.42% + 0.3z sin(15z) + 0.05 cos(50x) (113)

z BVESBEM 0 B 1, y HEVEN 0 F 1

ERERR— M B BRI,

R ERR R NEIER—MEENERKITEE,

EBA] EEBIMLES, FMNBEDH T REAZTREIIMAS Y, wiaj. HITMENE
NEEX N E EREARERNITH, BE, ENHBEEH, XPEREMENRE L. WL
HWIHBIE o(3; wia; +0), EF b BERMESETHRE. BT AAR] LSKIXS LS SL PR
HIEHIS?

BRADEBIT— T HENE, ERNRBEE—MIR%H o o f(x), HER o' 2o KK
RUEIER. i@, Tl )HEMERREEBINAGH L2

o~ lo f(x)

INRORBEIXAEM, MARMBREMENHLEZ f(v) O—MREFHITMAC,

BAMRBIREL, RigIT— LMK rDEA EEERBETRRE. AT RAEZHFS], Ik
HEMBED TR IRZ N B. F—R, BEEF LR, BEREENENMARENSE, R
NiZBE A B —MRIFRVILECR BRI R IRE 78, RMEBYE Z 4 @xd B R €A 4358
Rt RSN FIRERGE, FBSERFERITIIRE. SIRFFIRESEE 0.40
S LAREY, RSEAY T Bk

CIEREAREEBAT FNREIREN 0
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43. ZPNNTE

—BRZERT, RmiE “BE”, MVERBEMONTER. REREBREmE, BETER
FRENAR, R, BRAIBN hE, FEAEHEFIRESIE 0.40 AT,

FIEB AR T FTEMENMNETROEMITERE f(z)! XRE2—MERSAIM, B3
TR R B Z IS, NUBTIEMREAEITNHNENE, DEEELHM O,

32, BERIBEERIINAME SIERREIMENESFERNITESSISERREZN. 1L
PR BE—THRZ2WNE TIEN,

E—EHINEEE—LARN, 1EENE, b0 w = 1000o

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

RE—RONER L ERE. Fi, FNLEEESEENE—Dh, h=-05, BRIKRETNH
M PREAETAER B HANER —0.5 1 0.5, MEESE, HEENENEENE,

&E, MEHETHNREN 0.

XEFIEEMNERE: NAERNE T — M LURFITERNRG B AR R EE L NEN 7T
AR, MR IERNFIETIESREHETHHE RSN R E,

FEENE, X TERIBRBERRE f(z) = 0.2+ 0.422 4 0.3 sin(15z) 4+ 0.05 cos(50z), &
B AR50, BT UAXMEFITERRIE X [0,1], EER [0,1) AELEE, TAR
F, BIVMERARNMNNERHENEZREZIL —PMRBENERR, BRITREBREIIXMBE, R
HE B —R 4R,

43 ZPTRANZE

URNNBERT BEBRZ MANZENBE R T, XITLEREZR, BEMEHIIFTEM
REBPI LAIE R NMANBIER TR, PRULIATOER MRS o
FNIMEERE—PHETER MRASREFAT R

w1

w2

X8, FMB¥AN My, DRXINTINE w) M wy, UR—PHETENRE bo 1LFA)
ENE wy WEN 0, ARREBESE—INE v MRE b, BEEMITINEZIBELTRIMHL

121



43. ZMRNTE

Output

0.5

5 0.4 0.6 0.8 1

. oo O
y T

IEWREEEREIRY, 7E wo = 0 BRI y WHLTAV LR BTN, EME « BE—BREN.

ETF U, MIARNERIBEINE vy 2w, =100, B wy REF 0 FERSREFA? R
RBIUMPARESR, BE—TR#, EEREGNESAET4. ARZH—T, BENRE
AR, HE FTEBSITERR T SR EHA:

Output

0.5

02 0.4 06 08

y 00 i
FOEMBIEICAEE, BERNMET K, BHEE— T MERKEH. FENE, WEN
FERRE B E =R, BIMUET—, BT LUEI AT RENUEREIN AR E,
ERRBYSEFR I E R s, = —b/wio
RN KR U EE NS HEL EERIF BRI
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43. ZMRNTE

Output

1

. 04 0.6 0.8
y oo 02 N

X, HMERL s WA LINEE — PN ANE—HEAT wl = 1000 —MIXE wy = 0o
BET ENMFEMIRR, BFLE) ¢ IRERNINERTE » HAME. 2R, BIHE y BA
ERNER— M EERANE (BIW, wy =1000), z ERINEEZETF 0, Blw; =0, REF—"1y
7 A IR ERER B 2 B 1 TRY,

Output

c 08 1

02 04 0
X

y 00

B—R, 2T RBFEMEKR, X MER T L8V y REERA TN ERETE y 77 .
KA LIBRHIEANEARICE « My AN L, BREREFAXAM, FAXZIBERFEE LS
ilo BRZEN y McEBHEIFHA]T y NERPKRBIE, 2 NER 0

AR AR ERATNINAIS BB ERER AT B — D =R M LR, Lk, FRAITERM ML
7T, BPUE 1 2 BRANMERERE. AR VBENEIE h A —h B PMERREURES
XE h BOEHESE. FrEXEE FTEERRTIRER:
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Output

1

. 0.8
04 0.6
y oo 02 N

HERESE h BB, MREIANMESPEINEXEK, HEBREUAEGAM AR
=Eo

o, HENE S TNERFRE AL TTERBIMERR 0.300 TLEEIAE LR R. HIRBEh
BT MK ERFR i L TTAE R B ER R 0.70 YR L THA?

BNELMR T INEHIE—D z ARENMOERE, S48, BITPIUREZHMEE—Dy FA
BOM EREE, @I ERA y BRI ERRE, BIRE—T, FHITEIE y BARNEL K, =
ANBIRER 0 FXIF M, XELER:

Output
0-6 [~
0.4}
0-2 [~
0
1
0.5 08 1
00 0.2 04 0.6
Yy X

XEEAMATEIMNE—E—F! H—HEEXRTRNERERIBRE ST LIERICE —
MNIEY yo FRARERBAEANEFE v AEMMERERE, A2 x AEMN, HE y EBANINEDTE
EEAR, 2 EBEARO0, MARHER. [ENFTE, HRAEAEPHETE, LUBRERIEL,

IBHRNEEISBRMNBMNEMNIORBNSLEFA, — Bz BB, B—NEy AB, HE
#HWESE h:
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Output

1

. 04 0.6 0.8
y oo 02 N
ANTENER, REETNEN O NERE IE, RERBEZTEETT o My RS,
FRBERMOREEH AR LRITE. BERIMNEZEAZEXEN S, RAENEEHEA
TEWMAT,
RENRESE ho [EIMTEEERR], XslEMENENTN, Uk My EMORBHSE,
BATERNE RBE— BRI

Output

1

4 0.6 0.8

X

oo 02 0.

<

INRFAVEM R BB, AT TEEREIIREMMERRIRL, XIEIETE
UERMFZ N EBERE!
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43. ZMRNTE

Output

0.6

0.4

0.2

5 0.4 06 0.8 1

y 0o O N
B2, HEKBEBANEERE— MRS, RNELMENEERG—THOE, BE
A2k, BEHEBREE, SEN ho
BREFNEFIS—MEERR R, 1I2EREINEESE TR AREI—1 if-then-else BY
AEEA:
if input >= threshold:
output 1

else:
output 0

X~ MNREEMANGLE T, BITEENER— MR AN A RIfREAETNES
fa
if combined output from hidden neurons >= threshold:
output 1

else:
output 0

MRFBNDEFESSREE—LLW, 3h/2, XESRNSEMNTRRENSERENE—RK
TR LUEB R FEEIZE, FEKIBEIIESRS,

TREEBAEIEAMIS? 5 A TEAINBSMLI R R, BIR, HITINEEEEFBDMLE
BRE, MARRMERREENIE L. XEWERNEN T —MREMEREZE IR L,
FN A S AU EN, fREEIRE] h F0 b BYME, REFE—NERIG? XARME, PRUMRMMET —=
JIRBREE, XREMMER: (1) ATIHHHHETERERY ifthen-else 174, RITHR
MIANBINE (FB h 8 —h) ZRRK; (2) bBERET if-then-else EIERIK/
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Output

1

9 0.4 06 08

X

TS HE, haEERE— e EEREENERENSR ERTIBRRAE. N TE2H
T, FANEMSH W ERIERRFRA. XFAH T if-then-else MEERTTN. HR, A
TIREIERNEE, BIMEFE b~ —3h/2 BR—T, EECEUAIEN!

XECERERNFEF, JIMER h=10:

Output

0.5

1

. 0'4 06 0.8
y oo 02 N
EEXNTXMENERE b E, HAVFET —MEZFEERR. =24, RTILEIE
HE—ZEI h HRFRE b = —3h/2 RETC NI IPRA LRI,
EBNZ BRI XENMBEEE—E, KIHER D ARVEERS. N7 EXRDFH
LEBE, FBEBED TR ANSGEXE: 80 FRTE— SRR, 8 LR
WAV, AUNE LR RT S ZMREENNREL, B, ©f—MIIMEGEEER R,
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 ETMRAEE

Output

0-5 [~

LHFEB BT EARLEINERNEHHERENEE,
EFREER UAEITERIMTEENEESHEE., MBI LLLENZEERHA, &=
o AR, HAHLUBRE ZNRREER NG LTINS EERER — TR

Output

0.6

0.4

0.2

02 04 0.6 08 !

y 00 N
TEBIEE A PREENIAE L o o f BOIEIN, FATAT LURRMLEH 5 H A U2
EHA KR £ 89T fBho
BEMPEENRB=EF?
UBRMTAIRA=ANEE 21, 29, 230 TEHIMNGH LUBRITE—NOERTERRR:
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4.4. S BB TTHYRE(R

X8, z1, 10, 23 TRWERHNG 51,1 FFEHLTHMERR—E1, E—EFFIENNE
BRAHN, MBEBIEENALMNERR s1,t1, 52, .. .0 B_ETHNERIEIREN +h, —h, HHF
h 2—MIFERBIE WEREN —5h/2

EXPMETERXF— PRI, = DFEBEN: o 7 s1 Mt ZI8); xp 7E 5o Mty ZI8];
x3 TE s3 M t3 ZI8], 3N 1. HEBERMNEmEN 0. B, XMEEERATEN— N
HEEEN 1, HeB Rk 0o

B ASITF S DXFRIMEIAN R EEEZRIER, WA —MEEN=TTREH, X
T m E]AE2EENER. HE—FEATHNERFRHRERN (—m+1/2)h, NTEEER
BYRIEPEIRITNRF TR

7, FRUAIERNAENARAHLMNERITM—DZITRIKRERER. ST f(z1,...,2m) €

R" MR8 REUEARE?H A, X — DRE A LA n DN ERIRBISLE LRI f (21, ..., 2m), [0, - .

FEF. FRUFNSIB—TMERIIM f1, Z—PFREM 2, NEEEF, AR ERIEXERLS
HHGER. PRUXBESZ N,

A&

- BRNELEBWAEBEEM N RRENMNERIIMN—MEERE REEEHE—MIE

BR, IERRE—NRREEZRI1TR? fFA—1ET, HEARAER MIAZENE R TL
8, FIERA: (a) AILBEI— P AXNIE 2 My FA, MEE—MERS R AN EREK
& (b) ALUBERINFZRRE (a) BN, EPAH—MERNEE, EPRERR,
MAEHRY; (o) EAXEREE, AILLAM—MEBRE. XTF (c) FILUERAREH
[ER—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

MRBANZE—PAEEENEZ TR ER? ERECHUERE, s(2):
s(2)

z

EHTIMIRE, BIURENRBZTERN 21, 22,..., NE wi,wy,... MRE b, BABLEA
(3 wjmj + b)o FATTAI LUER X AUE RECRIT B — DB ERKER, IR0 S BRI By —
Fo HABEMATEFRRINE, il w = 100:

TRER BRI L oA

x

IEONGEA S B AVIHR, XSERUERBUWSE, HFRATR—THERREVREANED.
HENERE, ARIMRRERRIRNYLUKERITEENMERMIE. FrUTIIEEAPIEMEIE
FRRAVERISRIT B AR EIERI RN

s(z) BEMA AR EXIFRIERE? FNHEFERE s(2) T2z - —co Mz — 00
B2 E X BRMAY. XD FRIRZETA BN R R EEBYRME. HIMEFEREXHMFRIRE
RIEARE. WRENTEXSF, B, JR—NERNTIBER! BRNRECEERE 5(2)
mEXLEER, ETXF—TRUERBEE T SRR T IR,
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4.5. N ERERIER

 AEABAERITERS L ERROHNEELIERTRRET. BRI ARRRET
AR B SBIENR A, BB~ BIBIEEITN, EBEELEE T SERT
.

CBSBRIVEBEERET, MEESERY 5(2) = - AT, MENASERETE
S ERINILA B B RS, B BRE T s F A &,
4.5 (BEMRTYERERIER

BRTALE, FOMREML TR LUERRERMERER R, X2—NFEFsNEM, BHEMNEL
Mo SEfr L, ZBE—MEENWHERD, N TEWRE, EXERUSRIEMMNEKREAEETF.

TMERER R L TR

X

PR O 3R tH A BB MR A ST

0, SRR MEEEMRE, BRSNS TINEN— N BRANE, Bil5
XS R ODSEE). YA, BRI LUDHEE OB TRE L EE R0 — BRI 1R
EHER, FrLUBRATE LR TR0 Ma R,

RGN, B ARRTRRITN.

L, RNATRESBR. L RIEERE— NN — MEL A A A
HERL, BRSNS B % BTG L,

B, BERITEERNOMETERE fo MUFI—H, BINTESHBITNNE, &
BT IIAELE o o f(2):
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4.5. N ERERIER

o1o f(x)

—2 |

.
2/
1
0 ]I . ] | >z
| |
| |
| |
I
| |
|
| S
2

BiR—1, RERTELNSEEEOX), HFiLEMNESZEE. RAZNRILIBEREX
LM MR ENEESR, BRITRASBI—NEEN oo f(o) BUEM, FBRTHBLHER .

RigFMER—RIIRRAELTRITBERIRONBETRREN—F, Bo o f(z)/2, A
EEBNNFDRRIAM, HA, XE EEMG E—TEGRRGE IR

2
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4.6. #5182

HEBISRIERS—RIIBRRETRITE— 0 o f(2)/2 HIEM, BRABMAER
B—E R

WERMNERDTEN o~ o f(x)/2 BUEM. MRFNHEXF- MEMETZINER, FHIIZE
F—D oo f(z) NBMAIEIM. XDEEANLMIATE—LENEONMBEEHE, BRI
a2/ NMRZ. REBE—MEMFNEEEONR, FEZ—THSREEOH. FrUEX
LEHOD, HUEE 2 ERIREET.

BNEZREIIMAKREN, A M KRR, BEESRIM oo f(z)/M KIBIFEL. RISHKE
BOBKRBET, HRNKRRSE—TEEFOR. FERKHNER— M BB ANES
EL, ERZR—DIFEFRIEME L.

4.6 %4it

HMNELITIEHN T ER TR SAT RN AE RS NETT RERYISSR{TRAE! BB
B2 NAND [ ]S EHERMIIEIBMIE. RAXNRE, REBLZETILEEEEMNS T
Hig, MARITEEAT. AMm, Re] URIIINIRIFEEHX MERE NMEBEBNE HmAY
R

REXMERHATEERATHENSG, CEERREEN, ANEHA T 2GR
ZKWEF] U BEEERERHEREE, XWX NIENERSRE B o PTUBERIAYIERR)E,
HATBRAEEREAITE, MEITERBEVFNITERT 4o

FNBIUMN T ERENEERER T NRRERITE—TMEENRE. mE, ENH]
BEEMIETR, REAEITHREEREBSHFNEGREREN. ST, Re/EBAENT
LFNEWRENEZHE, EERZREENMS. IR ST LR R RERN.
BN IREERIN S EIRG?

REFRE EXZRIREN, ERRENENAERMNRE. ENES—SHKRAL, RE
WEB— M nheEN, ELHERTFINERANR, XE AR B TARIISHFRAYE-,
BREEAMFM, SECETEGIRFIRE, A TNUEERPRIGER, TEEMER
HEZRNBSHAREZEREPR, XERNERNRS, FJUMEGRINASEREIEELE
R, UKRFRBEZR. ZUEZENGEI. ERENETT, FMEEIEFIZXFENIER
FHREY, RENBELLXENEMISET, S4—T . EBRMESFHIMNHEZNEEITEEMAE
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4.6. #5182

#; MEFEREERTRENEREESHATF I B AT SIS ER PR R

TAEHE: B8 Jen Dodd A Chris Olah XHR Z 1A ML X T EBMEMITIC, LEIEE RS Chris BIXER—
PMEHRKIEBEEE. A2 RENAIMCERTRRETRES ANTIERSRE, $/0 Mike Bostock, Amit Patel,
Bret Victor # Steven Wittens.
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& =
S}

=1

iR FEHREE 4% 9 (R 1R 331 2R

RigIRE2—2 T2, BE—MMEFBITHENNES. XX, REIFEELF, 81T
PIBEBER, MZEAND ], OR[FFH, EWRHELHEHEK: FERPNIRANT — &Y
HTHEXR BMTENNARNRELNEZERE:

FMEBFIN
(REEFF)

EBER7TE (AND, OR, NOT &) WVE—=

BEITHNE R

it
(REFSH)

RIRRT, RERGRE: X5y 7 g

En: “FRIAARIIRT, BEREFHNFIRILLRK, HMNBHEE.”

KPR, ARMIEELE, MINEPHLEERNNIE. RIZIMAIUUEREMSZRVIZE],
ELLREEZ MmN AND 158, FEFHEEAZHEAR NAND [ J—r] LI Z M
AND IEBEHIANI ] BT XEFHAN), WEHRNMEZRENBEA LUTEERE.

BRXNAANEFEEEE LR, A TARIZ—NHFRE, KK, RN
LI (HERSZHHEMBERD) B, HNEBEBAEMR 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 LAY, AEMIFRITIAREREREX MFF!
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N x My

F—E, WEBLEEBRIES, FIEIRASKA

s

BREERHMES, FlaEkFHEm

BEMIE

Wit xy

RANEREEE VD ZEABNERID, KiFLE, XTMEREANRIBI=ZE, RAFEI]
BI LUK FES DRt R B/ N BRIt BREARBEMEXF.

FIERE LRI XFNSTHI R E T ENE R, BXN TS HT R HE,
FIUEBARY T RER IR T BV RV AR P s BRI MR AR BRIt R, fI, 7£ 1980 F
REMN—RIEBZREXEZS R T HELSHNEGHNSFBMEELIHNEARRKITER RIS
LBV le Z—EHME, WRIMEABRILR, BARLUERNRRNILEFITEESEE: X
NEZHBELRINHEENE, ARERXEERRKITEILFEXRIXNBIEEIE, DUIsEH, M
BEEHNFEE. RELBXFFENSR RGBS XL EAYERRIBES T

FMAENLE, ABRHRENBEEZIMRENEF. JLFRITBEINFTENME R EE
—EiREHgT (FINEERANRLHE)

hidden layer

X L ’/,/ﬁ‘ \
X :(('4//[3/{@\\
XX V 3

@
i

XLEFHPHIMNECKIERTER T ERENEDPR, BIMERAXEFENNETLIHITERES
X 98% MFESHFRIRA! mE, EERME, HIPEHEBEZREENHEMEEEE TR
I IE b N
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5.1. JHRBIEER

hidden layer 1 hidden layer 2  hidden layer 3
input layer

S 0
x,‘,M‘&ssz%“&sgz%
‘_\&{{“(i%’ ; \ output layer

NSRS NN

\\
A\
7 AN\

775 A

NN
AR
R ’:"‘\%‘\%‘V AL, NRSOSG AL
%A / > 57 ND % > 257 NA % 2
LSRN 5 Ao‘\\\ S XK ll/,',Ao‘\\\ QN WORLLA )
XA LE 0 I LK S X LK, QXKL
SRR IS, NESOIITXLS] SRS XX
SIS R A~ RSB K L~ ERSREH FRBAY S SERRLE
VIO EXBINRERT  EXOBIAIERT] = > RS
IR KNS QO WIS E LS, R
SEOEINEL R e
v e

: S SR TSI PRI~ 7 XKKES
2K RO 0”"06"’3“ QRS AL X ‘»‘0‘0" <7 XS]
y&ﬁ%@%§4gw'v@%$%m%/hm§ 4%%@
%
A\

K7 X

QN
>
WX A BRALKEXRKES C L AKX
RS XTI AN —

QNS _ZAHORI, ZAIIRS, =27 17

NN 'Vr,ﬁ AN w(‘\‘\\"‘\

R

3

N\3

AN

VO ‘.'5:'/,’ 7
SN 2%
X 4 / \§\§\“:' 597

X S
oSN fﬁw\mW“4§
NN\ O\ RN
17272 X SN\ 5SN O722SRNN)

@:«\ S COEXRN 54
LR TEOANRN A BEAR /
AT 7
<\

XAFRINLE A LUE A RIEEMZ L SRR, TR ER/RER PR 5190, a0
KRBNNTHETARRENIRG, BATEE —ERNELTRAIEFZIRANE, % ZBERHZTAILL
EOREM EFRIRFIHEMERTR, FIM=BEHEET. E=EREBRMNEMES
AU R. RIS, XEZENHRBREREBIR T REMNE —THF IR RE SR TIR R R
BYRET ). AR, EWMARAVRAIRERIRREF, FEEER EMRERSIFRITRENSE
AR LR EMEE MR,

IV X BIREFEZMER? EAEF, RNZHAERRNINOEHRFIE
FE—ET RAGERMENEE T E —RIIRRENLS, BEXRFERE, RAAINTEURE
LA FH T RELL R E LSRRI K %o

XPNRMIVERIF RS FEITICRF. Xt REA, 7, HMNEBRNHEHEE
RERREMBNGRERNRE FARR—T, kIR, BREMEZS, TENEFIH
REERER. THE, ENETEENEFZINBEREFINER, TrERE BT
F{EHAE, BEXREFAIARB, IMEFHTBEANEZTAT. M2, BEENRENERE
ENFIRRETET, XEREAMETIHEENT IRAHER,

HEATEBINRNIRARX NS, KIMBRBEFEEFESHIL: SapERREF SRR
%, BREEENENEEAE, Kink, RITKMEREERELWNEPERAETBE TENFES
HERBFEENEIRE . XMAREMEESIrNE GEENF ST IEE .

XMHERES. BREERE T XEXRE, HIEBRESRIGREMBRER
AES, MEXRERIBE T —EWEFHNIR, RN ANAERREFIBREGRIR

pall |2

5.1 HKBHERH

Ba, ERITNGRREMEE R E L T 07

T3 FLE R AN 48 4545, Razvan Pascanu, Guido Montufar, and Yoshua Bengio #£ 2014 BRI X X E On the
number of response regions of deep feed forward networks with piece-wise linear activations 451 7EBB, SH0¥40
B9ITILTE Yoshua Bengio 2009 EEBIZ{E Learning deep architectures for Al B9%E — &899
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http://arxiv.org/pdf/1312.6098.pdf
http://arxiv.org/pdf/1312.6098.pdf
http://www.iro.umontreal.ca/~bengioy/papers/ftml_book.pdf

5.1. JHRBIEER

ATEREXNHNE, LHRINEMEEERRE—REENEENE T, XEFHNBER
MNIST #F 9 SRR E AR ARSI BIRT R,

XEBIRB A LT B S B E)IIZRHEM g, HEEZEIE M X, NRFELREMHXLELS
B, BITEEBM ELEE Python 2.7, Numpy FES, LU FTEGSEFRIFTEZ/IMK
N

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

RIRAER gic, MATMBERMXE THIEEMAE, ZAEHFERN src FER.
PAJE, 1E Python sp 1R fFHR IR 1INE MNIST &

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

RETAIBIRLE

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

XPWERE 784 MaNEHEZTT, NN TRANEIAR 28 x 28 = 784 MEER. HIKE
[REIEMALZTTN 30 1, WHEN 10 ML IT, XWRT 10 D MNIST #5 (0,'1,'2), ..., 9)o

IEFRATIIER 30 DR BRNAARH, ER/NMEEHIEAR/NN 10, FIKn =01, WEESE
A =5.00 EIZREY, HIMERTE validation_data F WD EANERRES:

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

AT ER T DRBVEHEN 96.48% (LAJRERE, BRETRF LA —RRNRE)
XANFA BT EBIEE RAB Ao
WE, BEIMRII—ZERER, BEFEME 30 ML, EEABRNEBSHHTII:

>>> 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)

RANERDKEWERAT —=R, 96.90% XRLAXE . —RRBVRE®R T MR, B
AR I —EREFRIRESE

>>> 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, XBEHEEMTARMA, ki FNEEIT 96.57%, X5HIIXENSEETL L. BIEN—
E:
>>> 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)

DEEWENTET, 96.53%, XAIEAR— M RITEZSM TE, BRI AIRSEAE,

XEXRMEFRNNRERLRIFEET IR, BT, FINNREBEN S 1LNEESEFEIEINE AR
DERE, REFIUEDENRNSEFE, IUBENE, BEHEELE, EDFNER
g, ERIFNIBE TERBEERm. EEHAZXETH.

*MNIST [BIAAEHETEX BAX B,

3Note that the networks is likely to take some minutes to train, depending on the speed of your machine. So if

you're running the code you may wish to continue reading and return later, not wait for the code to finish executing.
“4See this later problem to understand how to build a hidden layer that does nothing.
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https://github.com/mnielsen/neural-networks-and-deep-learning/archive/master.zip

5.1. JHRBIEER

A, NiZEEFNIE? BRIgIMIREIZNMEBERIE LRIER, MEERHITNFES
BAKBRIMEBINENRE. FSANETNEFTFEEFTIELAGEWEL TRM, HiE
BRINEINIHET o

NTIRE—EXTFTXNMNAIBER LARAZR, HITTUENEZENARAHTIMNNK. TE,
WEH T —H5 [784, 30,30, 10] FIMLS, WHMEREEMEEE 30 MREAETHRER. BF
HEMRIZRTE—NEESAITE, RAXMRETEMKEH TESINNTHNRE, FANEE
BREBERIRE, M/NWENRTENER, EIERHIN, XLEEFRRTEMET R &,
HIERANMERHXTHELTHNBEELTHRE, OME_E, HNEITXMEENBERN
NEEFIIEFREXNTHRE, MEBEFH TRHAIGZTNENTERE, NREZEL
HEXEHATOAREEL: BREBRIRENMEXERFRT TS ML TNENRETEHEMWLS
FINNTHIRE,

ATILERESR, ERERERELARERE LN 6 MAET. XERR T RNEEHETT,
HAMIIH B ERTEFINNERERE. FFRLEEETHAKT, RAXERIMHL
EERZEILR, FrULRERHRENREEINSIELL, TEMNEBLEILEMSENIZE1HE
MILERITo:

ZEEMNDEEN, ALERTHRETFINREERELER, ME, HNMNTLULT,
FBINREE LNFEER LHELE N EEE LNEEKR, T, BRI REEN®SIT
BFEI/EMRR, XNNEB—NMEHEA, REFE - EEENSE T —RER FTEBELLE—
MREIZNHETFEIEER? ITHERNMNEN, HE—ME2BNARRIERFIRER
EERBEM. BANNXERBERTN 6L = 0C/ov, 1£56 | BBV j MEZTRIBE. HATRILUS 6!
EME—TOEEFPTRERTNE - RREENFIRE, 2 NEE_EREENFIRE, %
EFEAXERENKEFNIEEHEXERBEENFIRENES, AL, |0 MRAKXKE—E
PREEFESIRE, M ||6% MAKREZERBEEFTIRE, EEXLEEN, TN EERFENRE
T, |6 = 0.07 [ ||62]] = 0.31, PRLAXFAMBINT 2 BiNEEX: EE ZEREENHEITTE SR
Bttt —RE R,

WRENAMELZHREEEE? MRHIMTE=REE, tbiRE—" (784, 30, 30, 10] BIM
&, ABANTNMFE SHREFZE 0.012,0.060,0.283, XEaEAREEZIRELAZERT R
ERRRREE. BgHIMNEINSE—NEE 30 M@ TliREE. BA, WNNFIREMZ:
0.003,0.017,0.070,0.285, H2—HFNEN: FIEHNEFIRERTEERNE.

MAXNELEBA TIHHBENNFEIRE, XENNFBTZENER. BAXMRES
FEENGIER L ETAFNTHIR? ILRMNEERER I EEE. FIRETHINT:

AT FEEXELER, FTE 1000 MNEEE E#H1TT 500 1 batch BE &, XA ER
B R R BN —I & B HE A minibatch, AXERT 1000 MIEEER, MAREIH
50,000 1BEl, HHTEBMAMENZ, HESKIRIIENER, BENEA minibatch BE#l
BETEKEERPERELNRE (REEFYRENMESRERMN . FRREEHREN
SHAI LIS RFITEE, XERMIUEBREENE AR EEN. NEFR, MEEHEA
NMEERENRE, RAERENFIRETMEFITRR S, TxE, BNIANE—ENF
SRETEHEIEEIBT,

MABNMERNNERTABRE? XER—1MRMHIXR, BERXABE=1I12EEZ
([784, 30, 30, 30, 10]) :

B, IENEEZELCEENREEFEINEIR, RE— 1Rk, HERILINEEF2EZE

SXAMEFAE T BN generate_gradient.py B8 T Hfth—terfr A S EEIEDINIHES %o
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([784,30,30,30,30,10])) , BEEXBEREEMTA:

BEFNELZEINT, AENREENFIREZRTEENRER. XB, F—ENFIR
EMRE—EEETHIMHESR, UHRRILENRIET 100 5. HEIANIZAIEIIFXLEMLE
AIRTHEIB R T AR |

NAERNELE T —EBNNRER: EOAFEREWENER, ERIERER BP
NEHESEEMETE /N XBRKETIENEREBETNRES T IREEZ T EENIREE.
) LBEMNRE—MRMERLI T XNMNR, ELNESHNBENERFEEENREANSIHX
MIZREHAWER, XPMNNREEHTERHENBERE (vanishing gradient problem) .

AEERNEER RS HINE? RIS TARNERE? REEIIEREMRE WL
SNMRIAMEREFIX N A RR? SEBR b, XNMAIE R LOERY), REBRAEHFTERHRABN, BFES
FERE—AEIENETNEESTRIEE KR! XUIUEIRIFRNREERIE (exploding gradient
problem) , XH&ELEANBERIBMEIFAE, EMN—KRHNR, EREBEMEHNRER
FRE 1, ERENEFRHREER, H2EIF. XIHAREMS BRERENEFETHE
FINRARE, XMERNEEIERNARA, NRAJEEINE, RENGIENS BIETER R,

—MEXELN (FREN) BEMNELRHEXEETHIE— N, ZFTERFiR
HE—MER, BISHNEEHEMRE—D—TTBIRE f(2). WRESE f/(z) R/, XHEF
E—TMFEEA? BTREKRERIELZEREST? BFENAR, TRAEBRENEHFIE
pREE B ER A RR AR EEINENREMAZIBET?

LR, KARERFAREXEN, BRENIENBEMEFINENRE, TENEEN—F
55, RRERABNIRNEMREBRE—MRIFNERZARET . B, EF MNIST 7
BHMERE—ENNE, BNNBCEREE—BEERTRABGN/LTREER. BMEE
ANREBREZINIIIE, XERWRAEEZIHNEEMEERIHRANE S, Alt,
TE—BETHTEINZHABROTEN. URFEIMFEENHRRERENSE, KINFEFFL
GOMRTfRR * JEIREVREEE R RR **,

52 HASBTHEANBERR? REMRENEPHBEFTEM

NTEEBNEELIELNEE, REE— MIEENRERENS: §—RHERE—
gz, TEREE S RIRERNBEME:

B, wy,wy,... BNE, by, by, BRE, CUEEMNEL. EF—T, NS )
BRI o) = 0(z;), HT o BEEM sigmoid K, M 25 = w; + aj_1 + b; BIEETTHIEA
Birho REAERBRTHTANELE C KBHAN EMSHE o) NREC INRSIRH RS
EEfE, BARNATE; BRUATE.

WA ERAR— FERTF E— M ERRETHE 00/0b. BiTHETER 0000, B
SRR, BITRRA I IR & B R,

TaRtE B E 0C/0b MEET. PERRELESR, BRHSHSENEDBN, R—
2) | AMRE, TELETBANRAR:

acC oC

5= o'(z1) X wa X 0'(22) X w3 X 0'(23) X wa X 0’ (24) X By
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52. HASH T HKANBER? REMEMEHRNBE IR ML

FIETVEWW T WENMRETE—1 o/ (2) T WEIMEE—D w; I, BE—1 00 /day
0, RAREHANER. I8, RELRREAFHNESINET THNHUE, PTUNEE
SRR TATRIREIR,

TREIIBROARIX DA, BERBENZFETVIA X T/ NI ER R, XX IEAZ

2, EASERR E EERFRALRZREXN T BP fITIersHl. BREBEE T —PR&AINE
MRS, FRUEEERMERBERREEBN (LIEEARAIEM).

RIS RE by #H1T T HVNETEEE Abjo XRFSHEMERR THTE—RINE . Bk
W FE—PERETTAETE—D Ad NEN. XFRIIRE - MEHLTHHFIINTE Az
. MNEZMHETHHIEZ RE Aay VT, LULEHE, SRASIIANREBTE ACHY

T, XERANTE: oc AC

by~ Aby
KRRV LB FARBERE — S IRIEER 00 /0b, BFOAT,
AERNEE Ab MEAEHE— M RETHHE ar B BATE a1 = 0(21) = o(wiao + b1)»
RS

(114)

do(wiag + by)
Oby
= O'/(Zl)Abl (116)

Aal [ Abl (1 T 5)

o' (z1) XMBRBHAE: HEZBRN LEXT 0C/0b) WREXNE T, ERLH, X
RMRBERILE Aby B THRIENZN Aaro Aay FEBZXFMM T HERGEN 22 = wa * ag + by

9
Azy = ﬁAal (117)
= ngal (1 1 8)

B Az Ml Aay WFRANASER, RITATUBEIMRE b PRI W@ NS E s im E
20 BY:

AZQ = O'/(Zl)ngbl (1 1 9)

WE, XEEBFEMUNERT . HANFETERE 0C/0by BIBIEIMI,

DUESEHET R, IRERMERENEREM A UTm. A8 METT, BIEZERE—1 /(%)
BV, PAREE INEI ERE— w; Tlo RABERMEBANRITEN AC BEXTR
B Ab BIFRER:

AC =~ 0'(21)w0'(22) . .. O'/(Z4)SCZA51 (120)
BRLL Aby, FANBBEE T HERNRIA:
gbcl = o (21 wac (29) .. .a’(24)(‘;f4 (121)
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52. HASH T HKANBER? REMEMEHRNBE IR ML

AEAHRBEEK: NEERENENRALE XK.

gbcl' = a’(zl) ’wQO'/(Zz) ’w30'/(2:3) w4O'I(Z4) gci

fRT7 RE—I, ZRANE—RINFU wio’(z)) IR, N TEREIIMRIITH, KTBEE T
MR sigmoid ERE SEIES:

ZSHIT 0/ (0) = 1/4 FHERIR S, WE, MNRFNVERIRET ERIIBUWMERRIINE, B
ARER—MYEN 0REEN 1 IEH DM, FHLFERNERERBE (v, < 1o BT XE
BR, BRINZRIMEE wjo'(z)) < 1/40 FEERNHAITTAEXLETHFERY, REAEREES
MR TR g%, TR TEBIR, » XBRITGIRMIRE] T HRNEE AN IR
o

FHE—R, FMER—T 0C/0b) MI— 1P EEE—ENRENIEE, T8N 0C/0bse =
2, HEEE Biths B X NRE, BRTENARNE—F8%

(122)

<3 <1
—. — oC
gibclV = U/(Zl) w20'/(22) ’UJ30'/(23) w40'/(z4)37a4
—
common terms
—_———
oC
oc _ o1 / oC
o5, = 0 (23) wao (24)804

MPMRTIVBRZMEANTL B2 0C/0b RZEET M NI BT XLEMERE < 1/4 8%
FREL OC /0by =i 0C [/0bs BY 1/16 HE T/ * XHLIBBRNBELIHARRRE T, **

YR, XEHIFETENXTHERNBSERMBENIERmME — MR AREXICH, 5 L4
MFEERAT. {5, RIBEHNBNE v; TIFFRREREK. RS, Tw;d(z;) &F
ERTEHEZH wjo'(2) < 1/AWAR, FX L, MRMEFRA—BE 1, BARITETE
BESERABERR, KfrL, XIHEHBESER] BP IR A EHEHIMIEK, BHMER,
FABEET ** BRI~ #1918,

BEIBERRE: NTEEBEBIFNALIAE, XEMGFrIFEBABA: BEMLE
PRS2, RHRTERIFNRE. EREEFER, BEEETHERTEEBIFRE (M
FFRISATEIAE) BUHFEIAY.

HRNFE: B, HNTRMBIINERERFRA, LI w = ws = ws = wy =100, AT,
HIEFRRERR o/(z;) TAEK) XRBREZRUN: AEMBERRERRIEGNHE
TSN 25 = 0 (OXFF sigma(z;) = 1/4)0 L0, FAMIFE 21 = w1 xap + bro FR
Z4B by = —100 % ap BIAJ, FAVERREFNFERREHMHIBE. XN LULIPAENE
wj * 0'(z;) BHETF 100« 1/4 = 25, &&, TITHRF T IEFHBE,

FRENBER: RAMNDRESLHIFRERNBERDNEBIFNBEDR, mEEa
HHNE EBEEREEENE LTRIRR. SEEIZHERE, SEIRTRERR LR
REDR. W—ILFrEBREHEEERNT I RENS MG XL FRE LT —FhT .,
INREH FEMH G SE BEMARNRIEFRER TE, BNERESZTRET. BMs2, B
SER IR BL R AW EZIRT ~ TIREBERIBI *, FILL, MRBNVERIRENETHREN
FIEE, ENEFNTRERREIRBRRAZE SREF INE L.
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53. EENMERNERNPIRERE

i

53 HEEMERMEHIIRRERE
ECEWAT HBNRE, §—RRES— LT, PAPLERaaREMETNE
INEZ TR E ML IR?

hidden layer 1 hidden layer 2  hidden layer 3
input layer

{ {\ %
AT Ao

7,
., 9. % 9 = ;,4‘\\
‘\\“ 75 Q \‘ ’4/1 N \\\’ ’4/1 /N tput 1
§‘\vv47/ RS ) MRS «’l;ﬁ//// \ output layer
NS K77 SNNY X M‘k\:\\

S><
/7
S K RS ZL

\\ WSS ’)qu,';;l‘x;‘.\\ X X 42 N\
PRSI L X, Y 2NNOST Y 0/~ U SN\ ONTA ) /A
NN Y NS NN 2 NN ~
NRXX FHET) \SKAAAT) \XNED v:,lz,;///‘ QA
X\ X ) 7 XX N oY) 7 o % e A3y, 2
NS @ @ QNN
SREIIE AL S IS IR SOOI
N YR A RSN LN B NN CHINES NS
SN0 G S B W o G Sy 6 YN XK
" A 3 7 SAK 2T 3 &7 57N 4 2N
RN e IR KA IBORSAT ™ ERXX A P KA ==N§&&&
LA K & I~ WA XX XS X RGER
z D ; >
XX
A

2
X
SOOIV 5
LSRRI % S

S BRI U X3
ORI L IR PN
TS RSN P27 SR

SO AT TR AFZ LA TR \
SN SIS PSRN AT
; Y
G B 7SN g

N

N,
X
2% ./‘V VAN
XA BA PN
N7

Vi
X > </
7 ADETRN % SN
LZININNY, AR AR
RORNGS

/7
s
VA2 A‘(\A\t\‘&‘é‘.'fllzl/]7 v‘%\\\\\\“ % 7SRO 7
LN AR \\v/,;%\\//

SN& & 2N a7

J \

7SETR
g s SZaANNN 7[»(‘}\\
%gQSSFM 77X XN

N4

~‘%gqia@§gf

)

Khr b, EXFENHENET, AFENEIEaRE. ErEXT BPHETH, HIIEE
THE—MHELENE | ERBE:

ol = X () (wtH TS Y (T LY (1) V. C (124)

XE Y () B—IXAEME, 8N THRENSE | BRHENEIN o/ (2). M w' BXWAREEIN
B, V.0 ENEMHEENRSEREE.

XREMEFNKRA. ~d, RMFAE, AR EVENLERENUN. TBEEETES
U (w?) TS (27) B9XT (pair)e THE, % /(7)) AXNBL ENER/)N, T8 1/40 BF
FUBFERE w! REBARKR, B PEIMNII (w))To' () RILBERBE/N, SEREHRR, EMN—
RIE, ERRPAENNESHARENSE, METENGF—iF. Kif, —REKINE
sigmoid LB HRRTE YRR EEHMBMIER. FTUEXER ENFIREMITERIET, X
MBERTBEAUR . WEHRNTRBINNILRBITTERER.

5.4 HEZREFIBIERF

AEFRNEERFETHEINEE L, HESN—fFM, FREBE—REF IN—KES,.
KfrE, FREBENNZRAEFINRZER Y — REX—REHARAN. HiHR
EPEFI BTG REREMEE R . XEREAAE—MERNRLE, X
BBLAH LI, FKRFRANEEIRRRNA,

BT, 1E 2010 £ Glorot  Bengio & WIEHEZRAE sigmoid KRRV IEZE S SEOIZGM LA
o FERIM, 1A sigmoid KRR BHEGRLRE LR EER BTGP SRBER 0, XEH
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5.4. HEREFEINIERS

TEIMEIE, I ITIEFRIRE T —LE sigmoid ERZIATEUE RENERR, HE WX Fh
REMEMmEEE,

B MiF, 7E 2013 £ Sutskever, Martens, Dahl 1 Hinton B33 7 /R 25 S5 B BEAAN E 4]
WBUWFET momentum BY SGD Frk. MMIBHE T, FHNEEZER LERERANEEMIIEN R,
XEGIFEIREN], “TAIbFRENEIEBERE XNaEEEER. K&, HIEELEH
TFREMENEFETHENFEIFENARE . SRFJATBUERHNLERE, NENE
1, BEERFIEZNLUAREMETEENAE, HA, NEEWMEMBESHRASHE
REEN., Alt, KZEAFEmWTIIEBEMNENEE, BREMEXERFNAREIEFHARN
Bn, REXBEREREU, BERET—EFRNENAB—EHHER, AH—EHER—
EIRE LR RNT RIS XL,
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o

*i
Kt
{0

>

L=, BMNFITREHELNERE LLXERZWEBINAELINNG. FAVEEBEE,
ERFLUNIZGREMLE, MRS LAEMEEMEBARRGETS], BENLBEEE. NLE—F
HNTAILBEZRSAFAVER, BEXLERMEFEELERNNEARESRZNE, &5, RIE
LRI LUARIIFREFEZNERERA, FERSTNACN]. BFERIIEIAEN ERI0
FAREMEMNL, BEMEIRULIRE XRESREMEEEGIRG. 1BEIRGIFME AR AR89
RiER. AE, BRBE—EXTRREENE XA TE BRI BRI E X,

X—BHRK. ATEFILIMIFS, RITEE-TRBEZH. ABRYNEZEXEFF
AREE, FRUIREEREEREZNERANIR, BARTUERBE B CRRHBRIED.

ABTERED BN RAMITHENEZ —BIREERMEIN R HNPFAZ D —
EREMRMERMAR MNIST BHEENF S HFIRAINGF (287 AR

SoH/q9&

FATE MR EBIHEMNEFF AR R EERIRIRL, @i ZREER, BiISmEERkEsa X
BN, EXMEER, WEERABETRARA: . pooling. A GPU RE&FH)II4.
YWHEEGENE AT B GBRIIITED) . dropout FiARRIER (BFERNTHLIESENR). WLE
B9 ensemble ERMEMIE AR, REANEREBZEALNERI, 7£ 10,000 & MNIST M E &
BRI MKRENFPERNE G —ZRARZEBIEES 9967 BIEMO LR, X)LHKIE
BEOH B EEEK. FRERDERE LN, RAFENDEELAT:
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6.1. TRGIRMLE

&/ 58.< 1. 4.9,
A A
6= 1,2 (5 4e
7.8]48.7/2, 2] % |8
/.

A, XEEHEGEN T AZSRRBRIFBEEX D, Fli, TE—THNE=BE.
REMNE, BRRXEZLRE 9" Ik “8”, m “8” MBLEMELNER, FIINIMERIELER
WEXTNRE ‘97, XMIEAW iR REBERAZEMRYN, JeeEEREERI1F. RERXY
RIOFARE (BF) HENEERGIRT ENHRHEEAXTEZIRFIFITICH S5,

REFR TS, BTN —PENEZNENNAERINHEOREFS], BR—LEmEmN
SEREMIREY, B30 RNN I LSTM MK, DIAGXLEMLEINAIEIE SR BAE S B E 4N
HANEN. RERREEN—T, BEMESIREFIFRREAERNARE, =M intention-driven
user interfaces WIRHRAEFITEALEENAE, XENSRIEAPIERETHNEMZ &, £
T aimENAEN BP. FIEM. softmax BRE, FE, Am, BREREX—=, fIRFAHEEX
ARSI ERETTEETTARNFAENAT. SRERE—SEXTHENENEMEBIEESEE
B, AERIFE-_ZINEAZIMIE, BaEXPAEEREEEATEXENEIRR,

DEIEMN—RE, AEMEEESNBE—D. X—EBEHFABRIETRINTIRRAMN I
K. HINBARRBINGH+ENHENE RO IBREFANRE, MEHBRERSIIEERER
EHENEYE EZONRE, FREXERERE— MNIST AR, HEHIINER,
WAEY, AEEGAERRINVENEENERTAITRE., BEENET, BIHERETE
Bt b, XEREREBME N ARRKERRZHAMANNREZ ISR LIE, A&
HPATE Beta kit HAERIREIEHZEIR, bug, /NEMEEMIRME. WRIRAI T A ST, 15
BH#EEBHR mn@michaelnielsen.orgo

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

L TR
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6.1. TRGIRMLE

hidden layer 1 hidden layer 2  hidden layer 3
input layer

a

\\ 7 '\\\ ~>< /.‘\ ~>< 1'\\
ST ARS8, N7

e A N '

KRN LA 7] 5 XA X P4, N 4 "0/ 24 N
NXSCEKEDL LT AL XSRS YWORLL K NHINY YKRLL Ht
RRIKRASLEGIA,  ESXSINVHKIS — ESXXISINHAKE AN
BRI RIS SRS L SO
ESRRIORITSY,— WISKRINEAXE ST NSO LS \‘\(V'm‘
SRS R A~ CRSERH WIG A RSB BRLLAI < SRS,
OSSR KEINESOSS A X BRI K ¥ %\ RV
S R O e b N O g e Ui
O KNS AL IR RSG5 RS
O SN P 7 775
R LK XN, /SR URAET R —~EZ A 5

EN AN !

777 SN\ V258NN 258 /
N RS AR //

X
5
077 N ) SO SN
\ 2\

S/

)

R, SABGFHNENMRES, RITEEXREFEANNMARSRETNE, T
28 x 28 RENER, XEWERERIITWNEE 784 (= 28 x 28) NMRANHETT. AT
HHINENRE, FEMNESEEHEEE —H(HE— ERtPAmANES: '0,1,2,..,'8,
or'9,

BNz TIESHEAY: RINBEEE T8 08% D LEME, FEHARKE MNIST
FEHFEIREMINGNLEIE. E2FAHER, ER2ERRENNSEKD LEGRZRZFTIZ
Ho REARXFN—INWNERGAE REGN =T8S, flil, EETEEEEMN EEXTFE
EREMFILELNBAGR R, XEFNT RIS TMINNEEIRPHRT, BRIORE]
ER—MEN AT EEMENE, MABM—TBEIRREHNMEREFTISG, SEF? EX—
T, BRERAERBEME . XEMEERA—MFERT 2 XBGIREREM, FHEXD
ZRIIESERRMEEEIR NI, BNy, XEIRIMNFREN. ZENNE, EIFEEKTH
LEG. 5K, REERNEHE —LEMNTHER, WAERSHEGIRBIFEEMLESH,

ERRENERA T ZHEARS: BEEZE (local receptive fields) , £ Z4E (shared
weights) , F5BE (pooling) o iLFHNENET:

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

"The origins of convolutional neural networks go back to the 1970s. But the seminal paper establishing the modern
subject of convolutional networks was a 1998 paper, "Gradient-based learning applied to document recognition”, by
Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick Haffner. LeCun has since made an interesting remark on the
terminology for convolutional nets: "The [biological] neural inspiration in models like convolutional nets is very tenuous.
That's why [ call them ‘convolutional nets’ not ‘convolutional neural nets’, and why we call the nodes ‘units’ and not
'neurons’”. Despite this remark, convolutional nets use many of the same ideas as the neural networks we've studied
up to now: ideas such as backpropagation, gradient descent, regularization, non-linear activation functions, and so on.
And so we will follow common practice, and consider them a type of neural network. | will use the terms “convolutional
neural network” and "convolutional net(work)” interchangeably. | will also use the terms "[artificial] neuron” and "unit”
interchangeably.
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1. ITREGIRMLE

MEE—F,

Eﬁﬁﬁ@%_o@& HMNIAZENEGRHT

input neurons

HAHBMNEGRERD P REMLTE

WAV —=, F—PMREETHNE MEEITRERE

5x5%&ﬁ;ﬁ@?%¢%A%ﬁoﬁuﬁ$—

REXIFBYERS

input neurons

0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0OOOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000 0OOOOOOOOOOOOOOOOOOOOO
000000000 OOOOO0O0OOOOOOOOOOOOO
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XM EGR KRR EL TR RBRERE. ©

EEFS—ME, mizEsETRNtES—

BFREFI NN ENBERZ .

BANVAREE

EPRNBR ERXREEREER T N TEMRBERE, £ —1
BE— P ERRREAETT. AT ERRAE, RN ELEAFIE— BT

0000000000 OOOOO0OOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
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0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOLOOOO

o BREINAZEEMRNERER

TR, BEXERYIER.

— MEAFL TR — XL, Fli0,

hidden neuron

MEERRREELT, RiFEEER

BENGELN—NNEO, 81

NERRE. (RE LB MG EBIRREBHLT

ISt
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input neurons

0006080000000000000000000000 first hidden layer
(@YY YoV aVaVaVaYaYaYaYa e 10 1oAvas, Q Q0
cooe ::iziggégggg-ﬂoooooooooooooooooooooooo
(o s e s e a =4 =S O IO IOIOTGTATA 0000000000000 00000000000
(0 =2 cASACACLOXOIONS 00000000000 000000000000000000000000
0000000000000 00000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000 000000000000000 000000000000 000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000 000000000000000000000000
0000000000000000000000000000
0000000000000000000000000000
\ 7 o | A —

AREENFE—NMEER BI— ST BoRHERE, ERIE T eEEs

mput neurons
00606ee000000000000000000000 first hidden layer
(0o sYoYaVaVaVaVaVaYaYaYolol0IOivAY;
300060 wviiiigzggggg—@@oooooooooooooooooooooo
0 06660 CoUUTIIOLD 0000000000000 00000000000
0 06T 0LL TC000000000 000000000000000000000000
00EeTTTO00000000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000 0000000000000 00000000000
0000000000000 000000000000000 000000000000000000000000
0000000000000 000000000000000
0000000000000 000000000000000

MEEE, WEEE—EEE. FTRORHNTE— 28 x 28 WHAER, 5 x 5 NEIPR
zﬁ,%Ahﬁﬁ¢ﬁ%ﬁzb@4¢m%ﬁoﬁ%ﬁﬁ&ﬁﬁam(ﬁ%ﬁ%)mMAE%z
gi, HINREELBHIEREFEEEL) 23 MLt (FERET 23 MHETT),

RERHNBEIMRZHEE B — MR, Lirk, BENESXERRENERE. Fla, FHal
a8 (3T B2 MEENBEIREARE, XMER TERIERT 2 NEE, EXEERTAS
DESEEMES 1 iR, BRESMNEAIBNARENERELR,

HENENRE: HELEIEITRBAELTEE - TMRENEZICHNEEBRZTEFN
5 x 5 NE, BEBRMNERITITEX 24 x 24 [REAZTHNE—MERHERNNENRE,

2As was done in earlier chapters, if we're interested in trying different stride lengths then we can use validation data
to pick out the stride length which gives the best performance. For more details, see the earlier discussion of how to
choose hyper-parameters in a neural network. The same approach may also be used to choose the size of the local
receptive field - there is, of course, nothing special about using a 5 x 5 local receptive field. In general, larger local
receptive fields tend to be helpful when the input images are significantly larger than the 28 x 28 pixel MNIST images.
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WANE, X5 j,k DNREELTT, M.

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

X8 o BHETHEERM—o URHNEIEEEFEEIN S BERE, b ERENHER
Bo wym m— NHENEM 5 x 5 #h. &E, HIEA apy RERUENRN r,y WRNEEE,

XE®REFE—TNREENFEHEETRNTSEBNE, RRERABGHNTEIE,
ERHAATARXMERE, IENEMNREIREHRREMETa UPNEN AR, fiil, E— M
EHNERERSHFNER NS, XMENERENHENELROERERN. Eit, EEEGS
N RMERMFTERNZSEIFEERN. BENEHmRIARE, SRMEERITFENEGRITF
BATM: fIEHEE—RENES, ehAR—BENE G

RAXNRE, FHAIEHEEMBNE 2R Z0IBRE TR — MFERRET. T 30ENAHE
BUERINEFF AR ENE, FANBLUXF AR E X IF MRS N RENMAREZRE. EZNEA
RMELEWITA— N ERRNEIERESE. EXET, AMIBUBHARN A FERAXEARIE,
SHIEHATEETIEX D ; BEHEINSE—LAERNGF

BRI MR R e N —Fh B IREHERREL, AT eRBEZIRRMNBERE—1
HORFIERRET . FTA— BN ERE B/ LD AR ERETHA :

28 x 28 input neurons 3 X 24 X 24 neurons

|

|

EXMIFHR, B 3 MFHEME. B MHEREEX H—D 5 x 5 HENENEMNHEZRE
HNEE. HEREMKEEBILN 3 FARBMIFE, S MHEEERENEIGHAEHMN,

AT EENERERLE, HTANNEBRT 3 MFHEMS, AT, ERERPERWNLSnI8EfERA
BZ (F£1E%) RIS, —FEHRIRG) MNIST #1FEFRMLE, LeNet-5, A 6 D
FFIERREY, B DREEI—D 5 x 5 WEEERRFF, Tl _EmEBYEE F) 7 S2FRA LeNet-5 B,
MERNMNEAZEEEEFANGTFE, BIIBERAES 20 M 40 MHALRSHERZ. 113
IRIEE FTEALFHB—L4FES:

SIS BRI ENES. FEERM, B IaEaE TllfEHER (F—fhs [ REBKE TR ENm R
a0, ©rEREGRN—FK, HE—LHEM K.

4In fact, for the MNIST digit classification problem we've been studying, the images are centered and size-
normalized. So MNIST has less translation invariance than images found "in the wild”, so to speak. Still, features

like edges and corners are likely to be useful across much of the input space.
The feature maps illustrated come from the final convolutional network we train, see here.
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gL

X 20 IREIGXT R F 20 DMREBEHEMSY (SIRKEES. ). S MRFE—I8 5 x 5 RBEIR
TN, WHNTFREHBERZHFFHN 5 x 5 1E, BBREKE—N) (BER, )W) NE,
Bt LA A BOFFIEBRSY XS AE R BV N R R B B/ ML, BEEMIIRERE— 1 EANNE, FrLL
XA T BN BN GEZBE EANMN, FEHEEME, tENERETTEEEE
e i B4 ZE B,

P AFRATTBE MIX EEFFIEBREY RS RIT A 45107 RIAEXBEEBEH T RITHHEN=ELEM: X
B EF 2B BN SMEN T X8, XRRENTHMNE LR L IEEF SIMTEISEEEXIR
P, MM, BT, BEEXEFERNBEZTAREREN, S, RITHAZEES (B
gn) Gabor g2, EEAHATREZEANERIRGEF. Kfrt, WEBHFLZXTEIS
RN R B IRARRHEN TR R, RIS, FEIM Matthew Zeiler #1 Rob Fergus 89
(2013) i£X Visualizing and Understanding Convolutional Networks F4&.

HENENMREN—NMEANMRZE, ERAKRRALDTESENERMEBNESEH. WS MHE
R ERATEE 25 = 5 x 5 MHENE, ME—TMHZERE. FIUSMHERSNEFEE 26 NS,
RN 20 MFERET, AEABIEE 20 x 26 = 520 NEMKEXERE, (EANTE, RI%
BIE—2EENE—E, BE 784 = 28 x 28 MAANHEZ T, F—MEXHETR 30 N2k
BT, EONRNTEABZAINELAFHERN. SHE 784 x 30 ™MXE, HM_LEESMY 30
RE, &6 23,550 M, ROIEN, XPEEENEEZIA 40 BTFEEENSE

HK, RIFEBEEM— I SHHEZBNERZLER, AAXRMRENAKREFENR.
B2, BN, FASRENFEATMHMFRERIEER /LD 2EFRI PR EIFEF R S EE
B2, IR, XESHERNEREENI)EG, &L, SEPTEINNEREERRILERME,

IR —T, & (convolutional) X—RFFRBEFIZ (125) FRRIERENEIA—1 %
R (convolution) . TEHEIBHEL, AMTENIEXMNAEREER o' = o(b+w*a’), HEF o! TR
B— MM RaEHBEESES, @ BRNBEENSES, M WITA—1NERBE il
MMTERNEBREREE, PALURAAXTLARE S, BEE/MEFRMEX AN AR,

BEE: BRTNINERANERER, EMEBENELEEREE (pooling layers) . EEEIE
SERRETEREZEER. EEHNERUMNEREREHNER.
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http://en.wikipedia.org/wiki/Gabor_filter
http://arxiv.org/abs/1311.2901

IMEEIRNES

FAE, —NMREBRIEMNERERENE—MHEMNHEMNENTEE— M RENE
EBRES, BIY0, SEERMSDNRITAIBMIE TR —BI—1 (Ebi) 2 x 2 9K, FA—1R
FEBF, — P ELRESNEFRTNRAKERE (max-pooling) s ARANERET, — IR

BETAEPMEEE 2 x 2 MAXKBRN&ERREE, EWTEREAY:

hidden neurons (output from feature map)

0000000000000000000000000000 max-—pooling units

000000000 OOOOOOOOOOOOOOOOOOO

0000000000000 OOOOOOOOOOOOOOO 000000000000
0000000000000 0U0VVDVUVVVVOVOOO 00000000000
0000000000 OOOO0O0OOOOOOOOOOOOO 000000000000
000000000 OOOOOOOOOOOOOOOOOOO 000000000000
0000000000 OOOOOOOOOOOOOOOOOO 000000000000
0000000000 OOOOOOOOOOOOOOOOOO 000000000000
000000000 OOOOOOOOOOOOOOOOOOO 000000000000
0000000000 OOOOOOOOOOOOOOOOOO 000000000000
000000000 OOOOOOOOOOOOOOOOOOO 000000000000
0000000000 OOOO0O0OOOOOOOOOOOOO 000000000000
000000000 OOOOOOOOOOOOOOOOOOO 000000000000
0000000000 OOOO0O0OOOOOOOOOOOOO 000000000000

000000000 OOOOOOOOOOOOOOOOOOO
0000000000 OOOO0O0OOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000000 OOOO0O0OOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000000 OOOO0O0OOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000000 OOOO0O0OOOOOOOOOOOOO
000000000 OOOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
0000000000 OOOOOOOOOOOOOOOOOO
00000000 OOOOOOOOOOOOOOOOOOOO

ARBAMEREE 24 x 24 PMHETHML, ESERIFE 12 x 12 MAZTT
EdN FERER, SREEEEEET— Aﬁﬁ%%oﬁMﬁ?ﬁﬁﬁéﬁ%F%?:—
FHEMRSY. FRUUNERE = MEERSY, A5E—ENSRENENERESERERKGXIF:

28 x 28 input neurons 3 X 24 x 24 neurons

3 x 12 x 12 neurons

H:H

HMNAILIERRNEREEIF—TMMERRRESE — M T — T EGR XSty
BREMNA . ARENEBTINUEES. BEMLE, —E—PMRIERLI, elBIUE
HAWEENTEERIENARMUEEE, —PMREANEFLE, XFFIUEREREIDES
AVHIE, PRUAX BB TR VLS EFFRZHAIERE,

EANEREHFZERTREENNENKAR, Z—MEANGERZ L2 RS (L2pooling) . XE
FATEN 2 x 2 KIHBUEER F AT AR, MABRAAEE. RAAT AR, BEEY LM
RABERGEMEM: L2BER—MREMNGRERLAE RIS TN TERET, MASARERRK
[Tz, mMEEREAMERAREERERIFREE, NRIREFEZRMLIERE, Re]UERR
IEER L BOR SRR R 704, FREE—"D TS &Y BRI TR IS S XA LRI K.

®The nomenclature is being used loosely here. In particular, 'm using "feature map” to mean not the function
computed by the convolutional layer, but rather the activation of the hidden neurons output from the layer. This kind
of mild abuse of nomenclature is pretty common in the research literature.
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SZEE—E: RNAETUEXERBEBE—ERBE - TENEREZNE. M
HAINBEZIRIZRAEDL, BREBEFIMI—EF 10 MaLHLrs, X T 10 PIBERY MNIST #1%
(o, ", 2FH):

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 BERAZEN 3 MM, HEARE—3x24x24
PBRERIEETR. T—9R— T TRABREE, NEBT 2 x2XiH, B& 3 MFEME, £ER
B3 x 12 x 12 REIFEEEZ TR,

WEFREEZENEZE—N2EER. ERIME, X—EBEERAKERGENE—HET
EEIS—MRHESET. X eERENNERNZaETHERNER. A, FELEN
B, ATEk, BRERT 18k, MARETRFTENERE. 2, (o URERZEREIX
Lo,

XNEREMM 2 IET P EBNZEMESERE,. BRSANEREEMUN: — HEZE
BHETHRIIMNG, XLEBTHNITHHENINENRERTE. MaENERNAR—FH:
BINEEIRRINANENNENRE, FEWNEA UBEDRBAKRT,

FFRIHY, [EWABREIEALE, FHITEBRERNEE TR EEFIINEIRNIBIMES, XAE
DEBEEEZEDPREERNARAIE, A, BIHEFEN R EEEEFHEESR R
RERMNZINRBEENHSEHESEEERNING. FElE, (HNERIRAERERE
MESEEPN. NRIREEBRAT, FBABBMTR TEMNE, FEXN6)E L8 Ly
B)SR5ERL, FRIFFHSEERRT 2Nk EEFENHS (XMERTREZH).

I}
- BERERORAEE T A52EERNNES, RAGENRLERE BP1)-
(BP4) (3HE). BERNEZH—INE, EASE—PENE, — P RAEREE, Al
—AREENHEE, N EETOBE. REGENSRABNAENC

6.2 HIRMHEMBZELFRPIINA

BINNEBLAB T ERBENEFEHNZOBE, ILHRIMEIKM—EEMRMWE,
RENMRAT MNIST F 2K, REZFENTAEREFIE RIPEERNEFZ
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network3.py, E%ﬁﬁ@%%ﬁﬁﬂg network.py ‘*D network2.py E/\JQET‘BH&Z!§7O ;ZD%T;T\'TEEEE?—; 'f’%
PERILAM GitHub E &, SEEFNPRE T —T MR networks. py BEAVRAIE, AX—TH, &K
{IPRHE networks. py TENEERITRETRANES,

2T network.py M networkz2.py A3 Python 4B 4% Numpy SRIRRY, XLZF MRAIBIR
BT AR TRALGRE. BREIBETESFAT., BEMAERINELIER 7T XEHAT, NTF
networks. py BAWTEBEA—PHA Theano MINEF S ES, /A Theano TSI T AR 1
ZKWBN R AEEREZ, BANCETEIRENIRS, Theano BELIRMFIEARER FB
LHBENTBEZER, FTRANTEITREE), XEEALGEATIISREERNNE, 57,
Theano I— M IERB MM R ERBIEITT CPUSE, MNRALL, GPU L, B17F GPU LHJ
DR BZ0ER, ME, GEFRrATFEE RIS,

NRMPEEIRES, IREEPIEITEMIIARS LAY Theano, #ZIRINAE + 01 EAYREAR L
Theano. & FREIFIFER Theano 0.6° iB17id, BLEFEEE GPU Z2H5H9 Mac OS X Yosemite
E1Td. BLTEE NVIDIA GPU 25T Ubuntu 14.04 RIis Tid. BLELRAER DN RLEREIEIT
ﬁo jﬂ?ﬂl networks3.py J\Z_E’/f"_fa 1;]—'\%':@% (J@éiiﬂj) *E networks3.py /}?\EQEPE’\] GPU *ﬁ%l&%ﬁ True ﬁ
& ralseo IEHN, AT L Theano iB1TF GPU L, {REJEESAZIX(HIES 1A EHEER,, EEBW L
WEHE, BESA Google #HERE, BEIFAEREBNRIL Theano T1E. WRIFF LHNARFLED
FAfY GPU, FBAMRBIREAREE T Amazon Web Services EC2 G2 SEffIZEHY, SFERMEH GPU
F, UBINATE-ENERT. TEERRBEEMILDFHEILNEBIETE%IZ1T, 7 CPU
FRIRER B R MR B RIEITREFNKY, FWREETERN, WEINLEFIEITE, B
B AL, (B/REREE TEAVHE L. WRIRBIZ CPU, RAIREREXNEERBISLI A
DINZRIERHRREE, NERBIDMBRE(],

NTEHF—1MELZL, BITRMN—DRBEREFE, ENXER—TREE, 825 100 PMRE
270, HATRYIGR 60 X, ERFIRXN: n=0.1, NEELHE X/NN 10, 2BRE
o XHFIT(T0:
>>> 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
WESECERRIM TS, 17 Evatidation_data LR EI T RIFRIDKEMR, ERRIEHRIERRER
BN ERRGEEE T B NRGE LATENEG (NaEXTRIESIEERRINIL).

“Note also that network3.py incorporates ideas from the Theano library’s documentation on convolutional neural
nets (notably the implementation of LeNet-5), from Misha Denil’s implementation of dropout, and from Chris Olah

8See Theano: A CPU and GPU Math Expression Compiler in Python, by James Bergstra, Olivier Breuleux, Frederic
Bastien, Pascal Lamblin, Ravzan Pascanu, Guillaume Desjardins, Joseph Turian, David Warde-Farley, and Yoshua Ben-
gio (2010). Theano is also the basis for the popular Pylearn2 and Keras neural networks libraries. Other popular neural
nets libraries at the time of this writing include Caffe and Torch.

°As | release this chapter, the current version of Theano has changed to version 0.7. I've actually rerun the examples
under Theano 0.7 and get extremely similar results to those reported in the text.

9Code for the experiments in this section may be found in this script. Note that the code in the script simply
duplicates and parallels the discussion in this section.

154
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FATEETEEBXNSER. MBEMAIEHEERR, RANBHINENREZENDIEL
AT,

X 97.80% BERREE TE =2 HIR1EH 98.04% BUEMER, A—EIARIMSEZREAN
FIBZH K, WMIFERER—MXENSE, BERIMEEE 100 MREMZITAIR
BE. MEERIZR 60 D EAH, NMEEHIER/ NN 10, FIER A n=0.1.

PR, EZBBMNERER N TREBMG. B, FATEHT ZaBIMEs, REBERT
EIAEHRATM. ICHIRIBINEHLR LIRS ERE, BEFEINIRZR/), i3]
RHEREIEEERIEICHEN. £, BRAZANNETHNRLEERT S BBEULEMNZIIE
RN, SRINBERA—PREERENERRE, USHBPANN RS, ENE=8F#
By, XAR—PARBNE. FRENT HIRERZBRERMEXFHINE—TBERAN
FZEEAREMTEMUARNERANE GRS ENEFRRE o

FAREA— BRI I RIS L X A5 R B 4157

IEFNMNENS U ENGDBN—TERET . HITEER 5 x 5 BEMERE, Bib
A1, 20 MRERS . BINERBA—TRANEREGE, EA—1 2 x280EEGE RS HS L.
FRUSEBIMBRIERERER L— IR, BREE— 1IN ERE.

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
- O000O0

XN, I UBERESEEFRAEF IWNIGEGTHEERZE, ma
HNESEERENE-—INERRNEXRFS, NBETEGRBEERER. XZ—ME NERHE
Z BRI

IERNDNEXERN—IWE, BECRIWERZ:

>>> net = Network ([
ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2)),
FullyConnectedlLayer (n_in=20%x12%*12, n_out=100),

"n fact, in this experiment | actually did three separate runs training a network with this architecture. | then reported
the test accuracy which corresponded to the best validation accuracy from any of the three runs. Using multiple runs
helps reduce variation in results, which is useful when comparing many architectures, as we are doing. I've followed
this procedure below, except where noted. In practice, it made little difference to the results obtained.

"21've continued to use a mini-batch size of 10 here. In fact, as we discussed earlier it may be possible to speed
up training using larger mini-batches. I've continued to use the same mini-batch size mostly for consistency with the
experiments in earlier chapters.
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SoftmaxLayer (n_in=100, n_out=10)], mini_batch_size)
>>> net.SGD(training_data, 60, mini_batch_size, 0.1,
validation_data, test_data)

BANMEE T 98.78% HU/EME, XEHIANLE, BI 7 HNUASEHHER—D. FX
£, HEKR L TEBI=02Z—NEEER, X2—MERN#HD,

EIEEMBLEME, HBERMEGRFEN—TNE—EWRF. FTEMIERNNDHIEL
REA—1TE—NEE—EEELR— M AZEHIR. networks.py MIBITANBENE, BN
EES networks.py BIIBE R R, 74T, WRFEME, BEHEN networks.py BIFXERET]
DABIRFERE

%3

- MRMFWERT 2ERE, RERER-ESBENREEXRER, MEETHAFNDEE
WE? £ERENMNEED?

FATBERUH 98.78% BI7D FEERHZRNT?

BRI EBAE N ER-RERE. BEEEEEMNER-RaEMNeEEiRREEZ 8. &’
1BEXER—1 5 x5 BHERZE, BE 2 x 2 WX, LR MNEEREEMUNBEEIGS
REHA:
>>> net = Network ([

ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2)),
ConvPoolLayer (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 KEFHR,

AXEEMMREARINRE, F—NefE: NWABS-MER-BEERRETA? L
fr b, FRAILUAREZNMER-BERHA 12 x 1218 “Bf”, H “GR" KAKRFEBRHAEGT
RENBERHENGEE (HAFEE) . FILURAI LUAAX—EEANRGRNEGH — P A, X
PhFRETMRMEEIN, BRNABARENTEEH, RUERE-ITNER-EEEEE
EXBY

HXE— PN LARBHNR, BRESIHTE N, METERERED & 20 MNMRIZAVKE
BT, PRSP ER-BEESE 20 x 20 x 12 DN #IFEIA1E 20 iBRIRAIEGRE AN
BEM-REE, MARE—TER-ESERITHEERR. - 1MER-EGRENHEL
TR ZANAIR A X E S BRI ANEGIE? Lfr L, BITRATX—BEFHNENMEZ TN ENBE
ERREZFFHRVARE 20 x 5 x 5 MAMETF S, BIFENR: F-DER-BEETBHER
FBARFIEREREARE, BNEESENBERERZEH,

3This issue would have arisen in the first layer if the input images were in color. In that case we'd have 3 input
features for each pixel, corresponding to red, green and blue channels in the input image. So we'd allow the feature
detectors to have access to all color information, but only within a given local receptive field.
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|
[

- £ tanh BUERE EABREIEL/URIEE Itanh KA LUE— L S BUREEL
BURUERE . Tl IERERIRRATXERY, FAKINELR S BEBE T AEHRE, B
AL RN —E/A tanh fEATATEUERERBIKLLR, HENIGERN2ERETES
tanh BUEEMME 4, FFaER S BMERFERNERNESE, BRI 20 MEAK
Hi, MAZE 60 Do MIMNBRIIGELIE? NRIRELRIZED] 60 MERPZERF? AE
R tanh 0 S RWBHYE MBI IDIEERFEGHILER, ERHE 60 MHERH. MR
IRAVESRMILAVFEMLL, RE&IL tanh MEIEBIEHIRLE, BERARNEBIIFEREML.
TREES AR A tanh LR LU ER? REEG A S BBV —MEMBVIZREE, 1
BTN S ERE, REMEEE? HERAE N NEAFEIBSENWERN, I
tanh 03 SERATH. FE: XR—IMARIAR@E. RETAMS, HHLEHEKSY]
#9 tanh (9%, BARKESEMMEIER, BIFRSKEI—17G0E. TILWE, ]
5 LR ABUHREEIEL M RBCER BB — ML, FRAUBRNAIERNER tanh R o

ERBELMEST: JME L, FIFFENMEER ER—RFAOIER 1998 16310 AIfH
FABIARZMLE R — BT, X PWEEIRA LeNet-5, F35INT MNIST Bl X#E—
TR FHMIRIBEMBENERZ] MRIFHIEM. 5512, BREMIAANTAI LI ME KL ELES
RB9HE

ERFE, ERAIERR IR T, IVEREBELMRTMARE S BBUEREL. Wit
W, FAPREERRUERE f(2) = max(0, z)o FAPRYIZR 60 D IXAHR, FIEEKN 7y =0.03, I
WRIMA—E L2 MBhBERER, EAMNEHSE N =0.1:

>>> from network3 import RelU
>>> 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=RelU),
FullyConnectedLayer (n_in=40x4x4, n_out=100, activation_fn=RelLU),
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)

HAREI—199.23% DX EHE, EHEMET T SEMER (99.06), 7AW, THPABR
HHRREANMEFTEBELMRTHNEG, HERBANTET S BERERMIINE, MFXFTFX
MARTHRENE E L4 BTt B W .

BT ABBBELMEBEREIFT S BEE tanh K2 Bal, HIIWXNEENERE—
MEERIEM, Kfrt, BELMSTRIAIE/NEAFIEHR ZER. R XANRERZ
DEBAKIEN: —CAZERETERHNERAANERRERBEL R . fI1TEDE
WEFERAI LU activation_fn=tanh fEA— NS85 B4 ConvPoollLayer # FullyConnectedlLayer 2o
PIRBFRTAEIAE o(2) = (1 + tanh(z/2))/2 KRB
'6"Gradient-based learning applied to document recognition”, by Yann LeCun, Léon Bottou, Yoshua Bengio, and
Patrick Haffner (1998). iTs EBIRZ AR, BAMAE LW, FIIMEFRICPEARBIMEIEE Mo
7 A common justification is that max(0, z) doesn't saturate in the limit of large z, unlike sigmoid neurons, and this

helps rectified linear units continue learning. The argument is fine, as far it goes, but it's hardly a detailed justification,
more of a just-so story. Note that we discussed the problems with saturation back in Chapter 2.
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HEHEENIE TRENER, FEERBREREF T, £—NEEERFS, HMNE—1E
WHIFRAN AT AR AR AFRAUERE. BERF(IFHMNEXFERTFTEE —
FRKAE. MRBELEE—NBIFRIBUSREREE T H—PHNERSHE, H—REFTZR
2R, FIEAFAERKNLHFE, —PRBARIBERBIECRET % 5K, FINHALR
BRI EREZLWHA IR,

T RIGHIE: SRR EREHAERN G EZZUBEEZT Y BIIGEHE. 7Rl
HFHIEN—TRIBNTERESDIFBRGE—MEERAE, TERL—ER, —MEE,
EA—NMRE, SEE—MEE. HMFILUEETE shell IBRTFITITIZR expand_mnist.py KX
P8

$ python expand_mnist.py

EITIXMEFEUS 50,000 18 MNIST IIZREIGFT BAEA 250,000 1EIIZREERBV)IZREE,
SRR FRATE] LU XY EGRINNA RN, BATRERMN L E—FNEBBELMEE
TCHIMNLE, TERAEIIRILPIRD TINFERBIHME—XHEE, RARNTIIE 5 E89
HiE. ERXMLE, VEHMBEBERSHEIZHEL TIEMNSHEM, PG, TM 7 —LRH
&, H&ZLBIENIL 60 MERHR. NEESE, LTI
>>> 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),
ConvPoollLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
FullyConnectedLayer (n_in=40*4*4, 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)

FEAYT BENIESIEEREUE T —1 99.37% B9l ERER, FILX N 1LFE2HARERNN
TEDRKEME LR T —NEENCUH, FX L, IEORMNETEFMTICH, XMHUEEFERY
BEIENER LER—F, REM—LREEITENLESR: £ 2003 &, Simard, Steinkraus #]
Platt!? EF— ML LEGE T 1719 MNIST HEE8E, XE]T 99.6%, X MNEUETE A MK
TNIEBEEM, FRAENER-RBREE, BE—TEE 100 ML TiRENSEER. TM]
HZRFRE —L T ENARE—Gt B BB IEL T R T— BB M IS0 4 aERY X 3’
BT BIIGLIE, til@dres:, UBMHe MNIST IIGEGRY B, tiIExFLT —" ‘3@
MM BURE, —MENE— AT FRFHIABIRIN G, BIAEPIEXERE,
AR 2 G IN TIIEEIRN B RFE, MmXFEMIaREAE] 99.6% HERZER,

Bexpand_mnist. py FIRFZEI LM X BFREL,

"9Best Practices for Convolutional Neural Networks Applied to Visual Document Analysis, by Patrice Simard, Dave
Steinkraus, and John Platt (2003).
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|
[

- ERENERU—TREBRGAZHN L MR RN, EE LA AIRE, Am, =3
WP B MNSIERHEIR, MEBRFIFTES, MEEDERAAX KR EREGE?

BA— TN LERE: HTEMEEHIE? —Mo et 2ERN tETEEENE
P, B2 BE2EEENME, Fitid 300 A 1,000 MELETT, 25IEUEET 99.46% F 99.43%.
XBEEB, BRNFREMNER (99.37%) FHFRE— NS AERAE,

EI—M N EEREEE? RSB A—T2EEE, XERITBER 100 TR
ERE T RIEEE:
>>> net = Network ([

ConvPoolLayer (image_shape=(mini_batch_size, 1, 28, 28),
filter_shape=(20, 1, 5, 5),
poolsize=(2, 2),
activation_fn=RelLU),
ConvPoolLayer (image_shape=(mini_batch_size, 20, 12, 12),
filter_shape=(40, 20, 5, 5),
poolsize=(2, 2),
activation_fn=RelU),
FullyConnectedLayer (n_in=40x4*4, n_out=100, activation_fn=RelU),
FullyConnectedLayer (n_in=100, 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)

XIEEMBEGS— 09.43% BUMIVERER, B—RK, FERENNEHEEHERZ. &
PABYEE, FEE 300 F1 1,000 PNEEIFHFLTTHRIERE 4 99.48% 1 99.47% HIE R, X
ANSEN, BMATRZ— T EIERATEEBEF,

XEBEETHAE? ¥ EY, HEIIIMISEZEENX MNIST ZEEIIE? s&i, i)
BB B RENMISEY, BRMNERBEIENARFES? fig0, WiFFRITUIRAERE BT
UERRBNIEMNEHNED, —MOgEMRE—ENENFNE R, CEFNNERTER
RSB AN S bR IR BV BUEE, XS EAEN BREIENERLRE R, FEIERKA
BRI TG EIRIE R, ILFRIMTAEN 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),

‘s

L
e
= A
e

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=1000, activation_fn=RelLU, p_dropout=0.5),
FullyConnectedLayer (
n_in=1000, n_out=1000, activation_fn=RelLU, 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)

FATE, HIEUFT 99.60% FERE, XE— 1 EENBERNIEEENIY, LHE
HIEENEE, BB 100 MREFHRL TN, ERREI1AZ] T 99.37%,
BERMESEENT W,
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B, BB TIIGEREIRNSESR] 40 FAORLD TEEMS, PIUBENMIFEIFTER,

Hox, 2EEREES 1,000 ML, NEZEIERR 100 T HAR, FIGRRFNEY
MRS TR LML TT, FTA—LEY 722 LAFIEARY. 2Pr_E, Fitid A 300 A 1,000 PMRE#E
JCHISELY, A3 1,000 NEEET (JERIERH) BS T BiFaIIEEEE,

FER—TESHNNE. —MERNH—PIRSERENTTEZCIZLMHENS, AELE(]
BERRERFND L, G, FRSENER LRNANET 5 DMARNHENLS, 5 NKE
TEOLT 99.6% BUEHR, RENSEZBEMRVEREK, M1 1RrIBEE N RBHENAIE L
ENERIEIR. X 5 PMNBPHITRARERBFE—MTEINNENDE, UFEEEN.

XIT EARFT, AMREER, BEEXMASH A AZHELNENE ST SIRAREIR
B MEWSKTE T BHA—FIRNE. BNERRFET 99.67% BUERT. BEIER, i)
MMEAE ST IEW DR TERT 33 DZINrERT 10,000 NIHLE G

FIRBMIAETRHEIRERE THE. A EARIREEIZIE NMIST 2IERVEMINE, mA
NANIREEINEEWERVREIH.

AL SN R
IR AN A2
1,02 (5] 4] ¢.
4] 7]0)2]|8]6.

o
~J

4

=

2]
YEAER
2118] 8.

2

4

£

BEEEFAEEXL, FERIMEF, —Do6M—15, BHRIMNHVASIENEENEIR. A
m, EfEEFUIERVEIR, AEBSIC. B HRELEABEGE—10, MM SELESE
B—"1 3, B=RBER, FENE—8, AHERKIFLBER—1 9% FILUIXERIEEMLAS
XA FNNELLRVBHXERFHIAMSE. 5—HH, FHEEE, BD6, HKLEL
ERHNTNEDEET .

MtFF, ERZHER TRNMNNBERE LEXEVDEEEYN, ME—EBR TNt
NEXEHFHIABISEF. SAEMS, HMNPIMBREHASEAMERE, K2R ENE
DRy 9967 (KER, XBREET. AXMERT, XENNEMBIEIRIATE R UERE
o EE—THAONAERBERIEEIR. ARFOANRIBE—PEBSHAOMEFENAT ZHE
Bif, FAIBINESIEEROE A SERIMERE,

AT ABRNIANEZENAFN. NRMFFAE LERAE, RN R TR
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SEEEONATFN, MARERE. RULEHRNEIUESRE ENA— M EMRER. B
B, Khr AR E: SMEAREIARNARNNTFIENSHINT. REEREENERKE
BINE K e R HMBENEGRFE S, XEMIT AR REEERENGFEETNE IR T
TRV BUERNAEEIEN, HIENFN.

Ww—. HABEEEETE MNIST EIE= M EE, Rodrigo Benenson ;4% 7 —101E )L S0 E,
ERXVERNHRE, BET7TICXiEE, XEICXFLZERRESIRNG, SHRINELERAWN
LA RIMARNEBRXLE IR LI FLHEBIEA, HEMRAGERTFRMEF—LE,
WRITXAEM, BASIIMUERM— N E B BIRERIRIRINGHINES AL, SOEB B FIRE R
T RRIEERENE,

BEARSBARAX IR RERNABOAE. BERBAEE—NM9 B=E—R Ciresan.
Meier. Gambardella. 1 Schmidhuber FiEB9 2010 EiE X0, HEMRXEIEX R ERE 2N
tfEE, EAPNNER— M FLZENMEMNLE, NEALEEERE (REERE). til&mMI
MIMLEBDRNEEHE 2,500, 2,000, 1,500, 1,000 F 500 HETHRRER. tI1ERA Simard
ZANKUUNEERT BUIIBINGEIE, BRTXE, tIEEFREENRTE, B81E%EE
BB XEB—EWMN, BRINE, XFNMNENRE BB, A LTE 80 F£(TEEHE)
% (J0R MNIST #UBEEEEE 7)), RSN BEBNITERE I, MI1IAEI T —1 99.65% HY
DREWHE, JEFOMNBEMN—F. EXBEFERA—NIEBR, EBRNINE, HEFEH—
R GPU RINE N R XILMATINE TR Z MERE B H B T 1180418 8 2K &5
HREF SIREM 1073 BV NE 1075, 11E B— MBI RISk IL Rt IS RE NMEE BB R,

At aFxNEBINE? HIEL—=EBR TR, ZENHBEZNEFNELRER. K3,
HNEBINBEREEHELARREN: ARMNNEHESTIEREE, BEBTHEL (BXRHN
BERE) SUEIE (RIEBBERR) . BTHEERIIARINEREN, XESHRE.

A Tan o)t X Lo 45 51

S, BERERNRBLEEXELER, Hik, HIELM T —EFIE, FBERNUSHIT,
Ralth: (1) ERSRERAME LD T XERFNSHKRE, EFINEFAESH; (2) &
AEZBENNIEUERAR (LERFNNERE) KB LIEDNE, SNEEEERAINEH
EEZMRE,; (3) FARBEAMEITMARE S BEMETT, KNRIGZ—KIBELRBEEE 3-5
&; (4) £/ GPU HEEKIE/IIZ. Krl2, ARNEEMKREF, FIILKT 40 MER
Hi, A5 ETRELIERN MNIST JIGREIEN SRS, TABE, HMEERRNYIZ
IENERT 30 MERE. EaFEER 3) M (4), HEHFRATIIZT L LET 30 EKBIETEL

RERATRER: “TXiF? XRERNIN TR ENEFR2MH 2 EIE? NHTAR/N
=il N

2, RMNEELEATHEIR: MARDANMIEE (W TBRIEMNS); EHER
AARHEREE (BT BRFSEER) ; ERAFINENRK (BN T BRENHLTIEM5RE
FIRR) ; UEELRY BIIGEE RIEAETRINETXEMAECEE, HEAET
WAMDELUERAXERET, MATEXRS T,

BT XFENE, XENE—EHEIARSNEE AHSERANESR, B8R, NTRE
FITRIFEES!

2Deep, Big, Simple Neural Nets Excel on Handwritten Digit Recognition, by Dan Claudiu Ciresan, Ueli Meier, Luca
Maria Gambardella, and Jirgen Schmidhuber (2010).
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XEMBZEZR? BER-BEEEF—E, HERLRME 4 NREE. XFf—7
BN ZRIEA—IREMLEIG? S48, 4 NREEZZ T I REF BB, AL
BRBHDRIBE—IREE, NEERE 2 MREE. »—HHE, 2015 FEAKLHEEARE
BB HERL T MREE. RBRTEEARR “BHMRER NSE, ANORIMMEERE
EREHEHERELL, BAMENKEEHRET S, RTREAXFNSE, BoENERE
FREFINEXBEFAUMELERNFE. REFIPEGHRKIINAZICEL X 1. 28
ML RYISEEITH, XEREMEES 2000 FHREBHERT. XHRE—NERNRE,
AR TEZEREKEXIRENRR, BFXZ%h, BENREHTRIZENESNmXR, B
i, EAEREHNNEE—MARELINEMER TR —OINBIFrR D LEHE,

—LERMMIIANE: EX—TF, RINBDRBEIREMNSIRHERE 2 REEIRMEE,
X—INFRES ! HAMRT —DeE, HhREln, ST e0H. MRFAFw=E, A
URIEEBEF= 22T, REAZ, HEIWNWE—MEEINRR, ERTIFZRE—ECE
RBIFZRMAIRE, XNEEIHRIR, FERBHMEBINAERER. BEBENL, £
EFNTEIRT, BE— MR, A LFNNERS REIRERHEMEIR, B/RE™IT. EE
B, (RN IZFT SAERE SRR, AT INRX—#Z, RE]ERIEIME =X T
AEF—MRENBHBSRNER BT, JFRE—ERB—NHRBvH—T IR,

6.3 HIRMFZHINE

7, MEXREER(INELRMEE, network3.pyo BINER, BREMEUTF network2.py,
gﬁéﬁﬁﬁﬁg; jgﬁﬂ?'f%ﬁﬁ? Theanoo E?ﬁﬁﬂ\]%g FullyConnectedLayer ﬁ, ]\Xﬁ'fuﬂiﬁ
1ZENTICH IR LR, FTEER

class FullyConnectedlLayer (object):

def __dinit__(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(l.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 = 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(
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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__ AEFHRAREDEZ2 A LBEHEREN, XEFBAH—LHE. RIMNBIEESS
mREVNNBEETNENRE. REPNEXMREN—TTERERAERIFA, BEX
REHTHANENREE Theano FAABHNHZT 2, XFIUBERERXET 20
£ GPU H #1740 I8, ST A MO R AR R, IR BME, 7] LLEE [Theano documenta-
tion](http://deeplearning.net/software/theano/index.html), M XF B AR BEEITAH
sigmoid BUEREIZITE (B0XE), BENERE, BINBUNENRENBIERER
BUEKER (U0 tanh A0 Rectified Linear Function) #1T1AE, XMNE TEMRBMASHITITIC,
FIETT7E __init__ Ll self.params = [self.w, self.b] 55K, XHEEIZEMBEREEFIIMNSEELT
F—io JGME, Network.sed JIEARMER parans BIERHEEMLESLFIRH AT ERTUFS,

set_inpt F/EARIREZZEBN, FITEMENAE . FAEA inpt MIE input EATE python
B input m— TREBERE. IRBERERE, LAIFSERATUNITA, STHILAYERHEYE L
Lo FEEBAILIF LB A TNIEEBAAI self. input A self.inpt_dropouto BIAIYIZRESEA]
BJREE S dropout, WEREA dropout, FLEEIREITN EFIIMEZ self.p_dropoute XFLETE
set_inpt E‘EE’\JEU%&%:?‘T dropout_layer 1BSZE’J$O FF[LX self.inpt_dropout *D self.output_dropout
FEINFIFZREER, M self.inpt M self.output ATEEMIS, LU 2I0UEFEFMMIAERER
EE.

ConvPoolLayer A SoftmaxLayer ZRTE XA FullycConnectedLayer EX EA %, FTUTIX) L A=%H
HAE, WRIREER, FJUSEARTEED networks. py BILES,

REXE, HIIEBIEH—LEENHBHNATER. BBE—SRE, 7 convroollayer
softmaxLayer 1, FATRATHNNEGEMNITEREBEES . FEHE, Theano I#ET R
BRMRELLEANTESET. max-pooling 1 softmax K%,

RREEEH, EFENI5IN softmax layer BY, FATEEITICUMABUNENRE, Hibh
FHINBZITIeEXT sigmoid B, TN EEREEESHMNESHHRMABUNE, BEXD
BANHICHT2E XS sigmoid R 7T (—LiAE T LUIAT tanh 2T L), B2, HEBHR
FRAVE A X MO TR LU TE softmax B Lo FREUEE — 1Ml IBAN BXENIIBN. 5
HEBZ A ENEL, BXESBMENENREREN 0, XE—1 ad hoc B9id#E, B
ERER RPN REREAE,

37, BIBEEIT TBXTENRE, A4 Network EZEHEMNIE? ILHINEE __inic__
T
class Network(object):

def __init__(self, layers, mini_batch_size):

"niTakes @ 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.divector("y")
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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

ﬁﬁ%ﬁﬁﬁﬁjt%l?ﬁ%ﬂuﬁﬁﬁﬁﬁ’\]o self.params = [param for layer in ...] Jtl:ﬁﬁﬁ%ﬂ%)gﬂ’\]
SEIBE— N FIRA . Network.sep FEAREF self.parans SRKIE Network PHILETEFERSF
o M self.x = T.matrix("x") M self.y = T.ivector ("y") MEXT Theano FFSEE x My, X
L ARRTMANMEFEIRY5HE Ho

X)L AZ Theano BV, FRAUANRARAEINIEXET SR AR, BERRBINEEE
XEARTHETE, MIFSRE. BITIUNXETSHEETEZRVIRIE: RSkER, 1F
BRE#EFESF, KL, Theano IRETRENFTFSTEHITIRIER L, WHEM. max-pooling &
%, BESREZNEEBHITRRTSHOETE, £/H BP B s—MBAT . XN TFIAKE
$ﬂ¢%§?ﬁ§&%?%¢H%%WE’\JQ%L%ME%& R, BETRIVITRBEX T NENFTS
i, BATEI FEXIT

init_layer.set_inpt(self.x, self.x, self.mini_batch_size)

REVBREIEN.

HERBNZ SR — mini-batch B9 T0#H1THY, XBLE mini-batch size ARIEIEERR
Ko BEEFITENE, HITEHWN setr x FTHX: XBRRABNBNTEEURMEX (B
dropout F17E dropout) FRAMNLS. for BT S LEE self.x BT Network BEHTTRIEE K,
5‘(4%&“]—_{19{&)(? E,‘JEEUI&H output A output_dropout /& & |$ Ltb%BE Network 17"?_EEH'JHZ'JO

MERVERE T network UAIFIBMNH T, UEENEBBECWAFEA soo HEFHITIINERN. 1
IBERRERK, BRENSGHWLIr LEEEE, ABEEEE L.

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*x2).sum() for layer in self.layers])
cost = self.layers[-1].cost(self)+\
0.5xlmbdax12_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,
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givens={
self.x:
training_x[ixself.mini_batch_size: (i+l)*self.mini_batch_size],
self.y:
training_y[i*self.mini_batch_size: (i+1l)*self.mini_batch_size]
)
validate_mb_accuracy = theano.function(
[i], self.layers[-1].accuracy(self.y),
givens={
self.x:
validation_x[i*self.mini_batch_size: (i+1l)xself.mini_batch_size],
self.y:
validation_y[i*self.mini_batch_size: (i+1l)*self.mini_batch_size]
b
test_mb_accuracy = theano.function(
[i], self.layers[-1].accuracy(self.y),
givens={
self.x:
test_x[ixself.mini_batch_size: (i+1)*self.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[ixself.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 dteration
print("Training mini-batch number {0}".format(iteration))
cost_1j = train_mb(minibatch_index)
if (iteration+1)
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_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
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

ATEJVTRER, BRSO x My MEk, FitEES M IIESES mini-batch BYERE.
BETROVUTEMERR, XA T Theano BBAVR. MAKMBBERIFHE—T:

# define the (regularized) cost function, symbolic gradients, and updates
12_norm_squared = sum([(layer.wx*2).sum() for layer in self.layers])
cost = self.layers[-1].cost(self)+\
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0.5xlmbda*12_norm_squared/num_training_batches
grads = T.grad(cost, self.params)
updates = [(param, param-etaxgrad)
for param, grad in zip(self.params, grads)]

X7, NS AHLH T ST log-likelihood XA ERER, TEFRERETITE T XL
NS, LUNRNNESHBEH S Theano 1L BT XIEELITRLEEBIRIGX LR, W—
PREIRYEITE cost BE—MHHE cost HANIAR,; ZABTE networks.py PEMIM G, B
B, SZRIBREMAER. BT7TPEXEEXTFHARA, THIEENX train_nini_batch EKEK,
% Theano fF S KEIELA E minibatch 5 |8YER NER updates SREBHT Network FIEE, U
i@, validate_mb_accuracy *D test_mb_accuracy 1‘|‘%T£EL%E26EE’\] minibatch E"]Bﬁl&%%ﬂ/m”ﬁtﬁé
E Network BVEMRE, BT XXLREHITELY, FATLOTEENIOESEMNHEES F80E
=,

seo AR THRMER LBBENT —HNMNWXHBHITENR, EEFERHI
minibatch EINZGRLE, TTEIEEMNNHE ERERE,

57, BIEEIEMT networks.py UIBFRZHMNEEE 2. UBITEEE N ER, RS
D (FASE X EREE, BN ZEXHAENTE, HEERNHRALZL KR
BE. ERABHNRFNAEMEBES BN, ENIIMIFIEREEFMARBBLEIRIAEE
BB INE SIS, RIBEE, HIVAH T —EXNPIFENEN, X212

"""network3.py

SR RY

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 is 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 ).

"

#it## Libraries
# Standard library
import cPickle

2172 GPU L5/ Theano AJRERE MM E, 3, REEM GPU HIEVIER HIIIR, XAlREsINETEE
HEE, REAREBRHIXENER, BRUAGEEEERET ZEHI—LRH, WFIRITBZINRAEE
AEMNENFAESIT (mn@michaelnielsen.org) o
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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
from theano.tensor.signal import downsample

# Activation functions for neurons

def linear(z): return z

def RelU(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.

i

shared_x = theano.shared(
np.asarray(data[0], dtype=theano.config.floatX), borrow=True)
shared_y = theano.shared(
np.asarray(data[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 __dinit__(self, layers, mini_batch_size):
"""Tagkes 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.

nn

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")
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def

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

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**2).sum() for layer in self.layers])
cost = self.layers[-1].cost(self)+\
0.5*lmbda*12_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[ixself.mini_batch_size: (i+1)*self.mini_batch_size],
self.y:
training_y[i*xself.mini_batch_size: (i+l)*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)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+l)xself.mini_batch_size],
self.y:
test_y[i*self.mini_batch_size: (i+1)*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]
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D)
# 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 % 1000 ==
print("Training mini-batch number {0}".format(iteration))
cost_ij = train_mb(minibatch_index)
if (iteration+l) % num_training_batches ==
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 1is 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%}'.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))

####t 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):

"mnrfilter_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” is 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’ 1is a tuple of length 2, whose entries are the y and
X pooling sizes.

i

self.filter_shape = filter_shape
self.image_shape = image_shape
self.poolsize = poolsize
self.activation_fn=activation_fn
# initialize weights and biases
n_out = (filter_shape[0]*np.prod(filter_shapel[2:])/np.prod(poolsize))
self.w = theano.shared(

np.asarray(

np.random.normal(loc=0, scale=np.sqrt(1.0/n_out), size=filter_shape),
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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]

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 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 = 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)

def accuracy(self, y):
"Return the accuracy for the mini-batch."
return T.mean(T.eq(y, self.y_out))

class SoftmaxlLayer (object):

def __dinit__(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
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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]

def set_inpt(self, inpt, inpt_dropout, mini_batch_size):
self.inpt = dinpt.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 layer*T.cast(mask, theano.config.floatX)

B, seo HEERAPFEFEATIIE V&, BREEARABH, HIVBTIET
BamEF) IR G %, HEtE early stoppmgO EE] networks. py LASEE] Early stoppingo

« WEII—D newwork I EFORBIEEREIEE LRVERE.

B seb F/ARAEFF SR o] L4 R, Bn: EREX N NE—EREE,
{RETBESTE this link X EIEBMEE.,

- EASRIE RS SRR — MBS N A B HIEA E R B IIER T3 .
PE networks. py RIDAKER AR, AR BRIFFERD ZHINTF, ﬁmUmfti@ﬁE%é/l\JﬁL
FRUIEERAIARIERN. FIUEER—ETERI S,

. E network3.py ':F'i}][l load Al save 77_\;20

SETAEREMERERONARIZEHN TR, ReeBE—Ei2M A A5 IFRRITNE
LECEIFAREEA? M1 EXET A,
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- FATELXT rectified linear unit Xz sigmoid A1 tanh EREERETER T BEIFIFIE T %, 1E
WX BT, XFE A ERZIEAT sigmoid K&, BIgHI1ER—122BER RLU
BIMLE, RIWALLE T c FABMEINERAZRINBHBEN c FHEMW, NRRG
—ER softmax, M&EZEMHAENZ? XF RLU A sigmoid EREIFIIG S EREA
? BRERHNIGNAEE? AR XR—MARMNEE, AFRRRE— 1 EHENEE
BER, X£F, BEXNNELSEEBEEREFHIEREE RLU IHEME,

- BTN F AR ERE R DT RFR_EREXT sigmoid #ETH, WRE RLU, BBDNX
FEHLER? MEBRE—MESNBIRIREITREBERFZMAY i * 7374
W2 AR W KELEMER—ITHRERNE. KELERSEZBENEBNRGE. BFK
RETLZERAREBARN, EFFFNTARRERNGFRA,

6.4 EGRiRFI4TE P aYEERHE

£ 1998 £, BB MNIST #HIXRIRH, G —MERRIAHFB AN TIELL, KAZBEET
FAER GPU H AV L F—/ N FhaE AR R AR, BEEJLANE, Hib, MNIST AEZ
— NEIERARRHINEE; Bk, JIEHNREREKRETCENATHIRNESIBHNREFH
@, S5EN, MRMELRELE®R, IANIESREBENMMENEEZIRSEE, 15X
—T, HEENB—LRIINEBHENENEGIRGIR R,

X—RHHAPHABOABAE. BERPHERTE RS EFANBHNIE—UkEE
. e, BRME, ENHRELR, BB REERILRIT-IMS, BEKENERE
M, ERFR, XENRSEFTREMERNEY), Bl IZmEL, BUOBRANEm, £F
Iy, —MFREICEEERW: ‘B, HEREEERGIRDIFNHES 2R1T—HNGFIE? TS5
MER=FF, —IShSagid, FIUEEXERSG SR —EEBELNINAREEMNER
BINGE? AT AEITTRIR?”

XEN—MRERICE BWH, RIEIEXW—LH BT, EWIANEEMERZ RS, B
WEEBRED T ERRENESH T RERMENEGIRSMESHIENHET , BR—TF—F
FHEFRAE 2100 FEXFITENARHARFG. ©I1=IB 2011 £X 2015 F (WiFEL1F) £
ENHEERBENEIRENIES EAREETE, BBHREREREETRNSIE 2100 FHIAMHE
B, EARRENAN. BEAMETSATED. EREHIRKRE—NEENTEIETLR
4, BITE, HHIRNAE R, EERBGURREFHAI, AENEZNAR: BEEMEENHE
BEFIRZR, FTUUR BRI A RNZIRAT, TH LB EEHTHSANENRRZEEN.

2012 LRMD i£X: ItHEM—REBHNEEMATAT/NER 2012 FIR2 8, Bl
BIC AR LRMD, BYERIPOMIEE M, LRMD EAA—PMREMLE IR 92 ImageNet WEIER,
—MNER EEB MR EGIRG R, i 1ERR 2011 £ ImageNet #IEE 2 16,000,000 g2
FEE®G, B 20,000 MK, XEEGWEBFRBIMNG, BHIS I Mechanical Turk RS
IR T D, XBE—L ImageNet E&?:

22Building high-level features using large scale unsupervised learning, by Quoc Le, Marc'Aurelio Ranzato, Rajat
Monga, Matthieu Devin, Kai Chen, Greg Corrado, Jeff Dean, and Andrew Ng (2012). Note that the detailed architecture
of the network used in the paper differed in many details from the deep convolutional networks we've been studying.
Broadly speaking, however, LRMD is based on many similar ideas.

BThese are from the 2014 dataset, which is somewhat changed from 2011. Qualitatively, however, the dataset
is extremely similar. Details about ImageNet are available in the original ImageNet paper, ImageNet: a large-scale
hierarchical image database, by Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei (2009).
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XEZEEDRPWERLE. BREE. EXMWFNMERNEER, NRIREER DI,
HEMIREIRIR ImageNet F T EFIR, XAFIFRIBELE. 2. AHAUMABM—ITHE
T FEEMEEMEPRX S, BAREBEMREALRE, BEHREEEEOXDFAEXLETAN
£A, XPEZ—EE MNIST EEBE B BGIRFIES. LRMD BIMERE T — N8B
15.8% BUERZRIES D2 ImageNet Eltg. BRIf L ERIBERE L AHKRARZ, BE2MUIN®R
TSR 9.3% HEMEMLEALREANET T, X PMBKRERESREMNENIFRERMH— 158 A
FERMTIER BB MR EGIREMES, Ll ImageNet,

2012 KSH i€XX: LRMD RIS 4 —F= Krizhevsky, Sutskever 1 Hinton (KSH) 24 #2012
FILBME, KSH JIHRMIRA—NREEREEMNLE, A ImageNet FIEN— BRI T
. IERNFERB—MRITHINZEF S)FE—ImageNet Large-Scale Visual Recognition
Challenge (ILSVRC). HRA—1MNREBNEIEELS 7M1 —MEEFHAE LR AR RIS
2o ILSVRC-2012 JIIZREBEH K2 1,200,000 18 ImageNet B, BYE 1,000 Mhds, IoUEA]
Mt g7 5I1E &6 50,000 A 150,000 @B, & BEXBEFRN 1,000 M,

517 ILSVRC HE— MRS 2R % ImageNet BEBE T Z MK, RIG—IBETR—
FHRRIZRBE—EBHWE R, XBEGFTE “EMH” ImageNet 73 FEBIF R —FK il
ZRo WR—NEEIBXNEBINEA— MR, ENZFEHNDE? BFXFE M, NRE
PrBY ImageNet DEE—NEXINNRBAIEEN 5 M EH, BAXNEEBIARIERHN.
WILIXDET 5 A, KSH BIRESTIRMNEAE T —1 84.7% BUEHE, KRKIFFRMNESES,
FEEET 73.8% BERE, FEHEE™IENANEEBIMCIIRE, KSHBIREIAE]T 63.3% B9
EE,

BESR KSH 8850 7 IR R, EEXNEREEAR—T. FUHIMNEIN, REEERFA,
CIEEEITX—ZR A1 IR, KSH ER—MNRESRHEMLE, /D GPU £
YR, MATMERMER GPU BENHIIERNEER GPU ZES (—3R NVIDIA GeForce GTX 580)
B EBINA FFHESSREFEEANME, PrUMI1ERER GPU B2 B A 187

KSH WEE 7 MNREBETRE. 815 MREEEERE (BLEERABERS), MiE MR
2 BREEER. MHERE—1 1,000 METHERERAER, WHTFEL 1,000 MEEHER, X
EXNWEN—NEE, BB KSH I8, ARHETEITE. ARFLZEFDM 2 N2, X
R F 2 3R GPUo

ZImageNet classification with deep convolutional neural networks, by Alex Krizhevsky, llya Sutskever, and Geoffrey
E. Hinton (2012).
5= llya Sutskevero

173


http://www.image-net.org/synset?wnid=n03489162
http://www.cs.toronto.edu/~fritz/absps/imagenet.pdf

6.4. EGIRRTUSF BT R

o
128 2048 2038 dense
13
F
13 dense dense
128 Max
poaling 2049 2048

BMNEEE 3 x 224 x 224 MRETT, W T—08 224 x 224 ERAEY RBG (B, [EI18FIHIEE!
89, ImageNet BEBREDWENE R, X5[ET —NRM, AA—MEENEHNRNEER
ERETEA/N. KSHBI NS IBEIGRGEEKMEPRENKER 256 SKAIE, AFMIIMNERE
RIEMZRHEETH—1 256 x 256 BIX1E, &5, KSH M 256 x 256 BIERHFEAIZENHE 224 x 224
NFER FIKFERS). MWINEXMENEEBET BINGHENS X, XEFERDTEMRE,.
XIE— M0 KSH BI AR R EHBEEER), 1ERIXEE 224 x 224 BEWA T WEHHE N, 7T
REHIE R THIENERINAB B RAIEGRN EZYA,

X2 KSH XA IFZiZ 0 BER— N2 AR, BRESRE T —L4T, NIEAUE T
Xo fRBEILLEF Alex Krizhevsky BY cuda-convnet (FIIEERRZA), ©E &8 LWXIFZ B8
RIDo —NETF Theano BISEII?C, RBAILIEXEEE, REFHEZ GPU 2B REEEZ,
BRIEASLEBEMUFXERN]E HRIFPLE, Caffe HEMEERWEE— KSH WLERIAR
&, FEMZED Model Zooo

2014 ILSVRC RBFE: BE 2012 LK, HiR—EBEERERH#EH, BFEF 2014 F1Y ILSVRC T,
2012 —8, XORWEIET — 120,000 5KER, 1,000 #E50, mMALEREZER 5 MTUIIZE
LESERNDIE, FREAN, TBREATNY, FETES 22 EHETHRESETRNSE,
II#¥RILE GoogleNet, YEAME LeNet-5 BUEEL. GoogleNet iIAZI T 93.33% BYAT 5 /EHRE, T8
2013 FRIFRMEE (Clarifai, 88.3%) #2012 FRVZRME (KSH, 84.7%)

A8 A GooglLeNet 93.33% HIEMERN B L WFIE? 1L 2014 F, —MARBANNE T —RXT
ILSVRC TREMNGIAXE?, HFENHMEALREX N TEFERNEBUNMA. N7 HXHESE,
MAIEE T — DN RERFILA LI ILSVRC B&#H1T9E, EfFEZ— Andrej Karpathy TE— 18
Y HRfERRE, 1k AZEIRE] GoogleNet AIMEREH IR RINE

...the task of labeling images with 5 out of 1000 categories quickly turned out to be
extremely challenging, even for some friends in the lab who have been working on
ILSVRC and its classes for a while. First we thought we would put it up on [Amazon
Mechanical Turk]. Then we thought we could recruit paid undergrads. Then | orga-
nized a labeling party of intense labeling effort only among the (expert labelers) in our

BTheano-based large-scale visual recognition with multiple GPUs, by Weiguang Ding, Ruoyan Wang, Fei Mao, and
Graham Taylor (2014).

Y Going deeper with convolutions, by Christian Szegedy, Wei Liu, Yangqging Jia, Pierre Sermanet, Scott Reed,
Dragomir Anguelov, Dumitru Erhan, Vincent Vanhoucke, and Andrew Rabinovich (2014).

2|mageNet large scale visual recognition challenge, by Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause,
Sanjeev Satheesh, Sean Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael Bernstein, Alexander C. Berg,
and Li Fei-Fei (2014).
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https://code.google.com/p/cuda-convnet/
https://github.com/uoguelph-mlrg/theano_alexnet
http://caffe.berkeleyvision.org/model_zoo.html
http://www.clarifai.com/
http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/
http://arxiv.org/abs/1412.2302
http://arxiv.org/abs/1409.4842
http://arxiv.org/abs/1409.0575
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lab. Then | developed a modified interface that used GooglLeNet predictions to prune
the number of categories from 1000 to only about 100. It was still too hard - people
kept missing categories and getting up to ranges of 13-15% error rates. In the end |
realized that to get anywhere competitively close to GooglLeNet, it was most efficient
if | sat down and went through the painfully long training process and the subsequent
careful annotation process myself... The labeling happened at a rate of about 1 per
minute, but this decreased over time... Some images are easily recognized, while
some images (such as those of fine-grained breeds of dogs, birds, or monkeys) can
require multiple minutes of concentrated effort. | became very good at identifying
breeds of dogs... Based on the sample of images | worked on, the GooglLeNet classi-
fication error turned out to be 6.8%... My own error in the end turned out to be 5.1%,
approximately 1.7% better.

B=2Z, —PNEREINAZL, EBAOMKEERR, FERANSEHAEBMTSMTRE
wEMLE, KPRk, Karpathy IEHEZNMAXER, B/NRBEGERN)IGE, REEAE 12.0%
B top-5 1R %, BAES5TF GoogleNete, KA —+FMEIREEE R “MWLULIFIAE IEHRY
LIRBERMA S

XLEHBSANRBTNER, HX, EXWARE, RBREENBIRE top-5 HBIREL R Lifd
51%, XBENEEEE HIRERRAETBIALNMNLE, REXLLEMERIRETALN, B
EXFNIRERETER —MIZMR, INARAEMR LT 7T AL, ELEHIEXEF, ILSVRCFE
HNFERLZHEHEZEHN—ELFNINE LR BEGHAARELRGR AR ™
B top-5 tnEHRIEEATIREN . HINEEKIRS, REETE 2R, 1TENA S EBR,
TERKNEREE, SREIIIEFNXAZHE, E2BEHFZEALH,

HEED: EmEXET ImageNet, BRHEE —LEMIFERBEMEHITERIRGINT
Eo BATEN B L E,

—PNEEAOWNA EBERZE Google BI—MNHPAM RS, N AREESRMETE
IR%! Google MBS EGESTH ST L2, FEMIIIEH, XTI 100,000,000 HEEHFH
BN BohE AL IS AL TEHLETHEE. RAREERR: E—NEREEE
FIENESRFEHERT . (li7E: “BEXMHIIEEER EZIRS Google Maps 1E—L&
EXRHIBREEE, TEEIPLH DHIBRIDAMK,” MR T — 1 NE—MRAICHT: “Ff)
BEXMIE, BEBRATRSNABPRFREFYIN OCR A, ~

Ko gEEALE T THR—FABENAREESAXKENERSE R, HA, Bai—LHHaoH
RIFHEIRE T —EH(NEREBENEBRNRAMEN R, 20, 2013 E—RIEXIEH,
RERMEO R EERITRIE M. EE NENETR. LMNZEWR ML IERD 2B ImageNet
B, QLR EBHEITINE G (FERAFENREHITTIL) SRMEBEBERD L, FEX
N ERE A SEEXEN “WF B, mIELERREMT.

PMulti-digit Number Recognition from Street View Imagery using Deep Convolutional Neural Networks, by lan J.
Goodfellow, Yaroslav Bulatov, Julian Ibarz, Sacha Arnoud, and Vinay Shet (2013).

%ntriguing properties of neural networks, by Christian Szegedy, Wojciech Zaremba, llya Sutskever, Joan Bruna,
Dumitru Erhan, lan Goodfellow, and Rob Fergus (2013)
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HXRB— N RANKHER, IEXERTETRFBIR ZMAFTEMARY KSH UiE, REXIF
AU BT BRI R IR LA EELRY, SRKRAAELGNATR, JRESMERSZIFES
ESRRER. BREENE, MITRSUEBRINERNANEENES B0, 5, I
AN X REREHNNERDSERBERE: BRMARBEXRA? HEFERE? NHZEMW
BEVERIE? IR EAM? Bl ]—FA

WE, XERFELBITERXAIFA. RENFEGZELIN, ERAEKLFAZPHEAE o
IEAMEXHE HBIARF

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 ERERER R LD T, XIEARBRAR, LENERNNEEHIAZAK
Ro ST, XFERFTR—NMEBHFAME, EEL—RIIBHRAIIF U, RE—KX
29 5, AE—MIGREFNEENSE, AUFENAZREZARENER, BEWEED
RHEBEMDERNE L, XUERNFTEEINIEEMLMENEGRIRAIN A LR .

BRBRIXAZHRYE, FIGEIEE A HEE T ERSEIRENEREEES LIRE
I ER. FEEEKIRRANAER, FINREREZINEREFIR. ERFEIE
e, (MXBREBEREEES, DHERGNANER, T8, HATERZRAMEIIN

3T Deep Neural Networks are Easily Fooled: High Confidence Predictions for Unrecognizable Images, by Anh Nguyen,
Jason Yosinski, and 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, WRIFFERTHENENARIEN, BARBERZXAPHRGITICHEE:
RNN, Boltzmann Machine, £BIVRE, THFS), BUFIESE - FF! (XZE7T) #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, FRIETROTHEESREBEENB L,
SWEFEX NN =EFENRS, HE—LEENEEXBETamE SN AL,
FUSIEM—EEMEIFRRNERE, YR, BEAENEZEIUSBRRWEBT, LU
ERFERENMPIARER. REXE, L2 RBFRLZ AR LB EBAN KT,

BAHEMLE (RNN) : ERIGHENE R, PIHMPNBATESHE T THE ENHETH
BUEE. JLER, XER—RBRSHNESR: METHNMESYERETE T, LT RS
g BIRES. BB, FEMAFMEFRTREER LSS S AT BRIE, B0, FREiRETT
NIT AT EREHA—ENRESEZT, MEREZHTERENE ENMETHBEE, X
BESTRIBAIREEMERENMR, WMol EMEmE ENSE T EErcEEHY
AIBIMERINRE, MEES T siEmNEANFM,

HEXENEEXI TN SEMETERIIMEMLE, E51ERNN. HAEFRENAR
RMEF ELAH RNN BIFENE Mo FRATUIBEAEE R LA RNN N AREE RNN. EHE1E
RPHNEE, AEER ENATEY 13 M ARNELE, BRTHIEAT, EN—RNEER,
RNN 2EFEIIH T BERT B shS Z AV UL, H2RZTIE, RNN 2R FEIEA
T2 LR A . XENSENEREEREZIRIMBEAESRIERBRNHIHART R,

RNN # B EANEABAR, iR Turing MEERIZTES, MIHEELNEHTEHR £, X
£ 2014 FERESERH T —Fh RNN B LLLL python 2R HIERFRFEIENBN, X PFRAFR
Migd, BN, @Y F S FIBRFLE python BNiZF. £ _RICXEER 2014 £89, F
FA RNN SRiGIT—F#R 2 g “w%2 Turing 17 B9IREL, XE—Mu@ a8 NS08 LUIERE
TR, 1EEIILR NTM RIS —LefE @& L, bl HERES,

FEEMEXFIRED, XLEGIFEHRREERIRE, FRMIT print(398345+42508) HAR
BELEMSEMM N —NIEEH python fi#RRES! W FXEARE, FIIGEHEHESZTHRARANN. &
WrH T EH. HEL, MENKELERHRE L ERXMHETNIRS 0 LR T —% 0,
FH, EHENBEEHERENEHFTERKPITINE SIE LN, X EEASFERHEMLESREST
Il Web fRSEZ BN ETIRERER. AL RBHMENENEANE LEE5MNRE—TFE2IEEEN,
RNN A1 RNN A BB A AT RERLA T TRV B, RNN Bt 7E EAthn AR R PRI E1ER.
EIEEIRAIH, RNN 2E3IEMM. i, EF RNN 5%, BERESMIRSITEE T ERE
B, EFEFAAARESN EBOHBERPEREINAE, EFNEsREEKREEBX DHE
SHEEBACLEE, FlE0, FRRESEE, TSR] “toinfinity and beyond” tb “two infinity
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http://en.wikipedia.org/wiki/Recurrent_neural_network
http://arxiv.org/abs/1410.4615
http://arxiv.org/abs/1410.4615
http://arxiv.org/abs/1410.5401
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and beyond” BRIEEHIN, REMENAZE2HEEN. RNN EELEESRENRE ERIFT T
1EFo

FESIRFHNXTARTELEEE T ERZIAUNE RNN METE LA R EHLE WX
LN —E0. Fla0, BEFEENEHN S EAEAMEIRCNESIEZ IR PREMENS
R, By, —PMETFREMENRABEELBTE T Google BY Android #21ERZH (¥ Vincent
Vanhoucke #9 2012-2015 1£X) o

FNINIHSET RNN BEMBI—/NEF 5, BRI MM IR T BIBE(RH N IERTEAImAR
ZNEHR S EARFR LLUBTE RNN R, BERE, 1A LUERSBE TREA BP FEREINE
BORIIZR RNN, B EM—EEE gAML, WIEMMAEAR, SR REEE
£ RNN IEEBEM. BB FHIIEPTIHEIRE ZHEARE R LUEEC— T RNN 175,

K5EHAIZIZ 8 7T (Long short-term memory units, LSTMs) : #2015 RNN B9—P Bk ik 2 aTEARY
RBSBEHEINEL, BERLLEIREEMNEEE, REMEH(E L —ERINFRESEN R,
EI8—TF, XNEERBEHEERIMEERBEBRNNEEEET /], XESFSHNEFS
EERKIE, 72 RNN X NRIAENELR, RABERNOETERBERE, EBRIENB#HT
R EERE. NRMLIETT T —BRBKNEE, eS8 RERTRE, FAEKRA, FENE,
BI LS I A—MRAKEZERIZIZ (long short-term memory) B9Z55i# 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 HRERE) #EA T LSTM & B X8 %,

REEIME, £RNIEEH Boltzmann #Hl: ITEREFIIARMEF=4TF 2006 &£, HEMNIE
SRR NENIEITREE ML (DBN) BIMLE%?, DBN £ f5—ERBY el NREZN /T,
B FFIRMLEH RNN BO71T, =27 DBN BIXk. REWLL, DBN E2E /L NNEBHE
o

—/ g DBN @—MEMIURE, TaImMER, FIHEE THMANBUERE, ARXLE
BUERBERTE T NP EEVBUEE. M5 DBN XEFNEMIVRE A IEMXFEHER, B
EENEBNAEERIEERLEREMSITTNE, REHT “REET, FERANBENE.
B, DBN EFE#HFERZ EMIINEEETUARERNFERFEGNE R, HaIEH,
DBN AILAF I EFHIBES o PR, MR TR AIENAM : NMYAI LRI T, LaEBS 1
Fo A Geoffrey Hinton X ABNIERE: “BIRBINNRIASR, EESEMER.” (to recognize
shapes, first learn to generate images) 5—12 DBN B] LU# 1T R EMF WENF S, Hla,
EFEAEGRIUEF S, DBN AJUFESEANFERIEHEME R, BME, JIGEGRZTIR
1B, XFFTIEREFINEINFIRAMNAFIZEEMEANE (NRZREBIFIIE)
K EERE G,

FrlA, A DBN EESLRE T XESI N FENETE, MATRTERTREZTIBREF
B? BBNREET, FIRMLEF RNN ELRETRLSRIFNGR, HIWTEGIIESIRIBR
MRS R, FTUAKIDER DR IXERE FHAFR, XELHERREGEN, 2
m, XEREE— ML, MRIEEBEBEEREBIZEAN, P, JLFERBREIRIEF
ARMTHNTEF. XRGABEHFITEEIENERTAB ERHRARERNED, RAM]
AR KHBEINEIEEEE, H AW AZE 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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http://research.google.com/pubs/VincentVanhoucke.html
http://research.google.com/pubs/VincentVanhoucke.html
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://www.cs.toronto.edu/~hinton/absps/fastnc.pdf
http://www.cs.toronto.edu/~hinton/absps/fastnc.pdf
http://www.sciencemag.org/content/313/5786/504.short
http://www.sciencemag.org/content/313/5786/504.short
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FEBXTS FI0R DBN siERXIREED BRI TRREHEZNMER. S T## DBN, & X
NDBN Z7id, MEXREXEBRBER. BAREETEMK DBN, EEELE S TRZXT DBN
O HRIFZ IR Boltzmann HLEYEMERE Bo

Hi%: TEEMNEREFZIPEEHMMPLEETHITHNMAR? B, HELXXLERZE
RENEMEY TR, AR B & A RS MK R E A 1E S 2032 natural language
processing(see also this informative review paper). #l28&11% machine translation, FMEIIIRE
IR BBENE R(E 25 music informaticse HAEMBEER LD, HIXRETHABNFES G, Wi
o] LUR FEAPETFIHAEEATE, AfERTE BN —LEESARNRE. EATHNERRE,
BHEE—RENEBNILNY. XBEXERREERWNEN —MIF R MESINRARRFE SIS
FHEXY play video games well (B3 E this followup) . E A8 % 2SR MLE R & 10 H X 57
HHNGRELTIE, BEEEUN—AFENREHES, REXXLEEEWARBERAMTAER
BE L N CRAT FH FAEBNERE—HNNEER 7 P ARSI, HAF
IMMEBHNRINELBI T ALELER, IE, XIFERZELR, ZAMIBAREBEENBRIKAY
— “Playing Atari with reinforcement learning”, BRFEIRR, BEARFZLURBEEZIIEEN
WA, BEENABEFEAN! NEIEFZESE/MIEERREEASBEINISPHESHRE
HREE, XEGER/MEEECERNANES, PRUAXERAZIEE T EFEN,

6.6 FRLEZMZHIRFK

BEERAFEO: ENMERENKIEEX AW “—(U AT MBI — R F
FE, FEAABRRTH4, BIFEREN > EX ", BEL, TEVESEME X
EPRBXNFEXFNAE, WEFPFRTINTEAAE, MREXMISRETZW. ENHA
1B B 2 7E Google BRIITH T —1EW, BRSIZFHTH “MFESENE XPMERNE
W), RELET WNANEERER, Google BY CEO Larry Page B2 T RITIEERS M4
IR A P T = F X, HAHININER,

XpieRERNAFPEONES, EX MY, FRERNAFPNE®EHTERNK
5, ERSIZBEAVSFIBATAENHFABATIBETON, AREWAENEN, HiB
XS I SRFHT T IEN S ELUIR R MV E RS R,

MEERZEOXFENFESHUANBEER L, FE RO +F, HUTIHHNRESE
FmEBIENSEFIRETHEESNERINBAEZED L, HERICERFRANEE, IERK
B ER T —L2HAEF: W03 Siri; Wolfram Alpha; IBM B9 Watson; 8] LAXT R #0140
TR ERN RS, TEB S,

REWXE BRI BAXBFREOIGTIEERY, HPEEELHNABERFERRAN
MEBFIRARKMELTINAFAZO. RMBNSRFIHAEME SHNAFPEORITRER
N&EEHER, BEREEHSBREBHMIENT R, BENEERE, ALXSHTEVINXRESA
FERINT, FALE], bR, 2005 F—RBF MITENBIEFEINEERE. HEit, **
BARELTENBELERN », — MV NS SHREEZE2REMTEINKZEES Y. B2
FELUEHSTER, BNPFESHRERDNAF BN, XtsEEMNTEHRNESITE
MAZ B HIHAE (R,

MBEFS, HERFMLIFBET: =, NSFITNNIRARBRLEEREEO.
S MEBHNARSIERFH, NSFIr]DIRERELHETS “BRINRN" . XELRZIF
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http://www.scholarpedia.org/article/Deep_belief_networks
http://www.cs.toronto.edu/~hinton/absps/guideTR.pdf
http://machinelearning.org/archive/icml2008/papers/391.pdf
http://machinelearning.org/archive/icml2008/papers/391.pdf
http://arxiv.org/abs/1103.0398
http://papers.nips.cc/paper/5346-information-based-learning-by-agents-in-unbounded-state-spaces
http://yann.lecun.com/exdb/publis/pdf/humphrey-jiis-13.pdf
http://www.cs.toronto.edu/~vmnih/docs/dqn.pdf
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ERTNMET, EERSHONEMBENETX—R, FIUEAXIZ I RS, BIERHK
LERDITIRH— R, XMRTTRVER: KFEXR, RAENSFINERORBA TSI ET—
MEB—RSRK. BrEENERRE, BANREE, NEFIMASIREFEMRR, ML
REEIERF AT, WRATENBZFIARFRAN 1 E7T, WE 1 %70 10 ZDHVE
|, BANBZIMASBRTENASRILE. REZ, NEFIZR/ LD EEZRIFTHIHNR
ARKATUR LIRS 12, SRMEBLIMVABEFB WS ARER, BEEREEBHTR, X
RS R SRFIHATHNSE, IEHESHHMNE, —ISReIFHBIEST .

MEMBNREFZINAR: LELRITINBFEIZHA— I ERALBFBEIRE. B
LAHZENEMREF SIEA—IT AN B f+ AF RS STEle?

N7 EFHEEX DA, HAIRKEEHL. FE 1980 F, AMTIHLMLETTH 7%
AR, LHERZME BP AR ZHBEE. MTE 1990 0, XIFRSHEZMNLA, s+
THBERNFEBE T HMEARE, WSVM. IITE, BMENEELER, RIFTT/LEFRENIC
R, ARZFE - HERE T HF. BRENRER, BRIZE T ARE AL M
487 WEPREMENBRRHEN ZIES, SARLBEANVHE?

FRUL AIREEHMANEEENRFINRKM AR REHZNE, TF MNREZIHRAIXY
HENERIBBITEN DT o NEHEMBEES X A HZH? WAL EAMENFSIHZ
Wa, KT —E5EERLBERIILE? AL NERREIEE TREREN? EHUREYT
Bfa, MEMBNEBERIARIEEE? W0, R ImageNet H K 10 15, FENENEREREL
B2 IRy 207 XEERE S, RN =80, HTEXIEIERELD, Ff
LU, BURMEMBEN ST INRRBINETAENAE, RELE,

HEB/E—DIN: FABE, REFIZUE LR FIHSHERFIE. WEZEHMRAEE
71, BEREBMBE LFEFEER, XBHTERARNREZIMRENRERELT W, ]
BET , EARLEEANHE ST, WENRMNEF I B L L, BIHI T ERE T MR E
RELNRGRHEHLMNSE LY, XERTRZBIMER BEAMEREHITREF B

HEMBZIREFIBEESAIER? APEPEERBENERBREENES, NE
BNE, MEEHF—F, 0] BABENBIEAE? BMENENREF S ERBENHIER
(BA) AT (A) MEIEA? WReIL, UEPREFRIMENABRE, HIIEBETF
BA A TERRNEARA? INERTXNRAAENEFEERE —AH, I, HMTULREN.
HABXET Conway's law:

R T =P RBHAER - RASTRAEEM T E—NgIT, HEMEEEX
PMHLRIE M

FFLL, FTDEET, Conway SZNEIREATR S 747 BEVAISIT S BEREISITNS 747 FREHY
BENEERBBNAREN, HE, BREEM, RE—MRBFA—FREXNRGNE, NXR
[ dashboard =& —LEHBRF SIE A, %1t dashboard WA RERFEH QBN F S
ERITIE— o Conway AN XFIREIR, AJEEMNZE K. FE—/XITE] Conway AN,
B2 ANRNE: “GB, XFTBREALY HFE “XBAEANM?” 1EFRITE Z M
TR EAXNRINEIF, HITIUEERENEF: KENEITHBIIISERERR 747
B9IIT? MBS IR EAE? NN ERMEN? ERMBALRHXLES T gEF=E
HIHINTE 747 FRTERNE ARG, FrAFRAIRIZIEM Conway A& N FLR N IEARLE & 0 H1I& TN
TA2RYLRLNER T,
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MYt BE— RN R, Fa Conway ZNEERR, EMZNE? NHLEEFE Conway
ENNEITHALR RN, AIRERXFEF, BEIANFHIENLL. MEF™RNEEE WA E1E
MARIFHNERZEEXEEENNAR. BREBRLEGSTRINE FENT R, HEFRLES
BHE B ARG R—FI0, EENEFRE. XMMIE RN REER R TSR ™ &
AIEABARO SR PR _E 2B BB EIRA Z IBIRY AR ILEE =4, Conway ZNAJRER EMZ WA, BEHTE
It BT LA B e (8 (88 72 BE 15X A

Conway ;ZMN BERZANIZITILIEFR, KNFEZRIFMIZEIENRANAEABLE, LU
RN EXEE . BT Al EFESXENEFE: BIIFEARS D AEEWEE, Pl
Conway AN NEEE RN BTE Al WAL SEFR, Hitb, HIMNEEFEREBLRRIBEARNIN
Fo MEZ, Al BR—MRIFRAMIELRZ R, BERENABIKIT 747, HATHRESS1ZE
M= HFENRIE, OEEURTE B CENEEWMEIE R, [EW Werner von Braun 5
£8, “BHARMERNFANER S EEMIMRRERHA". FBAHEXE Conway AN
EFE AR FMIETIZM 0B A RRASIE?

AT EFHEEX N, HIMTUEEEFHNAE. EAXREH, EFZE% Galen
Hippocrates XIFRISCERE BISIE, MTBAAE N AR, BEMEHMNAIRINEK, AXKBHR
BHITEVNTT . BIEIREZRZ (deep) BIFMS: WMEHRNFHENIRIL, SHETTA
TENBIRVIER, XE O, fi. MEMIBKIVIEM, FIEXLRIREMR 7 BN MmME R
ARG, XERZINVIEREA T EORITRET. REFHNESRILOMERRAFIZ X KERIM
RS, FRUEINANIREMER T EFXNHSEE, XRAERRF EEUNLHEBE: A
REIRBRAFGNFEMNESHARNNERIENIVER, XiF, HITE T EFNZEME—FC
BER. 2l XNEE—RESEEMANNEYARE, aTLOR, XHIE—NEMBIEEZ,

XSS WERARNRESS LI 2EE:. MUNEESE, EYEF. #F. hFEEMY
HEFEXEFRNE . XL BN EINH—BRIEIR, RE—SRZIM R, FHNE
KXo U EEFENAIR. BRENERM, XMP—BRNFERAENES, HIMNLZMEZR
2L, STER— N ARRERARAZUETHLUZIEMBNE L. T, XNUENtS
SR EMALR, BSNEXEREZNE. BNIEEINRE ISR s, FOus
BER—MEZRN. BTN, BENHSEWHTOR, MXLEARXAZBRMR T RFZIBIACL
EZBIIER R, ** A, FIREHER T RFNHESARXR, EXEHRXARIRKBE
PREIFNEEBAE AL R LR BB EY) ¥, XBLE Conway JA RIS _E T ARRAS,

A, XNSIREFIHE Al BAagmhe?

RAE A XRRH, EENENSEIE, —HIAA, “XHAFZREN—MHSE, BRIEELE 8
R T, RWAINA, BERBHIARE . REFIRERMNBRREY, BEE2HNE
B8, Prolog B ER AL, WE SNRFNEAR, XEL SR EMIIHEE LUIRIFN A
N HFIFMFXEATREREBRESNMFER. SR, FIEERT —2REEURESF S A LI
AEFHEIGMER R BBIERE, BRERSAME, BIEHNE, BEHLR Prolog 3& Eurisko
REEZRAKZTE(NINFEREEEDL. P, BEMWSRHEF EZEEREERSHEEMTA
o BMNUAXDHREFIMEHEN G ENARERE? Conway AN T —MEEMB A
MHNESE, UMEFENMXLF EEXNHESXANE 7.

FRLL, XRUERTRINBELENR#, F—, REXMHEXNTESE, FEENRES

BRZ) (deep) XBHEEHAHEXTXMESHTEEN, EMIENTENEEWRIEFR Eo M0 SF
1. BP BIAMERIHEYIRICERT ¥ R A * RBIFHHIF.

34Interestingly, often not by leading experts in deep learning, who have been quite restrained. See, for example, this
thoughtful post by Yann LeCun. This is a difference from many earlier incarnations of the argument.
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SREBBEREAFR? £, RNFTESLABRNEICHKITE—NBAATER?

SWE—NRE: FNNEEREFS, XB—THBEFENXEN 8-, §—E5%
W%, —EXBNFARIN, HPETENZEBFEERZES, Afa, —RBRINEXETR
iR A SRR —LEE AL A SGD (HEBRMMTE) RMUL—MRNEE X
LREFEB AT, ERHNMELLREEINFIENEREARE, 8PAERRECHRZEE,
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