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(ETER NI MEEMIARITRALZ 1, JERTREME AR IR, FERTH
PRI — SRR TR, T S0,

1 HEMSBIERILRR

BMNAE LR NN, ERSEIETTEA R EMIATIE L2 W30 b
AR AI LRI S S RE R, FATATDAE onn BRE 1E— R EL
fla; W), XE o gtAAREI AR EG  OX E A 2 MR
RGB 3 MEEAIE), W UEERR kernel MINE, b RRMEI, K
Bf() MmABRBET T RN R, HbRE IHHAE/], pooling,
RN ((ReLU) o EITIXEEASHE, RIGFAMGE L g, XPEBIEH—
PNESKH label, H y RFR, BATNZRMEMLEHH 2B Z#SLE
MBS, § RAIRERZT y, IXFEMIZEA G PR AL,

ZAURR| LR EE, BAFHRIELNHSE, #ENT - MaARG 0,
MZgrIEE ¢ BTSSRI O, N TIX AL RS A S IE R 77
%gﬁ, BEENEMERMEFRAME R “HREE (Loss Functions)”
KETEIRZE, BUHFHN mean squared loss, Softmax with loss!,
cross-entropy loss . WIRIABUK, BHIKERAH S BATRZRILER
" K. MTFERNIRER, loss AILAE AL

1(5W,y) = 1(f(=D; W,b),y) (1)

flan, A+ softmax with loss, RIZFREE C FKoKIAE, PRI
JEE C M, RN E—RKEE, B Of, #R, REEE D softmax
B, &dX—E2MER, NN TE—RiHEmHEmR T

Lo expfi 2)

i = ol .
Zj:l eXp fj

FTLA softmax fERRIEHHIA—1L, 305 e A BB N %k
HIMER, IZAEARS NS A] AR A R 37k Rk

b tog PUu) o

Yo exp(f))

ARl R 1 B 2% R RE RV AP IR ? (NG B MFEARTR BARBAGTER), Tl
T MERRTON TAITAEMEAR, TP RERY IR, 8 H (A %
KR

_1y (i), @
Loss = m;wf(m s W),y @) (4)

Anyway, 15EXNIEOT L ERERIFEIR DU, FRATSEFR Lk n] DAfE A
backpropagation KEFMNEISE T . (HRIEE BRI BARREER
FIMMESE, A RIE, XSG EEZE R SEE ST
R B EA RS 2SR T, IXFARTMNITRERN, BFIRAIF
%ﬁ%i&i&ﬁ#‘%ﬁﬁ%ﬂ, FhE AT B Ay Nk, (Regularization), {H15 25
FHEAIE 2K —MIENE IR MK HISE W 1T, ANREDT o ##17, 1E

YSEPR EIEARTETE Softmax loss, Softmax {ERYZ Softmax function, it EE—1

MEETEEEE (0,1, HARTREZNN 1, T —MERM 6, KRR HN T2
cross-entropy loss, ZFTPAMMK “Softmax loss” BHTIRAM, Hi¥dERESL 111,
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WIH RW) R, RAZMAHKIEIREE (Objective function) H
SUEAT R R:
obj = Loss + AR(w) (5)

A X RERE T RIS B L B bR RIRCE, B PFRN weight

decaye

2 BRI

2.1 BTHRRMIFIE?

BAEIXAN A, ECEAE XA AR, REAREMNE LR BRI R
PUAEIE AR SIER TR, Jii — B A SR B IX MU R A E R
T 20e? ERIMATIR L, FATREEE B DA BRI ik a)

min f(zy,29) = 2012 + 202 + (x1 + x2)2 —20x1 — 1624 (6)

PRZE 28 LA ER LR R AR L — NG ? /E—F LRI BRA—FE, &
Mg B A REA, XPDMUERETCRTIEEA, H—ERIX 28K, AEia NG
BT, TR ML RIS RS T R ?

TR, MAEHEBEMEMSHIL, EIXEZE T st mn
M (unconstrained optimization), IX LA SR AR R R
M. FAHEXEFEAR BABUERAML, &5 H KRR T B
R, RITHARMZZHMENE W HRE b, XM, MZEMEEAIAR L
THI LA TR R —AERY, R 2% i AR DA R (i B 24 T B TR A R Y
Wiz M oo ATDAMZE ML R HR TCL AU, FONEAMG L
PR [ RIS F

BEREXA—NTREFZENRE, RESEMZN B EBOFAZ —
B, XANHREEREZ local minimum, FRAIEH BRI EERZEH XY
PREY, NTARNMARMAYR LY, EHE T IRERIE ERIFASIER, Blins
AR E R R EEREUE convex BIRHMEA BELRIE— & REAS TR E PR K
AIERIUE, A TARNERE, BAE TREEREIR TR UZ2HEA local minimum,
BRRE LI, BMERSE NREEEIR N R ALE, AT RS iR R R I,
RO BB T B TEREIN RN ECERE 2R R IE,

2.2 JURhEE

LRI H U2 REISIEN 2L, f1S HARRERE IS i/ IME, N TELIH
BRI, AIRZ T, FRIZEMTATER? B4 — TRk, &
2 3 M, HEEMA—ERERT cnn Bk, X2l onn BIRFRRE
Hy: onn SEESEAERKAKRT .

2.2.1 BERAEERERE

B RERAXATRENGE, RA—LRENEE, Bk riHE
%, FERER, BRI KRS, XERTEEE R B & I RRI R T R
S8, (HREFRPRDE NHXRE, FoXETEHAGRERIE R R
fifg, HE— MR, BRMEMSEHSEEE KR, #RIXESESCRIR, K
WMAEKR (21, 31— Hinton [3], fHEEZ:



Evolution is much too slow to discover the millions
of features we need. In very high-dimensional
spaces, searches that have efficient access to gra-
dient information are millions of times faster than
searches that do not. Evolution can optimize hun-
dreds or even thousands of parameters, but it is
hopelessly inefficient for optimizing millions of
parameters because it cannot compute the gradient
of the fitness of the phenotype with respect to

heritable parameters. What evolution can do 1is
explore the space of biological devices that can
make effective use of gradient information. It

can also explore the space of objective functions
that these devices should optimize and the space
of architectures in which this optimization works
well.

EHEIPIEREA TIXLE metaheuristic FERN T RIBALILEMRRE, X AHE
2 F MR ST R &AMl XL 7 R 2 g R (FE Bt E
BT —LfFH meta-heuristric AIEMAL onn BIRHE (4] FIKE (5],
ERXRENREE MNIST Ml cifar-10 IXAVNEUERE EEER) o

2.2.2 fEH—MBERER

5 AP G — BRSBTS IR, U S H A RIREA LR T
FEi% (seD), B NRETAREAEMR LA PEM M E — MIGE, REEPIE
I RIIAME, IS HARAETE N IR AR 75 R LR SR E ARt
FCE DL B 2L, BB B, IRER LB, BRI AR H
PREEUE NRERTT A, RDE T NI, BATETRERNEREX N TAES
i, WELRATERK  (TEMEMZ IR, SHEPFRNYSIE, learning
rate), HKIL/D, HMETRERD, PRIEK, BhMERMATEE LT, Kty
KANERZ N E 2, B KA MM, —#Z2 exact search Ji&, 5
b=/ inexact searcho AR AIXIRITTIEARA OB FHIE?

M LAER 1ine search?

B5E, soD 1SEIAYERE BN BEIEMERIEL, FIREFEIRZ (noisy gra-
dient), HIRABHECEIEFBHER, FRATBEASIBRE; HIX, line
search HEINTHER, N THEMLERN, FIREFEL /L forward pass
REH—IRSE, M seD HFEE—IX forward M—{X backward pass
KEFSE, EUENE, SEERMRER L, BZHAR, (A% (0]

M 171, —FFE seD H{#HH line search WIEXZSU (81,

R R, (RIS NIRRT, REJCREEARMAMS, X
HAREE, R FAARREOS SR W T, K5 EHXESE, TR
A GEEIZGREARER L r8E LA, ERABE RREENAITAR
T (NERE, FESEFE), KIEKED, i@y ARy E T~
e 0] RAVERREE N, BEALESE T RErh it BRI RN BIERRERTE L, A
EREATURE B SR — 2 (195 00 AT REFF I A 16 I NIk, (EURAERRE T [ s
—RSEAIN S, BENUEEE TRER] AT 2R SECERT, Xt 7RI
JE TR, TESREAR, WFSE R ILREN LR TR 4REDS TARRIIREE 7o ™
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FERUE, BENLEEEE SRR AT EREAR TR — DR, (HZIXFEH AR
TEHE RS, AREX EIEMEARGAEE, Hit@EFEEHARZ mnini-batch
stochastic gradient descent, B M A FEA HR R HLIZE tH—/ NER A A
(FRH— mini-batch), HELEXD mini batch J:H@E*/ﬁlglﬁ, RIET
BEEE, REIGELME, BAMESMREZEINER, 2B batch

size FLERXNE X,

JUfh gradient descent HfFAKXHI?

EM2E s e, @ BEIAFEFRME, batch gradient descent,
stochastic gradient descent, mini-batch gradient descent, iX
LA FEE 1 A XAE? Batch gradient descent HSZHLEMHA AT
SGEHEREH ST, XM AEEE (KRR B A 2RISR A SR i
T—IRkSEEH), HEHANEEH online WHRXKEPINE; stochastic
gradient descent J:ﬁaééﬁﬁﬁ, Rﬁﬁﬁ—/l\ﬁzli, PIRE=RsHERNEEEN
%f; mini-batch gradient descent, N TWEZMHE, BRMNIIGEAF
BEFIME—&0 >, BRAGRNEEERGER noisy W, HEEMMES, &
ZWREBRE — PRI R R, RZKE sep M mini-batch WA
SERAR, BOENSCEGEEANTEZ sep, HEMHANZ mini-batch

stochastic gradient descent,

M L naive RWARIBEEE TFETTIERII R, TEBFIEELT Pl
w7, FABES IR, RMmERTEERKNEA GERR &
{8, NtEfRAPEE AN AERE SGD with momentum [10], momentum
TIEREAE, B TACERE R, AREOURES BTAIEERE, JO7E 25 B
NZIFEEEE, XS Y FIMITEHASEE R PR ILA" I, se RN
ﬁ, MARTELLI KR, RN E, P AW TXMTIENAK, £—

(11, ' 1

v = ot + aVobj (7)

gt+l — gt _ pt+! (8)
EA (14, , 1[17, Chapter 8]:

v = it — aVgobj (9)

e (10)

EFRHHARXA, 1 2 momentum WRE, o EBNENZESE, 0 2HD
SRR, EARAPRY t+1, ¢ REREBJLOUEN, WIRRINTE v T 0, ¥
EFLE, ZWFAXA—FE, HEME—T, XMPRETIGRNSERE—
BE—FEH, fHEHA momentum M scD IZRM%E, EEUSUREHED,
BRE, RMWRZITERKEMHNERE, FEED, 8f momentum Y
sGD HJE vanilla sGD MI—FRpfAisANGHE, HREZX sep MySal, =N
Nesterov’ s Accelerated Gradient, RMSpropse FLZXT scdD WA
&, AlZFE 115, 13,

4 14 ]O
PR 7B R, HRBERRRE A R AR Ak B B A B AR TC 2T SR A LA 77
&, 183 (201 $RE] T EERIHERE ORI ZRi e e,

2.2.3 HH_MHERER

=AM TR R B EER, R IR 7T R R G R R
Wik, HZ2HTAFUATER Hessian FEFEMY, HHEEEKX, Z¥HA
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—EFE, MNETIENSHEE Bres, UM L-BFGs %, BEZEEM S
E (21, 221 ZMJTIETE cNN EF'H%E’JHET% — T FH SR AT A — 28/ NS
IR (201, RIUERIAEE, B2 sep HAM—LE (23],

ML oNN AP HERARZ?

REZNRRFLZE M TEFEIE Hessian fEMESEFTCINELUSERE, cNn
SPEELX, —MAHEFEENIHEELRK, not feasible, FTPASEFRAFHFZE
FHEMATMERA sep kR#ATIMN, BZIHE, S0 (23, 24, 251,

B2 RTIAMA SHLEESIRNE, AIbAZE [26)
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