ASEAEMNHENBEIFREZRIEFISEIC13 -- Deep Learning

FHBRIEBNB THELMZENeural Network, HEZMEER—E—BEHEEZTH
B , BRI EEERBURIGZUEREIVEMFIE | BFR9pattern feature
extraction, HEMERIPIXERITELEBMRETHNG | BiEHEFER
Backpropagation®i% , FIFBGD/SGD , 1SRG IMNERIRIMNE. AR, IGHERT
HERMEBHITRANAR , FNBEHEZ. LT M HES. REESZRIHRERLE
=B, EREFIEE,

Deep Neural Network

BRI |, IRIERENSIETNESR. BET . BREREARR , KBTS A
2% : Shallow Neural NetworksF1Deep Neural Networks, _ET5iE/ BRI MR IETY
B> |, J@FShallow Neural Networks , TIATIRIGE RS 4EDeep Neural
Networks, B5% , tHiIR— T =& Z[ARMLTRABHRLE :

Shallow NNet Deep NNet

s more to train () . to train (x)
. structural . structural
decisions () decisions (x)
« theoretically - (O)
(O) e more (see
next slide)

= |

BEE—RENZ , ISR , deep learningiflskidi K , JCHAER MM ANEZ RAIZFM
WEBIEE ZHINA. REET—E—ERNMENEE T REGSREESM—
LUIIREHIE | BDpattern feature extraction , NIFSENANEREXLRRAIARR , &3z
JERRRITREY,

TEEMIF , KE—TNREFIRNEREH O EErUHENME D ERRRE
B, WTFEMR , XM FEIRBIREE , EEmRBIET 170205,



positive weight

negative weight

MR TERRIFEIRBINE ? F(ATLUSE L FRIE R DR E —R—RARER

AFIE. BIAIIA=IBEEKENRR T HF1RIRENEBAAMHE | =IBE R ESEk
METENETF1. GANERHLE—R  SRKENRTHFRENEMENHE &

IBEHSERMETENEFS. HitETRE , BRETSGERER. ERENRE
RBER , EEFENENRIGRPENHESFIWHE , BRXEHEIERASE

HATICECAIRR]. EEEE | IREUHERI N EFIREREK | FRTERREZRAIEE

EfiiR , HhE—EHEBHENAMIERY. ULHEREFIRNERIIEN.

FEFIMREKX , ANSHEEIGRSYSFIEME
e difficult structural decisions
* high model complexity

¢ hard optimization problem

¢ huge computational complexity

EXS LA EREFIRIANEME | BRENATRAFIERATINE |



difficult structural decisions:
« subjective with domain knowledge: like convolutional NNet for
images
high model complexity:

« no big worries if big enough data
» regularization towards noise-tolerant: like

+ dropout (tolerant when network corrupted)
+ denoising (tolerant when input corrupted)

hard optimization problem:

« careful initialization to avoid bad local minimum:
called pre-training

huge computational complexity (worsen with big data):
« novel hardware/architecture: like mini-batch with GPU

Hh , X0 AF I 2regularizationfinitialization,

REFIH , NERWIBERRER | FHVREREEE B HIN B3P LaEY
Hl. BTG AR Zpre-train , BISEANEFHTHRERISE | BEREZEHER
backpropEEIIZEE , BEIREIINEE. ERE RIS , HKAVEERHARpre-
trainingfy753%,

Simple Deep Learning

© forf=1,...,L, pre-train {wﬂ[.f}} assuming wl'), ...

0000 Q000

ot Tomc P
petizay
i AN

o
DT

L PN e

Mo [ [l
SR

! Fal ™

(b)

L : : (£)
@ train with backprop on pre-trained NNet to fine-tune all {wﬁ }

(d)

Autoencoder

HAIIEBENAB T REFZINEEY , BFANEEEE E3Ri |, G0al# Tpre-training , 1§
FEIFRINEYIIAER ? B85t , KITREEF | NERMA ? MENEIEEF |, NER
T TIF R ( feature transform ) . NB—1NAEIBEILAN | NEFRT~—FH4wES

(encoding ) , FRIEEIRREAS I LEIERRR. AAHENEE—E—E#



1789, BERINF , FiLE—ERE | FINERENZERTEEE TiZE
BINEUERRIRTEYHIE . BPZ{UlFinformation-preserving encoding, tBHiZE , BETEHE
FERBMASURRMFHERZIEI+1E | BIESEi+1 ERMASURRMFHERZISEi+2
B, —BE—B#ITTE. X, BENNEVSRERR T NHZEm A SRR
F | BEERR KPR RIFEIHIE.

ENEF , E—\BEATH T BENFEIRBIEIMF. WRIaRI—KE&ERE R iR

DENAREEIFHE , BIARIIR , XN EEFIEE I L ESKRERIIETF. X

ARV FR Sginformation-preserving , BIAEHRIGRUFAELRER 7 REIANRYFLE | 0

B 2EeNER, XIERpre-trainfFEEMEIRY , Bidencoding i NIRIR I —L4F

fiF , TIXEAHE N AT LASREEAX , SEHlinformation-preserving, FfLA , pre-training
BRI EYIREFNIZ i EXERinformation-preserving$Fit.,

» weights: feature transform, i.e. encoding (OOOO)

» good weights: information-preserving encoding
—next layer same info. with different representation

» information-preserving: (OOOO)

decode accurately after encoding

F‘r: h:f:i!::,ﬂ
2ZRPN

gnfaIfEpre-training S RXFFRINENIIAE ( RIEEHAFE ) U ? /AR E—ME R
R=ZEEEMNE (—MANE. —NEEE. —MaEE ) | B

xp=1

X

R , MAERRARIE (B)fFpre-rainingfUXE ) | LIINEW,,) 155
FERUEAIRIH A RIASIRITAOROA T, ( BIASIRIIE ) . RSB EIE



Wj(f) BRmEE | W ENEREKIRRISEYERIL , MmN EmHERIEEE
(., BARNEED — d — d NNetisia, EiOET SN, NANERRaRECH
YRR . MBS BRI HESCINEN |, i#E LS Amilinformation-preserving Y45

M, XFREFIRITERE KA JFRZ S9autoencoder , I\ EZIPREERT NYRID , TIPSR
BB EXINAES., HA W'Z-(jl)in_éﬁﬁ%ﬂi , ﬁ'ﬁWj(iz) S ARIOIE, EBANTE

FFEEI WA LEITidentity function,

autoencoder: d—d—d NNet with goal gi(x) = x;
—learning to approximate identity function

w;.”: encoding weights; w}{f}: decoding weights
BBARHAEFREX SIS ITidentity function , BHAFMR ? BN TFISE
23 ( supervised learning ) , iXfhd — d — dftINNetEIP S EISHE. FaRE
A% HSERR_ER X RIAEIR SIBAMS (EiEiRe(2) | HIIFEIREIFIEREED FBIS
NEH , BETEBRNER. XEMALUNSIERZEI SR —LERNEERERMEN
B, AE , IWFIEEERFS) (unsupervised learning ) , autoencodertB el LAFESE
fifidensity estimation, INERMERLNHHg(x) ~ ¢, WERRZERKX ; MR9(x)5
xtEEER , NRFZEER/N. BRI LARTEg () SxBE R R AR #uE
BRERERARMSAREER/ NG, XSG ARERERToutlier detection |
SEEN, XERTUUNSIEFZIER—LHBNEFARENER | IRHHLEE
BRVEER] | REEANREBYERR,, FLAR , @iJautoencoderAifriEifidentity function |
MR ENFIFAERERNFZIEBEERLIAIIES NAFFE ZHR A,

if g(x) =~ x using some hidden structures on the observed data x,
« for supervised learning:

« hidden structure (essence) of x can be used as reasonable
transform ®(x)

—learning ‘informative’ representation of data

« for unsupervised learning:

« density estimation: larger (structure match) when g(x) = x
« outlier detection: those x where g(x) % x

—learning ‘typical’ representation of data

HSE , M Fautoencodersiit , Bl T OMEMERIERRIS | RVRASIRIOR TS
LRSS ARIDIE W,

Basic Autoencoder—f&XFd — d — dBYINNet45rs |, X3hzAJerror functionZsquared
d
error , BOY . (gi(x) — z;)?,



basic autoencoder:

d—d—d NNet with error function 3"2 . (g;(x) — x;)?

basic autoencoder{t45f4 LEVIZEIER , RE=EMLE , Z)IEFMLt. ZEZEY
HMZTHE L, EEREd < d, ETHUERD. SEETRTAN

{(z1,91 = z1), (T2,92 = 22),- -, (TN, yn = zn)} ., BRENEHEREX , TTLA
EREIEGESYS, A BEENRMSEREW,) = W, , BRGINESHEGI
BiHE, X TregularizationfI{ER , (BRESbTESE L,

» backprop easily applies; shallow and easy to train
« usually d < d: compressed representation

o data: {(X1,¥1 = X1),(X2,¥2 = X2),...,(Xn, YN = Xn)}
—often categorized as unsupervised learning technique

« sometimes constrain ;" = w\”’ as

—more In calculating gradient

L1 EFEEbasic autoencoderfIE afl—LefRESRLE., STREF 9 |, basic autoencoder
AU FEBRIXI N Epre-traininghUid 2 |, ERAIXMIIIE |, X labelRRIEIEH TR
FOREES |, ?%EUE’\J@EEE’JWEWQ?)?)Eﬁf@“’ﬁﬂpre-trainedﬁgtlﬁiﬁzzﬁﬁﬂg?‘ﬂﬂ‘ﬁﬂﬁﬂi , B
EENREZIVTESEZENYIRINE,

basic autoencoder in basic deep learning:
{w&”} taken as shallowly pre-trained weights

B A TRE— D TR T RE S Ih R EEM—#iRpre-training , BV
a1k, , Mautoencodera] LA{ESpre-trainingl— NS AE. Pre-trainingfyEMNTFE
& . 5% , autoencoder¥HREFIMEE—Z ( BIRWBEA ) HITImIEFMES | 1§
SURRSIEW, | (A REE— RIS ENRIAARE ; KEEREE i
(TR , [SEIRISIEW, , (EIRLE SRR = EAOMAARE , LUtk
|, ENREY IMETE RS R AEFEEGINE. EETRE T
R {z, "}, autoencoderrittd KIS T—= ( BNIE ) AOMETTAMIER,



Deep Learning with Autoencoders

© for¢=1,...,L, pre-train {w{.’[.f}} assuming w!", ... w!~" fixed

T
iy
St T

}- o o 1 }'ﬂ'.";.‘:l ‘.f'f‘
N

s ==
S

(b)
by training basic autoencoder on xﬁf_”} with d = d()

© train with backprop on pre-trained NNet to fine-tune all {wif}}
=98 | bR T basic autoencoderZ INAFITFEZHBERMAERpre-training/gix. X757

FEREPRBARRIEEFIEN IG5 EIARAY fancier' autoencoders , IXEARH

Denoising Autoencoder

F—&8% , FAiMERautoencoderfi#R T deep learning/®pre-trainingfJa@, #E T
X . EATE 118 deep learningh B ArEAIregularization 5 T RIZHIREIAIEZE.,

X
T — tanh = / s
X2 el s tanh | _ (3)
T o< tanh
tanh
2 (2)

watch out for overfitting, remember? :-)

T RES MG TIEN MERS | EIERSMERARA , B
Itt , regularizationdEEMNE, ZaIE BN EIE—Lregularizationfd757% , €1F :
e structural decisions/constraints
* weight decay or weight elimination regularizers

« early stopping



high model complexity: regularization needed
structural decisions/constraints
weight decay or weight elimination regularizers
early stopping

TEFKIPENBBIM—FfregularizationfJ/5T, , EfEdeep learningfJautoencodera
HBERITFAER.

E?E?*ZMEEE_J—_FZHUJ MBHoverfittingP=AENREB ML, WNNERR , FfiIxE
overfiting5HA#E. BEX/NMIEXER  HEER D SE nOIseiij%‘Ble_EE
overfitting, WSREFWEEZEERY , BBAnciseAIFIIHAEFE K , LAY , SCI
regularizationfy— N5 LR 2 EkRnoise A/,

stnchastlc nnlse

LA

Moise Level, 2

Number of Datu Pn:nnr.-.. N

data size N | overfit T
reasons of serious overfitting: T overfit 1

excessive power T overfit |

F&RnoiselN— NMEI R 3 AL 2 X8 E I Tcleaning/pruningddi{E, (BE , IXfhAE
BELCERRR , ZRETEE 0, At , B—FEEERIT G E | iR EESERIn—L
noise, ;FEERNnoise | TEFAIREBRXEMEIREHAERA.

«» direct possibility:

« a wild possibility: adding noise to data?
XFpiERYidease B FaN e I — Midlt ( robust ) BYautoencoder, fEautoencoder
h, RIS ENEHSIFFERIESIHEAREX. WY, RXREEAIIAN—LE
noise , X F{@itAlautoencoder , fRASHERS/SHVE Ho(x) B S S5 RELHFAMEXRRE
. 207, FEIRBIP , BEER T , BRREIELEF14Jautoencoderf5 &g
BEIRAHF1. MRFRIBERBFIERBIANIRE |, ZiFautoencoderfGRi%{7A
BETSRRID NEIF1. 1XZRHBiZautoencoderZrobustly , —EFZE _EieE THIRAEF]
regularizationf9{ER , XIEREAIFEEEIR.



FrLA , iXmE8 |4 7 denoising autoencoderfdtfS:, denoising autoencoderA~{YEESCIR
RIDFORERSAYTNRE | REEERREIRIRE. AR | Bl A—LB A noiseAUEUE |
£2idautoencodery [SREIBS RN RAIEIRE, XK , autoencoderBIREAREER :

{(‘,Elayl - wl)a (%2ay2 = iBz), tty (:\IJ;NayN = wN)
Hrhi, = x, + noise , MENEENHEAR |, M, AEEHEAR,

autoencoderi)||EZ:8Y BRI RiLE, ST RSB E R AEFHEAT, . R4 ,
f£deep learningfipre-training= , #NER{EMAIXFhdenoising autoencoder , F{XBEMLE
IR A PIRRIDERIERAIER | IRBEM R AnoisefIHE AP iRiRIDSEIZERAIEE
R, XHEEIRINEVHRETY , EACEEEFNTIERsEN | BifEttF. Cir
RN , denoising autoencoderdEEB R , TSRS , MINBAA Lnoise , i
WHES | IHEEASEENIRFIR | MRS , XS ERT
regularizationfJ{/EF.

idea: robust autoencoder should not only let g(x) ~ x
but also allow g(x) = x even when Xx slightly different from x

denoising autoencoder:

run basic autoencoder with data

{(X1,¥1 =X1),(X2,¥2 = X2),...,(Xn, YN = Xn) },
where X, = x,+ artificial noise

—often used instead of basic autoencoder in deep learning
useful for data/image processing: g(x) a denoised version of X
effect: ‘constrain/regularize’ g towards noise-tolerant denoising

Principal Component Analysis

KIRIERA 1/ 4BRYautoencoder@3F&4RY , RAEMBEMNEIREIPE S T tanh()REL,
XERS A TIEA4Blinear autoencoder, nonlinear autoencoden@ & LiREZY , 2N
FREZFIH ; Mlinear autoencoder@FELVIREER , T JAKIRIERD DT

( Principal Component Analysis , PCA ) , H3LfRlinear autoencoderGRAKAYK
2

%3F—Minear autoencoder , ERISEKEBHAE Stanh()REL , FIRTA

d
hi(@) = Y w) (Y wij'e)

d
=0 i=0

seh | wi) Fw'}) SRIRFDINENRGNE, TE , SRS SR



o BIREHIRT, , iMANGHERE—
o RIBNESEBNE—R : Sw_{i[ji}{(1)}=w_{ik}*{(2)}=w_{ij}
ed<d

d d
linear hypothesis for k-th component h,(x) =~ w (Z w,;,-x,-)
j=0 =1
consider three special conditions:

» exclude xp: range of / as range of k
= constrain wé-” = w}E.E} = wj:

—denote W = [w;] of size d x d
» assume d < d: ensure solution

XK, RIONERWER , #ERdxd , BENERWTRR, x4EERdx 1. 1
linear autoencoder hypothesisa i3 TR itE5% :

h(z) =WWTe

H3L , linear autoencoder hypothesisFAIZITIUFIRIREAXEIE , BIh(x)=x, TRHE
XA, HITTLAS HERerror function :

2 e
X, — WWTx,|| with d x d matrix W

1 N
Ein(h:' = Em{W) — ﬁ Z ‘

n=1

HIINBENRITE L By, (h) S/MEBIXIRIAIW, RIBEMAEFNR | B TRMEE

o

wwT =vrvT
BchWWT 2 Femp, VIEERESERVVYT = VIV = I;. TENEER , MEs
FERBIdANESE (BDR1) |, BINAESEMNATETFd — (d). RIESiHE
SERIIBAR | B TTLUEE,, TR |

z, = VIV z,

Hep | IZ28A0EM , EE9dxd, X, BISHED R MIEXS WRIML LR @EE
MRS T FIVAULIBIRE,



let’s familiarize the problem with linear algebra ( )

« eigen-decompose WW7' = vIvT

» d x d matrix V orthogonal: VV! =Vv'v =14
« d x d matrix I diagonal with < d non-zero

e WWTx, =VvIvTx,
« V7(x,): change of orthonormal basis (rotate or reflect)

o I'(---): set > d — d components to 0, and scale others
« V(---): reconstruct by coefficients and basis (back-rotate)

e Xp= ‘n.fWTxn: rotate and back-rotate cancel out

B, BABRMHIE , JALOT

2
N

min mm — Z VIV X, — VIV X,

Xp WWTx,

Sk EREBAME , BT (T — D) lF | HESfs L REaSHT
EST#Es . EATHRENTETdN , Te2ad /M. i, THSERE
s Had M.

« back-rotate not affecting length:
 minr 3_ ||(I — I')(some vector)||?: want many 0 within (I —I')
« optimal diagonal I with rank < d:

1

(=1}

{ d diagonal components 1

without | f gen.
other components 0 } = Wwithoutloss of ge l

o]

o

B4, TRRHESEEBE | RIATVE

E
[ \‘
d d

—GFITIFHEH r

XBENG/IMUIERUFERESR , FAITLUM L3 | U AR |
HHRERIRIATUA ¢



2 )

Em@xz
v =1

2

0 0 T
ll‘J Id-&]vln

wd = 18, VIchRas—Tol B0 , WS

N I 0
min}_ l 0 0 } i
=1
N
Max, Z 'vana:gv subject to =1
n=1

SINAHSEAHEFA , RANBIHO SZMHAD MNIZZFATHI , BERABKEREFR , B

t‘\

T, TEv = v

[M]=

S
|
—

HRIBEMAERORIR | RPEEHBEY , vit2EMXT XaHIaE , mMASEE
RIAOREE, BAERNESARE , ARKRVHEENX T X S AR HErI RS
fEME.

d > 18T, KESTEREL , BITE{v; };’;ﬁﬁ%@iﬂxaﬁd’ KA B R
fd MSTEE.

LA EDHT , BAWSEI TTHIVAIRMLAE. XHiRlinear autoencoderfI4miFISHES:

d = 1: only first row v7 of VT matters

T

maxy > v x,x]v subject to vv = 1

optimal v satisfies o, x,x/v = Av
A
optimal v: ‘topmost’ eigenvector of X' X
general d: {1&..5,-};3’=1 ‘topmost’ eigenvectorS of XX
—optimal {w;} = {v; with [y; = 1]} = top eigenvectors

E5—1RAY2 | linear autoencoderSPCAMESIIE+01EIl. BE—RAENZE , —
FRIEMT , PCASXIERIAEIEHI TR |, BUREEYE, XEN T EHESIHESR
&R, XAHEEATEREASWT :



Linear Autoencoder or

©letx=L> N  x,andletx, « x,— X
© calculate d top eigenvectors Wy, Wo, ..., W5 of X'X

© return feature transform ®(x) = W(x—x)

linear autoencoderSPCAtBEES , PCARETFHITZESITBEIN., —RREABAS |
BaEiERs (R4 ) EHRETEF |, MZRIEEIEARSHI S EZM AT |, migs
FEB/NEEF , TIPCAIERE T UHFIEHESH, linear autoencoderSPCAERAI LA
FTHUREESS , (BREPCAMENN T—L,

linear autoencoder:

maximize " (maginitude after projection)?
principal component analysis (PCA) from statistics:
maximize %" (variance after projection)

both useful for
though PCA more popular

AR FPCARHESER FEMUTNME | TR RTINS
8. MEXTFPCANERIRS | XEM E—R M ARSHIRSEASBIPCAREN
B PCARALFIRIE, ENEBNRRTIE—E.

st

Iov=H

ATREBRNE TREFS (deep learning ) FIEIFEE | B8R ET5RHRIMHEZMZS
HEER, BTFREFZINBHNEY , RIENCELLREMER. BF , FAITLMN
pre-trainingfregularizationfY 8 ERARRIXLEEME, BT . autoencodera] LUISEILL
RASERIIIAHANEE | #ERlpre-trainingBI3ER. /5 , denoising autoencoderi@id 5|
AATEERS | JIGEEIREINE , NRERSHIEEENERE  EEGET
4, #2Z T regularizationfI5R., &5 , Bl INMEB T linear autoencoderF M J LRI E
AT EHESIIFE. linear autoencoderSPCA+32:{EL , #8RT AR TEUREE48F0
BRI,

8B -
YEFHFENE RISREEESKEMITH (Tesx=IH0E) 17128


http://blog.codinglabs.org/articles/pca-tutorial.html

