Artificial Neural Network (ANN)

Saturday, December 29, 2018 15:43

For the glory of God
Inhoduoton

" You gy be Jonio itk the word * Decp Lepig” . TP nek, T wauld, enautage yau +o dake a look whet 7 & o auey
websrles # yow aie Shudsjing i Enginesting.

© Oer the post S yenks o So. dleep lewing fas Sky-vodketed, Mom mowy resarch groups.

~ Degp lenrning \esanichy how Yowkiely appens T eWewhere fMle as Sence, valure, ewfieering, and, <o Rrth.

© For exomple, yow may hesv about AlphaGo ve. Lee sedol, k-0 Google Degptinds Challenge Uatch

- T was a Me-gome majch behveew 18-tie wond Clompion. Lee and, Alphags progiam developed, by Goegle Daepriid
- The \esuH wns asloriching e word 5 +he deep lentiing preghom wow all bk the Searth, gqome.
+ Decp lenwing & ackually baced; on He Hhensy o [Arfilicial Aeskal Alctucrk
> ANN & Tsplied, by +he shuchure of +he human biaiiv and, conshucted, by omplex connections between hewrons
" So, 7 seoms Hat e o idow of daep lenring has been W ploce for derndos becmse AU was v qurte popula e
- However. 7 s worbh, loalking Hhiough, Hhe hishous) o veutal hets and; deap leawing o see how we got here

4 T & one of tersons why T dectded 4o sammatize & hand - wiiHen vote.

Hicdowy of Avilicial dlewel Alehwork
-~ Bele we diie i defails abook AU and; deep leaniing . let us Hoke o look wiTlestones i +he dolekpmert o AN ;
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Deep Neural Network

(Pretraining)
Multi-layered
ol SV |

XOR
Problem

Dark Age (Al Winter")

Electronic Brain

1950 1960 1970 1980 1990 2000 2010

1940

.a . #% m H‘"‘ p Aﬁ S p
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S, M:CM W, Pitts F. Rosenblatt B. Wldrow M. Hoff M. Minsky - S, Papert imelhart iton - R, Williams.
| % e|o @0 : o | =<
I » | - 2 | ===
——[_‘ - e e 0l : .
* Adjustabie Weights + Learmable Weights and Threshoid + XOR Problem rotlees + Limiaions of eaming oeorbnowedge © chical feature Loamin

+ Weights are not Learmed

* From now ow. we wil Stark out Jootrey 4o vist enck development phase. So- buckle up &

Newrons T +he biain
- T oeh, i ordet 4o understand, AN, the Pt Hing thek we hae +o understond, 7 how out brati, works .
23 Agan’m- His 7 becmse ANN & based ow-ﬂe-ueo:, af hewons in ouk bigin . ( praise Hhe Lowd !

. okﬂﬂ , lef us S‘lﬂéj hDW our LHN-W works 'um dend-ites
5 One reuow

Sx0n
Le:rminals

ot 5 Schewote of aHHcTal hewion

- As con be seew, W s & shaclne of human biaih with numerouss newtons .
- T knaww Hhek Hhe average bidin hos abowk 100 bliton Heurons
- The process & as Pollowing ;

1 Signals e veceiied fom dendidles. ( The signals are coming om olher Netous )

2) Nucleus makes a Summation Jor all inewing Sgnals.

3) T mokes a decieion F +he signal (2) i sent down Hhe axow -

2 The dectsion depends on +he sinal shenghh.
4) I} e <gna) & enough, axon reacks. eg. Signal = see the Car vim eyes , Yeackiow = Yecoghie Hhe ar Via, biaiw

S) This owlgomg Signal i Hhew ueed as another inpuk Jor other Neurons.

Aveal newron

- We have 4alked, about how hewrons iw, $he b, works.
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" We could actually winic wost & Hhie process by aning up wibh ;
- A Nunckon Hhat receives w Iieh of weigldled mpid Signats ands ot signall # +he sum of Hhese weighded. inpats

Yeocly as CeMaiw value
* Thes iden wos Mt ented, by S. MhcCulloch and, w- PRis v 1443

& B was He fiek monkind's mathemalizal wodel f a bological newron .
+ The wainy den T as Hoilows ;

Ty
W
.

oy WA\\/— \

; o B veton

£y \3\ /

9
/

Ty {ll 1}

- Thete ove. inpuls with Hhe weibls . ( The weraleds are acislable 5 however, s ed, one 7 s delerniined, )
- 9 Hokes +he mpuds and, perlims agqiegation wil Hhe wetglols .

-} wake o decision § T Hhe Summakion T giester Haw a dheshold value, 7 relums y =1

- This idlea, could be useds 45 @ linenr classiier-.

- Jor etompe, lebs sy Hhat we have boclean Tput which has Jou- pessitle ambimadins. (0,03, (0,1), (1,03, (1,1

Deciion boundoy (Lies clossifier )

o all peivks i Hhe geen,  oudpek = |

+ra=#=1

Ty - -

[ 1 —ye{0.1} o) {
@

i

all poiicks i Hhe blue : oudpdd = 0

O function

2
T+ r2 = E xi =1 (0.0

(1,0

5 Nete Hhat the weigehs are vot lenmed; badk adishable

Pereephon
- In 1958, Fiowk Rusenble propesed, * Percephon which is more generalized, compulalional mode) Hhaw +he

Arilicial newon where weigldks and, Hhiehobls cow be leaned, oter 4ive. (His poper Stunned, +he worid, )

- leb ue see hoaw A works.
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Bias

Inputs | Weights Net input Activation | 5 T i a diffaence with AMddal newon.
function function

(T can be oy, Sigmercd, andl PR INTRY

output

Schematic of Rosenblatt’s perceptron.

- Thee are puks with a s . ( Hare, plense nehe +hat & Single bios node & needed, per lager-)
4 why do we veed 4 ? Achally, bios. ate alwosk always hept. Hao cwe ?
- T allows 4o S the ackiation nckon 4o the lelf o viglet-
- This ackually belps Py Sucesshl lenwing.

- lek us Hink oboid o coce without 4 bivs 5 les say y = STymord (w -X)

Input Output
x

siglw,*x)
. Yo

- What F we want the neluwork 4o have aukpok 0 whew X=2 7
- Chonging e sheepress of the Seywoel, Ruckion Wit nek work .
- Chowging e weit excentradly chauges Hhe sheephess auly

" We miiglet wank 4o Skt He e +o Sotefly the conelrion

Input
X

w Output
D sighy "k +w 41.0)

-
-
@
Bias
1.0

- Trhalize +he werghs.
- Make & Summatiw of all wpds and, mFaliZed, werglds .
- ke the result as an impick o ackiiiation Ninckion.

& we mentioned, Hhat His & o dilfoene bohoeen Al newad ond, percephon.
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Then, what & +he S@anl'We G‘P the ackinkion Pnckion, ?
- 2P we do ok apply 7+, Hhen, e addpe Signal uioud, be  Sinple Iient Aweon

: T has less power+o leor complex funchonal mappings fom data, .

What are Activation functions and what are it uses
in a Neural Network Model?

Activation functions are really important for a Artificial Neural Network to
learn and make sense of something really complicated and Non-linear
complex functional mappings between the inputs and response variable.They
introduce non-linear properties to our Network.Their main purpose is to
convert a input signal of a node in a A-NN to an output signal. That output

signal now is used as a input in the next layer in the stack.

- Colauddle Hhe oubput and, compate 7 ik, +he leal oubpud- value
- 1P +he vesidual ( teal - predictel ) i lovger Hhan ¢ 5 omiergence (Herta,, lUpdide He weigleds .
- Repent He process Nkl 7 & conergedd. Wrod (1) = Wowed (7) + d s (4 - Poet )
5 where d = leaiing vade
# = Jargel Lalue
Dt = predition
Lok us Hake aw exdmple : wWe wowkto clossiy whether # i Cak or dog using wo dafasels.

4 The bosic Tdea i +o genetate & et Clossifier by updating wetgieds .

lebs sy Hhat Hs i il decicion baoreloay.

- AMer the percephon was \eleased; 4o Hhe word, Hhe golden age P ANN Sharded) kit ..
XOR problem

: UnQﬂde:,, He Ricephon's popularhy vapidhy danessed, as Mawin Minsky ands Seymour papert
published, Hhei paper . 1969
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-~ They pomted ot Hiak Jhe percephion % Sisk o liieat clossifier ond #'s nek able 4o classify
XOR pioblems , which was wmllem‘?m@ validated m +he poper-

L5 This Tvoked: Hhe dark age. nameluy AT wintet.

The XOR problem

eq X+ke = | odpd=) i e, s pessble 4o classify Jhom wﬂ%ouljonelrwearlme-

Mulkr-\ayer Perceptions
~ AMer Hhe AT wirer. Do, E. Rumelhart and, GeoMey E. Hivlon proposed au e ' Mubi-laser pereephons” iw 1ag¢
i otder 4o resslue +he XOR problem.
4> They hads ochally Shoun +hat 7 % copable o apprimaling an XOR cperet g el os wawy
other non-meat funckions by hoduciny Hhe Bilewg shucture-

/

O KON
O L'O~;_O
ol - oo

- As aw be ew, o MLP Ts composal of mote Hhaw one percephon.
- They ave composed of &) Tnpudk layer 4o receile e sGnat
b) Oubput lager +hek makes o decision
¢y Hildew loyer Hhat & +he e mputetionel engive o Hhe ULP

- Wik Hhe ULP. Jhe XOR Problem was tesolied, by Iike diawing muttiple deciiow boundaves 5
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©

"\ Hwo Iest- classifiers

|:| True
() False

- Thew, how does 7 work > The poass T aalled as Forward, Propagetion.

; whare Bias ik

4 I*Jevadsmapwbm(MmmvdhaMowﬂemJel)

Tnput lasfer Hidden layer

C\s7) (a™)
Hee,

¢

)

2) ) I o 0
H = g ( leo + 0n)k + 9|1)(;+ elska)

5 whee T H.—m = ockuakion & i T w lafer
0 = U vF vue@l*s omholll'\rj -Rmclm' Wapping
Pom lager 5 4o lager 541

2) ) | \ v
H; = 9( 020 ¥ + 92.)6 + 9(;-;)(;* e(aa)(s)
o @ o™ o 13}
Hy = 9 (B2 Mo + 0300 + 0322 + O3 ¥s)
Hence ,

he 0O = §(0r e + BuTHT + 070 4 B H)

5 wheve g con be Sigmotd, Doclion, ( = Logichic an), qx) =

iy
l+eeu

Gaussan, Nndlion . goo = e™*

ax
TanH Nunclion = Scoled, versiow »fi the sgmord Quckiow . guo) = e !

e+
“ Now, leb's look o Hhe procece .

0 /QMJamb ralize weglds

- Indlize eoch O 4o a tandom vale @ [-€, €7

- Nele +hat the mTHialization cant be Zewo Veckr Mo hewall nefwork leamse hiddon wirks beome idenfial W Feio wirtialmzadion .
® Implement Rwards propagation 4o get ho ) Ror ary x ™

- lebs take 0. look a diagiem . o Hid wet be able 4o Pgare ook haw F works

NI NN
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A ©
O ®‘

@ ®“

Hee,
(3) (3 (3)
ko (0) = a® = 9(bo ! + 01t + 012 0.®)

H\/Poueﬂs MM - @) () @ ()
an = j(glo A+ B A+ O @a )

|

4 = g (0”1 400" + 6.76)
In ding ¢o, \eal +hak 5
e Know +he weiglds via mralization (0 mahi)
- we know the mpid valies (X ond )
- Then, we con colodide hotx) — Thoade the poess wih dfed hanng ceb (X)
® Compde +he cost Nuckion, T (0
- We cun wensive Hhe aauiasy of our hypothesis Nuckion by ustig a cosk Awoton .
- I gereal. <=)Sﬁumea|:€uc¥-amdl'ow
T) - ;'; é(ﬁa‘;—yf)l 5 which weous diffience belween the predictec) Value and, the achud alue
§r = the pedicked vatue computed Pom orvard propagation
yr = the achial vaine givew dom output

Backpropagation, algorrthm
s we disussed, albowk fordy propogalion, 7 scemed, +hak 7 vesolues the problem by Teducing AlLP.
+ Houeter, 7 also had, +he problem +hat s renlly hard, +o eskimade wegds andy bias when +he ULP becomes amplex

- Evenhually, we wigioh want 4o Solve non-fest omplex. poblems .

- The mote amplex, +he more hiddew layers and, parameters.

- T Humned ok thak 7S Yeally challenging +o adhiese Hhe Goal +hat estindes wewds and, bias 5 Such Hat

we mglok be able +o Fgue ook Hhe velaionshp behucen Mpe- and, adpd Snas.

- Agaw v 1996, +hey ( Rumelhart, Hivtow, and, Wiliams ) proposed, the Tden, *Backpropagakion* +o Solie Hits poblem
- Then, haw does 7 wokk ? let us Hake a Simple example

4> lebs Sk with the diagiam as belbow . (ossume Yot leoivg yate = 1)
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- Fiieh o all, lebs say we've dove Hhe foword plopngetion. Supprse that we delive aw eHor with ASE.

2

= g _
3= z(a®-y)

; ole Hhat we vsed, WirtiTded weigud paranelers .
L=z (@&¥-y)

- Second, we want o updade he weigld prlamelels sing Backpropogakion Such Hhak the evor & wiriwized

d Jaott _
Wy, ned = Wy, paiens "*—aﬁ)_—' 5 where & = lesning wde

J

- As & pok o eample, lebs update wn.

() t‘l J\

Wi new = Wi od - —J_WF’ 5 Nee et o & assumed do bee%wl.%l»
- As can be seen, T lels IThe thak we vieed, 4o colaudade the deriative .

)
thh' = Jm X "3 hd - WQ 21(3) = Wy aiu)"' b
Jw, 2@ Jwy® “~ o} ey JINTE TR

(a®-y)) « [ BE=E)] « a®

n

(alrs)_y') X (M”» (,_a‘m)) X a,®

S 3) M )
1

[}

> whee §,@ = (4P-y)) (a® (1-a))

- Hence, by venwauging Hhe Eguation.
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W, e = Wi ol - §Pa® ;5 whee §P = a® -y (Ths an ewor, noon)

~ weW be able 4o update the wi®
- Iv o Shilar woy, we have ;

Wa® pew = Wa® od - §50.@

W‘\(a).new = W;u“’.oli _ &L(g)a‘(;n

W, new = W old - £,

* How aboadk W, @ Wnﬂ Dow hToUel"'oWlager?

0) O] d Tokal
Wu‘,mw = W od - m}
M dE®
= wum,oldl - (im_d'_‘ X L X _,_l_m)
Ja® J2,® JWn
Y
33 d4Ja o Ja® . T2 92,3

do® ¥ @ 42® Ja® 42, Ja®

S‘(Z) W"ﬂ) + SI(D Wm(-"-)

+

= W old - ( 5@ w® SR W.-u(a)) x W® (-0) % a® I

= an, od - &(A)atm 5 wheve &(l) = (&G,Wu(n + Sz.(;) W.-u(”) X a“” (I-&w)

- Based, ow +he example, tet us genenalrze +he Bockpropogabion Cguakion.

- lebs say we deliie on ehor will MSE-

(yr -97);

m
u

v|—

@Ma

- Lebs sy we wouk 4o upldle weiid pomeles v wiiwzing the esor Juuckon.

Wrew = Wod - AWg 5 whee AWyg = -dT"w%

- In ovder o updade #, we shawd aluldde Hhe deHuatiie. Lebs use chai vule.

JE JE iy_j_d_)lj_ F] whae

JWks &5 d g

HE
(]
\;:<>

- el defie the ena- fam.

&= - Jf &5 5 where il =95 0-55) & the adivedon Nuckw i Sigmaotd.
s 5 My

- Foolly, we e s o= = &% 5 vole ek & w bo difoad @ se o otk lager o ik laer
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- Foally, W use 5 g = &9 5 oo Hak G5 bo dflaad e o clp-lr o ikl g

- BockpopagatTon wouid, be dove by updating Wity all weig patawielers . (T waud, be gt 7 we peilom ghadient cleckiig )
- Fountd, propogation wouid: be Thplemented, with the new prramelels 5 ond, \epark Hhe ploeess unkl £ = o

Bockpapgefion vs. Aumerscal €stimadion

Decp Lenrwimg

© The more ploblems become amplex. Hhe more hiddew lasgers and, parameles.

 People wighd Himk +Hhat oe hidden lajers solve +he complex poblem as ey experenced, the power of ULP.

45 Resmidhers Slorted, +o call the Shuelire as Deep vewal nehwoks o Deep leowing .
e.g. Mowe +haw Hwo -hicklew lajers <> Deep lenuing
- Uniike Hheil- expectations . +he petfarmance o deep leaing was not as geods as ey expected, beamse o ;
- Vanishing ghadient problem

- Oller’lﬁ#vnj problem

- Gpoefiond. cosks problem Jor delatts, pleose foke a, look. SUM hand -tifHeiw note by me.
T
© Jor hese pioblems, AUN method, gave Hhe mosk popularuy +o another methods uck ae SUA i 1996

 However, he Deep leanting 7 Qutienty faking +he Sezk bnck by Solving all +he problems +hal- we menkoned
© From now ow, we ave goig -+ walk thiagh how they ocually Solie He problems
a) Compdefional aosks problem
" Due +o the heary compuakion with o burdly of potameters, 7 wigd be 4 +hat Hey coublnt handle 7.
L5 Thig wos one of teosons why +he fhuey Hen % et able +o be mote populat

+ As compuler & SUpgly developed, . Hhe ploblem was nalurally Solvedh . Tn addition people Sharded) ogatie +o ik about 7-

10000 < Stgle Processor cladk vade >
Intsl Pentiumd Xson Intel Nehalem Xeon
Meopsure 0P howmavj 3200 MHz In 2008 2330 MHZ In 2010
Clock cycles CPL cow Intel Pentium Il 4 \__/) Aeh‘a/ﬁ ’ ‘H‘e m'&'m@ OﬂlJJ 90 A"‘”‘a’
1000 MHz In 20 I.-"
1000 4/ WW&Q"JI S ‘A 222202 =
Digital Alpha 211644 =
/ 500MHzin 1056 A However, Hhere wos an Tssue, aka
g Digital Alpha 21064 f 5
= 150 MHz in 1992 a
E U e meeemeeemmenm e menem oo r.sj ...........................................................
5 MIPS M2oo0
& 25 MHzin 1989 Unable 4o ATSSTP}Q Jhe haot Pmlum‘/ b
40%year
/e
=i Sun-4 SPARC — i
Ti — _ ..... - i‘é:?u'ﬁﬁi'iﬁ_gﬁ ..... | C"a“.,,
D‘I‘ﬂimiﬂw
5 MHzin 1078 -
Hig renson, parallel has
; L Ja . pa compd-mg
1 T T T T T T T T T T T T T T T T
1978 1980 1982 1984 1986 1988 1990 1592 1994 1996 1995 2000 2002 2004 2006 2008 2010 2012 been hoduced .

b) OIBI'I}THTWS problem
+ As the number o hidden lager iaenses i, deep leoing S 1) Th wighet be albde +o wodel s complex non-fiest Guakon.

a3 AL the some dine. 7 wialdh comflont ovetiiiia pioblem .
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+ As the number o hidden lager iaenses i deep leoting S 1) Th wight be alde +o wodel s complex non-fiest Guakion.
2y A 4he some fie, # wight conflont overl¥iiig picbiem-

- Then, what . otereHng ?

- In mackive leoting . oueHHing velers 4o a, mode! Hu imodels e aiving data, +oo well.

- Th happens whew 4 mode) less +oo much delats i Hhe Haiing daka.

- Tk negahiiely ipacks Hhe petfamance of the mode on Hew dafa.

* For example.
1P we hate @ new dadas poid o e locakiow
w) overHing iin ‘eglesston
S the exkination Wil be -
Degree 1 Degree 4 ,\ Degree 15
— Model — Model I — Model
. True function . True function True function
!-h s*s Samples s*s Samples s*s Samples

< under - g > < Jost vight > < ouerlating >

by ovetfHing i clossibabion

4 DG - Yes, we've done well 4o class
X OV — T&
;x Q) QO ”
Iy XWX Hhi Conly) example.
P s x,/ \,x X
23 S Y
Under-fitting Appropriate-fitting Over-fitting s had 4o Sy Hoat Hie & @
(too simple to {forcefitting - too Wﬁ%&ﬁm model
explain the good to be true)

variance)

* lekus Joke a Simple @omple %o%%u@&ni%iﬁm@m%ﬁ#@w&m&lﬁg.

- lebs sy Hak we are gowmg 4o Haim “EP yow have ciicle - vounded slupes. s a bul* 4o 4 machie.

~

3 Yop!

[ P=is 3

- The madhine miglek answer cohechy usih Hhese Hems.
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itis a ball itis a ball it is a ball
oy - N\
\ 'y

- Howewer, +he machive mgl&sg-wr#nseme alo a ball.

- We Riow Hhat the adiine e wiong i terms of +he opple ands Hhe eorth.

itis a ball
itis a ball

- T s cose, we wousd Say that- Hhe made! i Haiied; foo s, Hamely undler- Piing .
 Lebs Say Hhak we hed, Hhe machte aguin with & muiple Nerdes +o ovrame under-Feting piokiem.
- T+ wigd work wet) withs hawing dadasels.
- However, 7 nigh mischoesiy with Some et dakasels because 7 wos Hamed, 4oo uaviance, namelsy ovetl:iig.

o B
Y ’--'. \ these are not balls

these areallballs | ~
‘ fj [ 8
v

). The machine wos manect wr+ ot balls.

- So. whew we ave doing Modie lesng , 7 TS mporant o \eayize e effecls P bias and; UarTane as below 3

High bias

Variance

Error

Model Complexity

- Thew. Mwmww%mm\, problem ’
- To begin wih, i vot [Tkely 4o have tider - PrHing problem unless yow ave not aw expert i aclie lebrivg.
- However, +he oueHHng problem i always eveuihere i madve learning avew, which, weans we have +o Yesolie -

A Pow methods have been proposed, +o Solve +he aterlHing pioblem.

(DDﬂ'wwmewHﬁm
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- We can achually uce more g dades Suck Hk e pessTiTey +o latie overliHivg 7 the mede) oy reduce.
@ Dwpodk (2012)
- This Ts & Smple buck pousfl welthod, 4o prevent oveleiting i daep leoing .
- Then, whot 7s #?
 Dicpaut 1ers 4o ignoring uwils (e Heuons) durivg Hhe Haliing phose op CoHoTw ek of newons which 7 chosen. af- tandom.

we do wot exclude +he_namow Heeld ;
howeter, we Sob Hhe ualte Equal 4o Zeio whew uunid, popogafion

(a) Standard Neural Net (b) After applving dropout.,

(Funlly - comecked.)

- Thlooks really Sinple - works well . ( The Yeam fom Quadw ackuatly dencrshaled, 7 Pom Hhen- popess )
L5 pell, hawan:-l-hTsPassTLlebew Good> e, ?
 The losic Tew T 4o fass o Pew Parhues as less as pessibie.

g We dow heed so Wy experds o Jidge someliig !

- has an ear x I
* hasatail . - ]‘ Without dropout
* s furry X - cat A
\ - score

* has claws -
- mischievous X

look l

We gk not needs 7 4o classHy o ook The ofter . may be enotgfy w0

® Regulayization
- As we draussed:, \egulariZation & one of Jechiiges +o pielent 4, model Dom cueriHing
- The ol dew 76 * Let uS ot haiie oo by Numbers i, the weigld

- lek us ik about +he cast Punckion, as belows 5
Cost Pnekion (T) Mjn% (yr - w'gom)”
- Hoe, we oy want +o i, weigkd priametas i, whih the cxstPnelon & wimiwirzed

- T dowg S0, Some of weGht palamelers o have Ue laige nunbess , which, VeSS T olerliHing

4 Veuy Steep fives -
- To auodh e pioblem. we also may wanl -+ WivTwFze Hhe weiglds 4 less as possible-
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- 3+ quid be dove by hodicing ohe odditonat Jam i Hhe Gquatin.
= mr,,% (Y - wTgoe) + Anwil, 5 whee A i lambda

- The Guation wemms +het we ave Hujig 4o wikinzze cosk-Ruckion, as well 65 Wegkd potaweles.
(T the meantime, we wil 4 4o estmate values R welieh, +hough )
- Tndoms @ )\, nofe +thd § A= oo low, 7 doesrt do anglling.
A= oo ligh, 7 awses us+o pndetlt. e.g9. A A, o wiliize T, 0¥
- Thaehve, W haie 4o Choese +he Ualie A proferdy
¢ Uowiching gradient pioblem
"+ As Hhe tumber of hickden, lager inclenses. thae wos anoHher Esue i decp lenwiig Sodly, tamels (B glodint problem
- Then, whek is & ?
- We way be able +o veaull fhat we used, gadient - based, optiii i Bockpropagediow of AN
- The variehtng Qdient problem oczus whew we-hay +o Haiiv & odel Wiy Backpopagefow algorithm -
- Gerarally. oddding move: idden loers Hends +o wake Hhe nehuork be able to wode! 4 Cptex arteheny Nuckon.
- Whew we kaep ow adding mee ands e Wildew lofes, 7 Hhe wodel, He gladiorks calculeled, Rom Backpiepagalion
algoithn dends o gel- Smallet and, Snuller as we Keep on. Mot back o he trodel

- Ths vesults m he guadients ave ok quite \eached, o @nMier layers . Euon 7 % veached, 7 wight be wiong hmat.

Doep Neural Network

anishing preEE——

+ Becuge P His problem, Deep lening met Hhe Seond; AT winter.

T owdet 4o resove he problem. @ fow mebeds had beew proposed by AT esanchess, especald by prop. Hirhon i 2006
- Prehoining (RBU) 5 +he pip. mentored, thet we wrialized Hhe wegld T 4 Shupil way.
- Relus ackiudion Punchion 5 he pup. wentoved, Hhak- we yed wiong 4ype of non-fiensly.

- Reouied Aewal Jehook (RAN) -> Varehig giadent poblem -> Long Shert - Term Memowy nehwork

4) Ackuakion Punction

" We way be wondetig ;
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- Why do we have so womy ackiakon, fumckions *

- How do we Know whick one +o use ?

- Why s that ove works boller Hhan +he ofter ?
- To owguer Hhe guestions . 7 would be gleat+o walk Hhiough he ackiation fuckons.
- Bele we dte firko +hem. le us vea e purpose o ackiakow Muokion.

- Fick o ail. @ wos iwhodueed o desciibe non-lihendyy behween Tipeks ands adkpd i, 4 el nehuntk Wodel

- Thes was ochually move Sitar+o \eal biaity +han orginal atifial newon wethodoiogy

© one 7 geks ol awimg Sgmis, 7 makes a dedkow & 7 % acifiated o no}.

O Step Punclow
+ The Pick Hing Hhat comes o our wimds & how abosk o Heshold based ackuation, Pumction .

€9 IP the value ® y i aboue a e talue, declave 7 ackuated

T woulds work well & we ave only expecled; o classy edher 0 o |-
* However, T we womt Someing firetmedike ackoton valnes , = wi viok work
@ Linenr Aunchion
- THE T o Shaigle tine Pumckon wheve ackiation 7 propotional 4o Tpuk-
© TWis way, 7 glies & tange of ackiakions ; so. s ok binawy ackuakion duymere

* Howeter, we may have +o notice -tk # has a cnstant gradrent-
A=cw — Guodenl = C

* When we ik abouk fhe qhadient bosed, method, i hatiig - 7 wold: be @05y o veariZe Hhak i Tt good
® Symord, Lunchion
- In general , ik Punchion Ts one of Hhe wosk widehy userh aetiiaton Punckious Joday beaauce ;
- T+ T vonlimenr T nature (Readl +he purpose of ackuadiow Puckow )
- T 7% not binawy octation
- The oubpt o adkuakiow Auckion & alags gong +o be iiv lange Co.1).

- 2+ hos & Smooth Gradient.
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1
p(z) = W

* Howeter, there & a problem of voniding qrodient-
- Towords erther end of Hhe Tword Junchon , Hhe Y values tend, +o vespond: ey less 4o hage i X
- It means e quadient ot He region s going +o be small.
- T+ camot make Synant change i Bockepagation, 5 hence , +he nehuork Vefuces 4o lenvw Aurdher i deep veural wekoork

@ TanH Huckion

+ In fock, e 7 o soled, siymoid, Pumchion, .

* Therehove, s has chaoclertsiics stwilar 4o simoid, Munckon +hat we disarssed

- One poink 4o mentkion, i Hhat Hhe qiadient o JawH 7 Shonger than Sgwodd.-

- Howeer, T alco has Hhe vanidhing gradient poblem

Zero Centered Diminishing Gradient Zone

1.00

0.50

f(x) = tanh(x) = —2— —1 0.00

l4e 2

-0.50

-1.00

Active Gradient Zone
® Rell ( Redided, LTvenr L) fanchion
 Boctally . Hie chon wos iirhoduced 4o sheok VaHTEhing giadiont problem

- 3} gives aw oudpd 3 B X 76 posiiie and 0 ohenwize.

RelU

it

R(z)=maz(0, z)

g

C B vonimen i nedue .

- T} yesolves +he Vanrshfng 9 fen! wabm Nole M% ae e(Poneil*Tal-b&eL -nmd%ws
¢

© BT less compulationelfy expensiie Hhaw ohet SGmedl funckions . (Espeialby good P Deep leotitg )
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- However, o also has @ few drawbode.
- Therange is Co.infa which weans 7+ can blow up +he ackation .
- Beomse P the hoizonlal e (Negdive X). Ghadients wil be Zeto.
> This Can cause Several hawons +o Just die and) wot Yespond, o the nebwork.
(I s colled os * Dying ReLll problem™) > This & sometmes helphul +o \educe the ampuledonal as}.

of. Lesky ReLis solved +he dyiig Rertt proclem . ( pramehiic Rel) os well )

Leaky Relt: v—tr.0fs

© Sunmay

-~ So. Whid ockiuakion uckon shutd, we pick ?

© Well, ™ depends on your picklem .

- Tw general, & Sgword Punckion works wetl v o clossifer-

* Relb works wiost o the Hime 05 @ general apploxiinator-.

© We aow ochually use our olow Cuslom Nuckons i necessasy

e) Pehaiing with Reshicled Rotzmann Mackine (REA)

* T Te well known Hhat e haie 4o Mitalize the wergld paramelers i AT Netal Nlehoork Shuslure
* People might hove iilalized, them Yondomby

- Profcsor Hindow poted; ok Hat we have irtalred +he weight paiamelers i a Shupid, woy .

& He believed +hak s couses +he poblem i Decp neural nehuork . Henae, 7 wiigek Ju iiv Uaiching glodent poblem .

S0, he popied the wethed;, called as RBAM, R Prehaiing e weigd poameletc .

- How wos 7 pecsible 7 what wos Hhe maw Tolew ?

- We typially solie the shucture shaow v beluo i AN .
Ipd — wegd — oulpd <Newal nehuore Syclem> 5 Weight 7 ouly- cnknowny
- Tn hie Wew. we may vieed +o Hik in oppestle o estimde the wergloh poiamelers

Tt < wegut <— hiddew vae - > Oulpud < Deep beled nehunrk >
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- Hee. we know Hhd s apossible +o piedich weigld- and, hdew Ualue of- Hhe same Hine -

- Tn oider o oie Hew Simublanesusly, he Suggested, *Reshicted, Bolkzmam wackve . The woih en, % os folous ;

2 n
X €— )w., l<— hy
1) Tndalize ho
&)
" h
B _ Y 2 T W o wawivie (Pedided - X, ) Using gladiont deceet melhod,
X2 w by 3 Eshimade hi Usig X, veal Tpek and Wi weigle fPrmation
§ hooW Repent +he pross undil we gek opfmized; w andh b
2 w
o S) Feeze the me@l&&-?wwu%w%use#kynehwk#ﬁwﬁ@ iw e fwo layers
L]
L]

* Aote that e veed; fo vepeat Hits whow we ke new legers. Iike slep by siep.

Long Short T Memony (LSTUY hetuork
-+ As we discussed,. wony \ecanchete hocl Hied, 4o Wiz humaw biatw by usig @ onept o AHFE) newal vehuork
+ Howeer, humons don't ot Aheit- Hivking Nom Saakch, eley sewel . Ther Hhaghts. haie peridence
&> Uniivhunalely . he Haditonal hewral nehwork coutdnd witic i Sequenkal +ype.
- Tn Yhe hodtional rehuork, we assume Hhet all inpuds and, aukpuds are deperdad o ench ofher.

- Tw Vo), Some op facks are achully Sequadtial . e-9. Stock, weadher, languoge, movie, -
- For exampie. whak @ yow wonk +o pedich Hhe ved word i, & serlane youw know beller which words e belle 7.

- ek Newwal Jekinsle CRUN) achially did, adhess Hie esue.

L5 what e Hits 7 How does T look Iike ? lek us Holk abouk # belve LsTUl bearuce LT % o hype of RUN.

- Bosally, AN hos nehoorks. with loops T Hhem alluig TilbrmatTon. 4o persist.

®

(x)

Recurrent Neural Network Feed-Forward Neural Network

~ So, we gee Hhe vew loops +hat we couddntt see i Haditonal hewal nehwork
- Then, whet % +he Signficance o +he leop ?
 Achually, T allaws Hhe vehuork o be relaled, +o seguences

A RN Caw be Hhougld o as mutiple aopies of +he Same Wetwork , eodk pueig @) Message 4o a Successor-
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® 99 o
A} A A —[A]
T

- As aom be seew, Hhis haliv-Iike valure relealed, Hhak RUN & able 4o hndle o seguential detes.

- Tn fook, there hod, been noedible Suess appluing RAs +o 4 Uavielsy o problens, Sich a5 language medelig

(T the meswtie, CAN didh aw amaZig Job o image Yemgniiow Shulls )

-~ Tw oddow, & RVN aow haie o, Uarely of Shuckne fypes Tor Hhai putpose ;

one to one one to many many to one many to many many to many

0 OO0 J 08 BOR-
] Dﬂﬂ Dﬂﬂ [ﬂﬂﬂﬂ Dﬂ [} Frergrete
10 i[ili UU[I 1oi--

eg. stwcm-uv-hahsldof
- So. Th looks, pebhy - T 77

+ Unkanately , houlever, & RUN hos also he problem ke as Vandhig gladint- probiem .

- Yes. RU works well iF +he gap behween plevious mdnakiow and the pesent work T smail .

- Howelier, as +he gap glows, RNNs become unable 4o leotn 4o coment the mimakion
- T theny, several vesenrchers found Hhak RN ove ot capable of handiing cuchs long—tetm depondencics

. X X ReReNoRo

Tn Backpropugadion,
Hidden

Layer WHD—-@HD—-@) we sk use (x) muiply .

~ @ O O O O O O

Time 1 2 3

* Tn ovder 4o chook His poblem. Nrally, +he LSTU was iwhoduced -

* oo, +he LSTH 7s a special Kind of AUN which T capable of hawdiing long—term dependencies
4> Ths achually now wideby used, beamee 7 works Hemendoushy well.

- For eomple, the uanEhing gladiadt pieblem wentisned, aboe wos Yesolied by LSTA Shuckue o< bolow ;
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~000e080

Tv Bocprepogation,
Hdden . .__,}.V._F._ﬁ.,lo we use &) addition
gg T ! iclend, of X Mubpladion
~ @ O O O O OO
Time 1 2 3 a

- $0, how was 7 pessible ? how does LSTU Shudlute ook ITke 2
* Bosiaally, LsTM nelworks also have +he cham-Ike Shucure as RiNs do-
& Howeter, 7] +he \eperting module has o differet Shuclure.

 Tnshend, of having & Sgle newal nehuork layer, Hheie ave L, ileracking w 4 Ve cpaial usy.

S P
e W 3
{ A [T || A J
@ @ é) <RNN>
@ Pt sk §) ©
| ?) t
l A | $ ~ A L
\ 1
© ® [ © mm
Four Aleutal etk
Layers

Le} us see i block i olelom-
* The LSTH does have 4he abirly 4o Yemoue o add Tilbmakion, , whick i oneldly equleled, by +he. gales.
 Hete. Hhe gates ave & way +o optonally fek ibrnetion Hougls.
They ave composed, ok of @ Sigmord, neural vek- loyer and, o, pordwise muHipaatow cperation..
- Sinee +he SGwotd, layer audpcts ave behween, 0 and) |
- T+ descirhes how much o each componet shuid be lek Hhicugh.
- O wems leb nothing Haugh
=) means et evesgihiing Hhiough
* Thus, Hhe LSTI nebwork has +hiee ypes of Hhese gales ( Inpu oulipch, and, Jorgeh ) 4o piokect and, cowhol Hhe @i shete.
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< Mewowy block op LSTA nehwork >

* Beuee of Hhe chaadetel. Hhe LSTH nehusk b beon, kel used 4o handle ceientsl dek..

 The kes} oxample i +o pedich wenther. le} me abac one of mey paper \esutls, NASA MERRA-2 wenlhet predichion using LSTH.

August 2018

307 —— MERRA-2 dataset
—— Training dataset
—— Validation dataset

20

10 1

Eastwind (m/s)

~10

] 100 200 300 400 500 600 700
Time (hrs)
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