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CLASSIFLeAT ON

WMVCHLCLASS (LASITFLAATION

CONELWION wATRIX:

o Aot & Linary clursitier wl MNST for example
itoyoun unitty a wam. as ot 6 then you
have d0fo acuracy. hie it 5k ewed.

o petter b gyatuate casitier thvough
U o fuinon waninx,

| o count ot dimes (lass A war clarsified as
duss B,

o To knew 1he number of fimer g clasnfier o
Lonhuod ¢ with 3' ook at e 5% yow £
%“! wlumn.

o yows = Actual class , column = Pveau‘cted cluss

PRECUIONL RECALL
o {rudion ot velevant inslunces ameng the Vedrieved
ingtances (precition) and vecall if 4he fraction of
felevant instances that were telrieved.
o EX. W vave o program to identily dogs. 10 cats
.l 1 dogs. Program identifies €'ght dogs . 0f {he
8 ¢ identitiod onty 5 ave actually dogs (1P). Program
Ba preciion i 5/¢ and recall i 5/12.
==o preciion tells us how setevant va lid results arve
E; whibe recall tells ui how complete.
o {cteating precision reduces tecall- Cprecision / re call
tradeott)

HE RoC (MRVE
. veceiVer operating (naracteriific (KOC) curve i
similar to precirion [vecull (urve.
o ROC plofs frue poritive rate gqainst dhe talie
positive rale (FPR)
o FPR: ratio of nequdive inftahces that are incotledly
clutsilied af positive.
. TNR._{rae pegadive vate v pegative inilancés
corredly clussified ar neqative-
o one way fo compave dussiliers i fo medswie dhe ared
und er e (urve (ANG).
° pef(ed dagifier wil\ hae a KOC ANC = 4
wheteds o purely random (\arsiftec will have
an Roc ARC = 0.5

-

o Logitic teqreiion and SV ave firiclly

o _0N€ - yoysus- ne-yert (OVK) * get the

S@Y , RF pandl€ maliass nalively

bmury

dednon score from each clasnfrer

for tne imaqe and you felect classifrer
that yauts out mqerl fcore

one- yeyui- one (0v0): a binary clusnfi

for every pair of digits.

AT

[in ear logishic
LoalsTIC KEGKESSLON
o commonly uie cvoss enlrogy 10sS.
¢« qradient dejcent it gn optimitation algorithm
for ileratively updating the weignis b
minimiie 4he (o funchion
REMULARIZATION
@ {0 avaid Overtiliing (we W€ a
requlayitaivon ter added b fhe
ob)eclive funiction
* R(6) pendlites large weights. A retting of dhe
# weigs that madcher fne training daia p erfeclly
bt ures many waqwis with wiqh yaluer will
be penalited wiote than o feting that malches
e dada atitle ters well, but wl small weghets. =
o 17 vequutitation it o gquadvaric fundion g
of the weignt values, (v wies the fquare ot
the L2 norm of the weigit values ( Enclideun
Dirlunce) :
o[ A veqularitation & tinear funchion o
fhe weight values. (t takes the sum of th
abjolute yaluer of e weighats, or Mank
Diftun €. '
X 11 equiav ization 0 culted_(apo R
and (2 vequidrizalion s (ulled Ridge
e

(91}




ENSEWMBLE LEARNING € RANDOW FOKESTS (LAPTER F) 13
. A group of predictors s called un gniemble | and Hunr we have BOOSTING

gniemble Learnimg. An enjebl e Leanaitg algoritaw o culled gw » baojting refers W oany

Cyigwible }m& eniemble yigthed thak can
y oLk (LASSLFLERS (omibine feyeral weak [garner!

. 4 vimple way o (redte a quuf cluritfiec (s to agqrequte the indo a ffrong learner

Pr““'(hcn‘ Ot edlh (IU”I([‘Q( LUU‘ 'I”Lh’(f the the clun Ihd' q?“ » qen“a[ [d”ﬁ i to frm A P”duhu

the wost votes. WWie majority - vete aarritver vy catied o fequentidlly  edch trying 1o

pavd - yotjng clufithied orfect ity yredecesfor.
the voting clutiifler gften achiever a wighel accur ey i fhe ADABoeIT

Lot clugirfier in the eniembl € cadapoost (adap tive Laomnq)

Loven if edth clusitfier vy w wed [eamer( des glightly petrer than torrects ik predecesgec by
random quS\in),\he miemble an be o Lirong ledrnéC given paying & bit mite giienhon b
that thete afe ¢nough Wedk Leavnevs and they ave divene enough. the traning (nyfunces that fne

gniemble methodi work bert when the yredictors gle af (ndependent predocesof wider Fitred,
. Anic raulk (n sew pledicorf

bo (sing more und mue i wre

{vrom ohe anofher at polible.
. Jott yoling - if all AafiifieY qve ablé to erttmare (lall yrepabaivibiel
and y o yredtct the clarg with tae igh#0E g Mebakitity  avevaqed sver  lurd (dfes.
UKADIENT Booit iNL

all pdividual dusiikren.

BhlllNn & PA STING v qrudiont Woorting A0 wovks
" uH(ltj {he famé training mqmwm fol every Pyedutor and by fequentially addin9 fledrchgi

difterent vandovn fubfet of the training ret. fo an ulemble.
. However, inrread of fwedking
ing infrunce weighis at every
iterafvon (1B drtes ko kit 1he
new predienr b the yetidual

tYaining them an

. When funpling if performed_with YeplaCe mertt  thn metwed 1§
Vaqqind (oot gtrap agqrequting). yse

o When gampiing (¢ pev feomed without veptacement, b methid i

o vandow [orest aigoeidmd (niroduces ex tra rand emvess
When griwing trees.

uNN{ |;am'ng
. Both Lagqing and pdsting allow fruining injtances to be sampled grracs mad g by the previous
several Himer  across wattiple predictort, bud only bagqing allows predichor.
ﬂ Huiniig injtunces 1o e guwmpled severar time for the yumé STAKING (ITAMED (ENENALITATION
predictor. . (niredd of w(ing trivial hunthion
E s gnce all ot the predichon are frained, the enfembie cun like hard voring fo aqqreqare
wdke u prediction for g new faftunce by simpty agqreqating the Puduh‘om of ull pumtm 'k oan
ﬁ ihe predictions of all mdiclors. (iiemble, prain o modél y €r form
RANDOWA FOKESTS it wguregdbion.
== . o random fovest 1iun evremule of pecifion treer,
generdlly trained tvough the hugqing method. J
—
_-_-i;

vinftead of fearching tof dhe Lert fealure when
gplitting a nede, il reavh e for dne best beature aneny
W ravdom mbfet of feqtures.




| 6 (UPPORT VECIOR WAMINE (fV)

fak of an VW (laui FeT ag FitHing the

o we Wie verdel functions fo feperaie pon-linear

rh Yegions. /@’und\fdﬂcl programming tv avoid lecy|
miniyma. ;

s Ul d190° gy murimite the sireet width
el mut be ot b by reducing H ob viontew welghk rv juska few,
hard fnat cotrerpond o ivmportant featurel that
matter to the §gparating hypecplane. There
how tero welghtl ave the Cuppoct veclors,

widert potiible giveet between INE cluties.

i catled \avae Mmavgin clargibicuboM.
SOEL WARMIN (LATSIFICATION

(b we thicty imypore dhat all Wik
We skceet and on We vigut 1ide, thi (1 culled
pargia laiii biahon .

. hard mdrgin clan ficahon gnly work( (€ the data rf
Wnearly feperable anel T8 gengitive to oudlien.

. to avord twes rfiuel, we ule a moré {lexivle wiadél
We want fo limit mavgin vigrations (cwitunces that
end up in the wmidd1e o f the fireed or gn ihe wrong

side) 1his 1€ fobt margin qasilicabon.

poLy Noyn1AL KEXKNEL

. not all datafets ave Vinealy eperavle, 50 g handleng
n be wade yossivie by adding meve featuver

s youing & supyort Vector moverthe
decifton youndavy , but moving the other
vedors wui no e flet.

» torm of equution delining hyperplané:

WTX1b =0 where w1

A weaigut vedtor, x (I an (nput Vector

and b (5 the bius.

Wilxi1bz0 fordi- t1

. wie the emel trick ro get therame result arif you Wixtb €0 fordi= -1

added wany polynoml'”' beatures . without actudlly o the optimal hyyperplané haj the grea tert

haying to add the, Ly traiining the v tor margin ot jeyaration.
o distance between the hyperplanes (2) (s

non \mear datarets cd
lite porynoniral feghures-

higher degrees.
(IWILARITY FEATURES - 2, hwll= Jw.‘f WOt Wy
-add teatures compured wing a fuaildvity function (Il wil
Wikt eaiurel wow much eadn fnjjance Verewblés e wmax 21El st (wath)z, k for clum 1

WWH o xeb) 2 -~ foc dun2

Sywt REUMRESSION (Wexth =-k and W-Xtb =k)
- VWL su pports clufsification and YegrerioVi« For re gresion o THE HYPFE MANE (§ BETWEEN

itead ot Hilting the \avqest siceet gosfible betweem two clures,  1HE nPPORT VE(TORS!
VWA veqression jries to fif af many (ntancel g osiivle oa the

(eoet while Lmitig margin yiorationt.
* y hink gywr uies ov0

o Ufe lagranglan yuuli gliers fo find yinima qud apprath o wnthigluly ok (uhow
' but piot (g VA

w parkedtar landmatk .

MM DERDED D " n e

My im o
o Inercers yweorewd’ there Airh a function § fwat

" maps o Gl and L into another space ( gormbly
with Wigher dimensfons ) Funchion pmujt b€
continuous gud fymmedric. this b why we (ar
Wit the lerpel frick.
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== CHAPTER 8 : NEUKAL NETWoKK

(mlT(HELl)((H-A)
odeitd rute 1S a (.0
z ) jearmng rule {or
. VF(w)*= Pama\ denwvaitver of (o tum_jmv\ Lyq.s-:’) = = uyuunzq jhe welghis in
+ training rule for qradient deicent: w = Weaw wnere AwW= - TF(w) an A single \ayer
<m . the \aming vaie determing ihe siep site in the @D seacch neural nétwork ‘
o E(W)=® _Lﬂ(’tol‘od)l where tdis the target and od js output .
z ; oS

LE = A (t-0d) 2g) = bwiz n& (td-od) il
dwi

¢ This is all for dne delta vule , which congideri dhe jark of ha\mrlg an undhreholded percepiron
Ca tinear umt) for wanith the guiput © (s given by * 6(x) = WX
« perepiion Hruinwng rule: 6(x,. L Tn) {x ib We ¥ Wik Teen ¥ Wik 70
-1 it oiherwile

° @& single perceplron can be uwied to represent many boolean funcrions
o all primitive Boolean funchont AND, 0K, NAND, 1TAND, NOR,T0R (an be teprejented by

pevceptrons

o< any beolean fundion can ve implemented by uiing d 72-level (omvination of theje pimitives

(XOR (annod, we need @ nelwork of dhem)
e o FOX (D" the error surtate (ontaint G fingle glebal mimmuim, o e algo will cenverge f:( .

a weght vedor wih winimuw enor, given a sulidently §mail v. ‘ Q\\;\' s
¢ (onverging to a local N (an be slowZ f \nere are multigle 1oca) M in in¢€ €rw T furtace, ‘Q < B
ihere i no guacentee (1.0 wat each giobal MU J §§Z § §

— o Yor Percepivon @ examples arve lineas\y qepuvable, and smal \eammg rate: wil sucteed. '“Q Y]

o (rradient v ffochaitic: (D, computes weignt wpdates afier jumming sver all training exum;lu

o 5.0-0 approximates (h.0. by updating weighls (nuememully. following tme (alwtlahion ot the

e10r for eath inidividual exawmple. / delta rule
o « ypdate atcording to:  OWS V\“"’) £i wnere t U torget value and 0 .

wait gutput. (t v predicied yalvwe w| tunent w.qms),

* In tases where there ate wmuliple local vninima w.rt E(w), §-0.0 (an sometimes
avoid W\\\mj o ineie local yinivma becauwje it ufel yarnuf TEL(w) rather than

3 VE(\E) fo quide it feardn (9q.q4)

o 0(%)7 @-x detavale) o vefers to Vinear wnit output

=2 o(x)= Sq\n(l}s’-;) (erceplron; o ceters fo thresviold out put

a3 JWMWMAKY.  gerte piron draining rule wypdates weigny bated on jhe evor i the threrh otded
perce pivon owhput, whereas (l¢lta vule u,duﬂ’i \Mlghu bufed oV jue ewul (n the UMhr?lkoldei

= near (pmbinution pf inputs.

SAMOID: yio uiled logifitc function. Oudgut U « nanlinear funcion of ! yuis and diifereniahle
(unlike pereptrup) 1o ¢ s sutaule for gradint desrcent. Theeshotd 1 @ Confinuews funchen gl tnyut
0= 0(B:%) | Oly._1 , dota - o) (1-0())

[+ ey Jy




o Backproyogation algorithm Learng the weights for o muHilayer network  qivin o networe of

a fixed et of ynits and (nterconneciions.
o pmploysr gqradient dercent to attempt fo minimite fquared error b elween hetwone
owtput valuer ond farget valuer for there outpuis.
- basically jurt iteratively deing d radient descent. backwards Ahvough the networe

and updwmg all of the weignis bared o0 a dald point &

coe derivation ot badepropogation vples ..

LONVERGENCE £ LocAL wuNWIA.  badkprop wses gradient descent Jo BY over a wiultilayer
networe ix eny quum’HLPd fo onverge foward some [owl vmmmv.u/\ 'E wid not necessurily
o fhe qwbul wipwmwy - exo .

» oyomon heurishia h alleviute local minima: Stocharttc gradient dercent , training mulbliyle
verstont ot networmr itk ditferent weighits.

Repreientationy] fwer of Feed Foovard Networs' boelean funchions, onhauous tunchions,
(M‘bihﬂ"ld funchons.

QVERFUTIN(: ovorhihnq and Huchwakons fn 'reumcj eror oceur pecaure e weighls
dre beng funed to fit .‘diosynuanm of the fraining examples taat are pot reprelim kv
of the general distribution of examples.

o lage auwmber of welqnfs )rovide muny egrees of freedom that can bt noise.
o Jolutions: decreafe each weight by jome small actor during each iterution 0 R/AND
have a vaWdaron set.

Uit §: il
O otwn g0 6 a sqmold ddtivation funchion, whith are frue:
o derivatwe ot g(x) & g0)(1- 9(x))
b 5(qmo‘ud @n be ieplaced by ofher activation fwatkions such a1 Kelu and b, pidlecant
actiration fundions hgve dift. {wmpads 6n pecformance
o Wi slqmoid fundion, nitial purumoies wwt be smail glun'ng tranii g e

) 3 T R Y 2

B) «ANN (an be wied for eilher reqression or clarmitication v4
o W0 clugsitcgaion ANN, output 1ayer muy we ﬁqmol&llmqw (Lass) or jof4max (walticlags)
@ ackvation fyychion
o Stuthatic (0. 5 Welpful (n vadu(mg locel winimo \/
o fume (03t unchon for (lani Kty £ reg veisypn ANN X

@ barger bundion (f boolean or condinuous, we need (i mat TWO (wdden tuyers o reprerent il
s IRUE
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CHATTER 10 BAYEAAN CEARNING 35

(WHTCELL o )

. P(nD) * WI)P(VI) * p(W)= prior grohability of nypothesis . way vetject
PCD
any backgrownd knuwiedge we have abent the chance of h being w correck hypothers
. F0)” prior probubility of draining ddtu D i.e the propubility of D qiven no kwowledge about
which ypothexis hotds.  POOYWY =y duubinty of D given b,
o P(WID) = probahilily of b given D . this is postecior probability because it Feflects our

d 1 ' )
conhidence that W holds affer Jeeing training data D, m(P) BRI TTaRi

BASIC PROBARILITY: o ot g e
( yule: A = (B) = pC ( Maximiling (np
product ruie: p(AAB) = P(AIB) F(B) = PCBIA)ICA) o vnuu?mw ”"

fum rule: P(AVB) = P(A) tP(B)- P(AAB)

° gen fhe traming datt, we want he ymoft probdble Wypolh?ll'( ( wuyivuw i
thm of boltal

hmip > arg mux P (ulP)

heh 4/ ymbahm/
P(A1B) = p(BIA) PCA) ' i )4 P(Bl1AJPCIA)
P(B)
) 1 \ 3\ ;! n O\ P N
Pclv)=pGlc) Pc) = M ,98)(,008) - 00184

J
P(41c)P(CI? 98)(.00¢) F(,03)L.992) ,00184 t.029%

o hypofhem gt minimites ine sunt ot Squarod errorf {5 alfo a mMaximum |ikelipoed hypotheld:

hm = argmax p(DIW)  (lowercale p s pobulity deasity and D= Cd,...dwm > 5
i Udi- )t

heH W ]
W 20
di= Hxi) vei where ey is noise. 2 "y, ~ urqmux_TTp(d(W) E arqmux” |_e
il S
(page 1eb): wed onot

EWE gre riking the exytession foc Yhe probability of di q'nfeo;lv1 mat W is Ahe (oneck deicriplion
of fhe targed huncion = = )=l (x) -.- tuke g tvans frmahion ... magimiting
hegative quunh'fy fyequivdlent o winimizing ’O)Hive quanh’hj = hwz arqmmnﬁ (di- hul))‘(c.(.)
e sl
. equation 6.¢ Shows Hut e mugimum like lihood hypothesis bhmt (8 ene {nut miimizes
the tum of ihe squaretﬂ v belween ohened fratning vatues di and ypothnesh predichons hx)
BAYES opT(MAL (LASIIFLCATION
gt 4 POy thi) P uid) = V=§0 0O
P( M.IOS’- 4,9(6lh)-0 2k CIE
P(ua(D)=.2 ,p(0©\W)=1 , 1(®lw)-0
Plns1D)=.5 , 1On)=\ |, 1H@W)=0
2 PO P 1D)=. 4  aud £ P(O W) P(WilD)= .6 and agmax & PCjli)P (wil))= ©
Ve gﬂeg
¢ 0o ohet Clarsifigution methed uling the game nypednel s § pace and same priet (mou ledge
W outperform  {hrf mediod on dveraye.

A
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1B BloR I THW e can be cortly, v Les optimal i (aibbs

() (hoole q hypoluess b hom H at yandom aceording to yoswior prowu bty desiption sver H.
2) we W gredict pue (lagilication of the next ingtunce 2.

NAIVE BAYES CASIE(ER: vyg~ aqmax PCyp) T Plaglv)

« method tavolver ¢ Learning [fep (n which variouf P(v)) and Pla:ly;

) Verns are es\imated,

baged en thelr frequenciel er  \he irdiming data. ?:
whng tennis exnwple’ Ung = Mgy T(v;) PCoutieot = junny lv;) P( Temp -~ cool 1vj) —
P( humid'hl‘ hl"jhw)) P (u:nd: fany lVl) =
P( Pm/:yﬂ)r /14 =
i
P ( play.-no)= 5/14 = Plye) P(Sunnylym) Puoollyes) [J(hn’gmyu) P(H,onq{yu) = L0083
P wind shonql Jlay=yej )= ¥4 p(no) plrunny 110) pleool (no) tlargh lno) P(mcny(no) ~.0z0b E:
p (wind+shong | yray=no) ~3/5
=
Bayerian beliel networks Spou'Iy.‘a fet of (gnditiondl independence aiuwmyphonS
4 e
¢ lom pus fvur ! —
{ l =
li%mmg camp hre X tne we Mow yalues for svm and bw four, we don‘t
Z need any more iwh hor cappfire . lighting and Hwnder e
are independent ¥ cumphire. o
Hunder foresttire -
© P(aB)~ P(A) P(B)
@ onte EW ago Jo train BBN. Em i§ depmdent on wob{merﬁ Vari dyl s E
° NPC wdles g Sim[”ih,[ﬂ” agumphon that tho attrivwte yulue) ure conditionully independ (0t E

given the tdrget vplue. (1
'}

P(hl): 0.45 | pn2)=03 , Plh3)- 0.25
W)= yes  hilx) - ho h3 (x) = w0
Waat Iy predicted reut of faye opti Ml (luir ter ?_@T




(HA?]ER 5 BY Z ENIEMBLE LEARMING .. (ONTIMNUED 37 ‘
((ERON (H.1)

- Do popiw — dnumptions . & Wigh-biar wmodel v doing to underfit raining 4otu
« Jdance prob wodell excemive sentitivity W gmall wilakons (o the traiing dala K wodel
wi wuvy dequees ot bree dom |y qolng to huve wigh varian e and pverfid the training dat

l_OJ_L‘lﬂ-W—L: cluscrier outpuls a value vegmmhng the confidence of this fumyle
helonging to L0 (lpg (\Jrububil\iy) "
nard qutyuts @ ctusiitier ouryuts owly one cluff Label o
foF1: o sinple  Sumwmary funhion (alculaves the averaqge | yminimunt M Kmuw , il
product for ¢ach cluss
0 wel'qhted avevage (s when you wmulliply the prokabilidier by their wevghisd ot each Clustifer)
fo get \uuqhwd average of eath clas.
HARD © « wajority voté {s when yod Count {ne frequency tpatnclosiitiers [elected a class
. we‘-qmed l"d)OlllY vote fs {he sumel but vmutdiply each pld”ubfllly with vefpeche clussifrer we ights.
. Naive Bayer :gptpuls of dwihen we 1,21

RRRR RN

W\ . Al
— N @,P (w)d,,0)=1): "0 Ml dy(0=1) =0 wiew ~a
— ot 7 Pwildyy00+1) - 30760 b (Wel o)) =30 (] 10 | 10
P (W, | dgi(x)=1)=R/d0 P (W, daalx)=1) = *%0(; (30 [ 20
= Plw, | di,(x)=1) : probavility of (L) veapon
— seeing class 4 given {nat dassifier 4 chose (] 20 | 30
leSS _i (2 10 20
— plw, [ d, (x)=1): provability of Seeing clais 2
Q& aifen tat clasidhier 1 choe 1 it ey
| = \}Rﬂ\ A
\ﬁ\\\‘@ classitier 3 outputs cafs 4 weights 0] s0 o
e qatsrfier? oubpuh otz Ulassikier 1 .3 4] ©
clawiliord  oudqubs (lugr? (lugfibierz. « &
g (lusfiverd: , 3
weignted mayority : clus 4= 303 7 L0 3 PLek CLASS A
- = ol 2> %, 254

£ Bugging uies same. iraining dlgo 1o produce direrse set of weak \euvners for eviamplé Learming
¢ Galing aggregates ‘(cd((h'on) of wedr eavners Ly lruning d wode! for agqleqation, initead

of wling dcvial funchons (i.e. ward votng)
o MOt boopting we thodf jroduce weak learnert by framing fhem fequenkially e by (orfecting

e predecosior of each weak learner gt gaca (tecation o traming
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LHAPTER 4" DECision (KEE (EARNING
(WERON (H.¢)

e (11 mwmg Weaiuvel the fyequency ut which gny element ot twe datuiet will be
miflabeled wnen b (8 vandomly \ubele&
im \ndex = | - g Pl . whele pj i fhe muuwmy of clajgs ).
J

o min value of (uni 1adex is 0. T Wapyeni whed the pode it yute i.f. an the contuined
elements (n e vode gie ot owne uQ‘ “""““
o Node will not sylit again waen 'J.a. thw, gptinum split 11 (holen by tediuves
with smanet gl index.
o MUY yalue when provabilily of MO (lusié are the fqme
o Enteopy it & meaiure of i forma tion (ot (ndicares the disorder of fhe featuves with the
bdrg €d,
o ial Lmpurity s, U‘”OPY( ") Wm [ higany fuster
,) En (o Py 1 ends o) '(cdu(eﬂ\t’\ﬂ\y more b(ﬂ“ﬂ(éd brees
,mt of the Kme iney lead o similay freel.
 For +ees based on (nformgiin uufu.m Entopy, split on highest (nrmution gain.
o (ART Training algorithm : (ctatsikication and yegresiton Aree) wyed 10 4rait decrsion {rees.
Algo Frit gyufc dvaining set (nto fwo fubrets uling a gingle feature k gnd a threshold
fr (petal vengln and getal tength £2.45 cm)
« chooses W \fo pair (K, te) that produces the purestsubrets (weighted by fee)
o (ART (o5t tunction & (k)= JnieH  Glefk + parignk right
wm m

whete g (n1ektitignt weasures e impurity oF the febt/right (ubset
Wttt vyt {1 the pwmber of Tnskuncer in fhe et/ rignt subyet
o STops When redches wmdrfmum deptha pr cannet reduce ¢ppurity.

¢ [D2% (an produce deafiort irees with vigder thdt have wofe twah ywo (hildren.
o (ART VS ID5 % CART wies gini (mypurihy while 103 uter eniropy.
¢ OVER FUITINKL N DELISION TNEF LERINING.

«bigger \ees are wote |ikely o overfit

« Veduce oVerkiting L ) stop qrowing the tree when datd splil 1€ wot sratimtically cignitcaut

2) grow @ full Yree gnd then prune it.

« (ART copt tunction for  reqremion:

J( b tw) - M#Lt MIE left + wiright MIE vigwd whee ( WISE e = 2 (Q- Vi)z
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o (HISQUAKE © tum of squared dillerencel petween gprened il exyectod frequencier o wrger
vavidble toc edch node

(hi-fsqua¥g = \/Wh«ul fxy) /EM

¢ o dewjcon dree regresentt o disjwchon of njunchions ol congtratnt on fhe attychute wdlues o f
{n\tunces

® oledsion dree) ave wied for Lo (lagibiation  gnd geyresion.
o dll deciion kee) wave a compete Space of kinile A{1erete - valued functipng
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« WSE (03t function for Linear \(atsrenmm;
WsE(Y he)® L & (g7t ~yl 2
M iz
o fo find ine vatue of & thdd inimi ter {he (ot funchon, we hove a cloed- form folution
A -
whi(h s the Nowal Equation:  @= (x1x)" XT)’

o Batch grudient descevt wies dhe wnole fraining fet to ompude the gradients at eveny step

o J{odhuitic gn‘ullmr deycent pred a yandom in)funce (n the m..n.nnj fet at ery ftep \
and (emyputes tne gradlents baled only pn hat single influnce \

owhen the coft tunchion s vevy ivfequiar (5 b) ine algorithm may jump cut of |0cal minima,
§0 tnel@ (5 a better chance of hnqu the global minimam o yuredsWoB G D.
o randomness (s good for escuping local miniMmd, vut had for feHiing at ¥he minimumwl.
o Wini Basth (radiont Descent omputes the qrudlmh o Smal randow sets ot injravices
(alled wini- hutches.
« Elathc Net i« a widdle qround betweet Ridge Kegvelfion and \une feqyefion - e vequior tatou
teyvt 1§ a sivagle vwx ot both L2 wvid L1 vequlayitulion terms.
ewix ratiouw v =0 elwbe net \s ridge and when 1 duienet if o
/Qa (N erder o vedule overthitting (we (an requluvite the malel (ie. Confirain it).
o Yne Yewer deqreel o freedom  fne harder it U jo overfil the data.

« uie ridge [turgo reqresiion of elufiie wnet 1o constrarn weiguts.
L0GhISFIC REGRESSION A !
¢ just Wike Uinedr, put outputs ihe \t/)\qnh’c (nqu\»g) of he reult: p = he(x) = o (x 6)

where  o(E)= 1 , 4 {0t §eos

Lt exyp(-t) 10ty 2705
o cof) tunciion ot darsingle draining (nitance : C(6) =g_|09 (r*) iFye fia. a)
’\0‘)("}"‘)‘* y =0

the (o3t fundion over ihe whole draining fet (s the average cost over all trammg nfjunces, cutled tog-loss:

16) " L 2Ly gl (1-yDeg( -31) ]
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1here 1« o osed form rotudion ( Normal equahon) Yo wmimmite (ont fundion bt oyt funchon U
(owiex  so 0.0 quarenteed fo hind guobal minmmuwm.
Basis tunctiont converts non linedr piodel o linear wodel-:
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