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Random Forest Algorithm
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Bagging Decision Tree

function Bag(D, A) function DTree(D)
Fort=1.2,....T if termination return base gy
T A else
© request size-N' data D, by © learn b(x) and split D to
bootstrapping with D by b(x)
@ obtain base g, by A(Dr) @ build G, « DTree(.)
return G = Uniform({g:}) © return G(x) =

> [b(x) = ] Ge(x)

c=1

—treduces variance —Ilarge variance
by voting/averaging especially if fully-grown
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random forest (RF) = bagging + fully-grown C&RT decision tree

Random Forest&E & imA2E40 TR :

function RandomForest(D) function DTree(D)
Fort=1.2,....T if termination return base g;

© request size-N' data D; by | else
bootstrapping with D

© obtain tree g; by DTree(Dy)
return G = Uniform({g;})

© learn b(x) and split D to
by b(x)

® build G; + DTree(1..)

® return G(x) =

3 [b(x) = €] Ge(x)

>
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« highly parallel/efficient to learn
 inherit pros of C&RT
« eliminate cons of fully-grown tree
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another possibility for diversity:

randomly sample d’ features from x

when sampling index iy, iz, . .., igr: ®(X) = (X;,, X5, ..., X, )

Z € RY: a random subspace of X' € R?

often d’' < d, efficient for large d
—can be generally applied on other models

original RF re-sample new subspace for each b(x) in C&RT

FrLAS | iXFhigeEAgRandom Forest&j&IE N T random-subspace.

RF = bagging + random-subspace C&RT
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more powerful features for diversity: row i other than natural basis
« projection (combination) with random row p; of P: ¢;(x) = p/x
» often consider projection:
only components in p;
« includes random subspace as special case:
and p; € natural basis

« original RF consider d’' random projections for
each b(x) in C&RT

FTLA , iXEBAIRandom Forest&iANA1EE , HRAIrandom-subspace3Zhy
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RF = bagging + random- ination C&RT
—ran ness everywhere!



Out-Of-Bag Estimate
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out-of-bag(OOB) example,
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Gy (z) = average(gz, g3, 9r)
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self-validation,
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Previously: by Best E, RF: by Best E,qp
gmt = Am"(ﬂ) Gm- = Hmei;D)
m* = argmin Eg m* = argmin Ep
1<m<M 1<m<M
Em = EvaI(Am(Dtrain)) Em = EDGU(HFm(D))
e use E,,, for self-validation
Hy Ha - Har —of RF such
Dtrnin j_ j; q; as d”
Do '|‘ T "” * No re-training needed
Ey, E;---Ey
ick the hest
Eﬂ‘;ﬂ- Em*}
- : Eoop Often accurate in practice |
ym'




Feature Selection
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Selection , SR {FRIXLEd HEAMFAEFHITIEEY) |45,

for x = (x1, X2, ..., xg), want to remove

« redundant features: like keeping one of ‘age’ and ‘full birthday’
« irrelevant features: like insurance type for cancer prediction

and only ‘learn’
with d' < d for g(®(x))

FHIDEFERERR
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o BEIFERITRERK
« FENSEAS , BBEREIHS
o BRIEFTXIFA , BEEE

advantages: disadvantages:
. : simpler ;
hypothesis and shorter ‘combinatorial’ optimization
prediction time in training
. : 'feature : ‘combinatorial
noise’ removed selection
L
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{E5—1RAY2 | HEdecision treedr , FfifFEFEAYdecision stumpJEIG R B2
feature selection,

BB, ARSI S 4ESAnE TIRERR ? FA T LB I EHE MFIEEEM ( B
85 ) , AEERIEEE MRS TR,



idea: if possible to calculate
importance(i) fori=1,2,...,d

then can select iy, b, . . . , iy of top-d’ importance

XM A ELIHRE PR EZITE. RAZMEEERscore RHE MHELIIIRK
ISR |, MIIAEREESTE | w; | IEFRER 7 IR NEEMAZ D, |[w;]
A, RSN ED; BT | NNZFEHENIZEIERE, whYER LB EERIENE
8 (x4, y; ) B LMEIERITISE,

importance by linear model

d
score = w'x = > wix;
i=1
« intuitive estimate: importance(/) = |w;| with some ‘good’ w
» getting ‘good’ w: learned from data
« non-linear models? often
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+ which random values?

« uniform, Gaussian, ...: P(x;) changed
» bootstrap, permutation (of {x,;}"_,): P(x;) approximately
remained

» permutation test:

importance(i) = performance(D) — performance(D'?)

with D(P) is D with {x,;} replaced by permuted {x,;}"_,

A& 7 permutation testfV/RIEfT |, £ M REZ BRI ZWTEE LEHRY
performance , BIEZRRIFRIRI. T , EAIBIENBidperformancer] LAF
E,o(Q)kEE, R , WFNMEANSE MHLESTHEEENDP) |, BEXTH
1TEI)I% , MBEEMFEEEES)% , REBSEDHNRIAITIER , TEIFRE
ZHi, ATEMWIEE , RFEWEERE T —f73% |, BilEBpermutationBUE(EMIRSE
Ktraining 755 T O0B validation £2 , {28 Be (GP)) — EP)(G). tasiis ,
1B RORHE(ASAERD |, (B21EOCOBIIERIEHE |, IEEFARIO0BH ARSI MSIE
FTEhE , IIEGRIRI. XMMER KB TITEESZE , ERFAYfeature selection
RIAASZ.

« performance(D(P)): needs re-training and validation in general
» ‘escaping’ validation? OOB in RF
« original RF solution: importance(i) = Exop(G) — Eégg{G},

where Eéﬁfj comes from replacing each request of x,; by a
permuted OOB value

Random Forest in Action
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Jcanrt
with random combination
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Jcart gr (N'=N/2) G with first t trees
with random combination
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Jcanrt g (N'=N/2)

with random combination
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GcarT g: (N =N/2) G with first t trees
with randnm combination
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Jcarr gr (N'=N/2) @G with first t trees
with randnm combination

t=1000 I 1000

BiEEWK/\*SZE’JimHD AR , o Rkt Eama1 EUTIarge -margin-like

boundary , Z5{UTFSVM—FRIER. BRiIER , WAHZ , DRF[VEREXIERK,
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G with first t trees

Lt=210 :
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G with first t trees
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G with first £ trees

MLEES , FATRIM21FRRIEHER | B lnoiseAISIMEZR FREBEIEFIHR, XA
baggingfR R HIRETSIRIERIFRIPEIEME | MTTSRILLBARERER.
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PRRCFER | NOZ/RPTREIRIEE I, (B15—IRAYRE , RFARVRIIERItBSrandom
seedBX , BIREHAUIRER SR IMRFAIERIN,

cons of RF: may need lots of trees if the
whole random process too unstable
—should double-check stability of G
to ensure enough trees



gL -

o=l

AHRFEENE T Random Forest&E XA, RFIEbaggingSdecision treeZ5&#E3E
BIHERZRIRENEHITAES |, MM |, FIRKRENHILGRIRE &
KiERIERE, Hh AT ikdecision treefOBEN I EIR—LE , LA Hrandomly
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