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Decision Tree Hypothesis
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stacking, BIM—FPIEREFBIARA , ReeEIIF FINEERIEWg , Bllearning, HA
uniform#Inon-uniform4y BIXS RzAY.EBaggingf1AdaBoost&% , mMiconditionalXf i AYHE
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IRERIY ( Decision Tree ) #RIE—FMESRINEL , BRIGESNS AKBHE+S1E
. BIITFEXMIF , SSTHIRSE. AER. RACEUERTEX LRI THIRT |
NMREESEH TELRENN. WTERR , BDARESRU— MR,



quitting
time?

Y

frueg false > 2days _~hetween < —2days

N Y N Y N

Bl E N EEFISEREAE 7T REZIER | Y or N, IEENEBFRINNF , BlE
LZRYRTE.

TEIXRHRPREEIRIRIEI—hypothesis G(x)H , G(x)AIERIATL T -
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G(z) =) a(z) 9 ()
t=1

G(x)EFEg: (z)BRY , Blaggregationf9ii%. B4 g: (z)ME LETHNEEEE
(WRIHF ) . XBHg: () 2FE , FARLIEE SR classification|a)fl, i HEIX
g, (x)FRFIbase hypothesis. q;(x)FTREFNg: () IS , KEF LETEZEET
SRR . ARG ()R F ARG (z) , BEPARIAIIREREI TR H FROEE R AR,
EPREARE N EGREAT R, BTLL , 1IX&base hypothesisFlconditionsHitapk
TENGBFR | MiGE—EN—F | MEEPEITRIRATENMNFEfT 2T AN
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G(x) =) _ (%) gi(x)
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« base hypothesis g;(x):

leaf at end of path f,
a constant here

. (x):
Jis x on path t7]

» usually with simple
internal nodes
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DTHIERE , BRGNP HETNG () , BHEEBMNARORE TN |, 1
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C
G(z) =) [b(z) = - Ge(a)
c=1

FHh , G)ETRFZEHAR , Blfull-tree hypothesis , b(X)FZREND &M, B
branching criteria , G (2)F R EcMND S FRIFHR , Blsub-tree, IXFEMIHIR IS
JABURIEUREN |, BB AN D EIRARIRY MY |, B/ Ve BB/ N T,
LA, IRERTT LA AFEERSS : rootfsub-trees,

C
G(x) = " [b(x) = c] - Go(x)
c=1

» G(x): full-tree hypothesis

e b(x): branching criteria

» Gg(x): sub-tree hypothesis at
the c-th branch
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* human-explainable: +» heuristic:
in business/medical mostly
data analysis explanations
» simple: » heuristics:

‘heuristics selection’
confusing to beginners

« efficient in prediction and » arguably no single

Decision Tree Algorithm

AT LARBIIfZ & decision treekstisk , EREARNEERILISH !
G(x) = 21 [b(x) = ¢] G:(x)

X Basic Decision Tree AlgorithmBSiFAZERI LA A PUNNERD , B FEIRERDAE
DAWNEFIZM R4 | HEBRAEIEEDIRIED SINCHENY | MIATRDZ
THIFEDC ; AETEND ST FRIDCHE T4 , BRIBNANEZIEEGe ; &g
BIrES X FHIGCEHEI—EE , AR AREG(x), BESIEMNE  XMaFrE
BERILEMN  BSNERE—BEHITTE. SHERANZRLERMZE | BRIREER
Hhypothesis g; ().

function DecisionTree (data D = {(Xp, yn)}N_,)
if termination criteria met
return base hypothesis g:(x)

else , _
learn branching criteria b(x)

split D to C parts 1. = {(Xn, ¥n): b(x,) = ¢}
build sub-tree G, < DecisionTree(.)

return G(x) = 3 [b(x) = c] Gq(x)
c=1
ATLA , RRRNERNEEZE 2 7 IO MNEE
o 9N ( number of branches )
o 335 ( branching criteria )

o #21F5%{4 ( termination criteria )



« HEAEX (base hypothesis )

TEEIPRNB—FERIREMREIEL |, M Classification and Regression
Tree(C&RT), C&RTEIZBEMNERANRE , BT , DB MEIC=2 , BIZ”XH

( binary tree ) FIEUREH ; 5 , BMOXRRENG (z) (BHHF ) E—1NEH.
RRER/IMYE;, B9B%x ., 33T binary/multiclass classification(0/1 error)[BJ@ , BHIEZE
FGREPNESL |, g: () B GELBIRSHIBF—Ry, ; 3 Fregression(squared error)
%R , g+ () VB EY, FOFI9E.

two simple choices

« C =2 (binary tree)

* gi(x) = En-optimal constant
» binary/multiclass classification (0/1 error): majority of {y,}
» regression (squared error): average of {y,}

NFRENPERERLRE , CGRTIEAE—EERAVIKE. Bt C&RTHZMNE
C=2 , —HgRA LTHRNBiZAIdecision stumpfI7TiEHITEURTIE, B EERE—
NMEE | I—MFHiEfeature BEUE—D AT |, EFRMATFH , oBIFRARY
3. 2Am , BAVIEIABELLEBURRIDEREFIR (errorgr/)N ) ? C&RTH{FERMSE
purifyingiX/ M-S k%R RIFIdecision stump, purifyingfdiz (B8 2SR I EIER
ReTgeLt A F TN a AP RS AR G 1ELUAIRREE y, BMRIZIA (regression )
RsEIR= /. ttairclassifiacation/dl@H , MRAFNERIENSE , GFHERR
R, BBACRIESFEMRRK | WEBiZD SRR,

more simple choices

« simple internal node for C : {1, 2}-output decision stump
« ‘easier’ sub-tree: branch by purifying

b(x)=  argmin Y _ |Dc with h| - impurity(D, with h)

decision stumps h(x) c—1

IRIEC&RTHpurifyingBIBAE , FAJBENEESEN D SZ&Hb(X)BIFRIAN A LR,
ERiFIdecision stumpEREERWANGH | —NERIRINERY S 4% Epurifying |,
purifying# XEsF , MiXEFERApurifyingtBRAIEEEimpurity , Wimpurityi#l/ \#itF ; 53
I—NRBEADAFERSIINE , NEXNHZOZTHEIEERE , P81
HEANEGHS | NIFF SNERK | DB SEAN L |, NErGE#N. £
thfY| D, with h|RFET DA EHINE. XEb(x)Z{UTFerror function (XtEEH
tAERimpurityZpurifyingfIRE ) | FEEERIFAIdecision stump , LLFE D SZHY
AEBEERAME | {Fb(x )/ \iisT.




AEEE Impurity A RRERIFZ RN ? — BRI EMER T By , ERNES
BELERNRERSZ /). X TFregressionafl , BERYimpurity Al =R ¢
1 X
impurity(D) = N Z(yn — )

n=1

Hep , yZND X TRBY.RIIE.

XtMIclassification[A]ER , EHimpurity ] =R~
T
impurity(D) = N Z[yn # Y]
n=1

Hep | y* RN TR EEHIEARRIAR—K.

by E., of optimal

* regression error:

N
impurity(D) = 1ﬁ Z(Jr’n - ¥)?

=1

with y = average of {y,}
» classification error:

N

_ . 1 .

impurity(D) = Y In#y]
n=1

with y* = majority of {y,}

LU EiXEimpurity 2ETF[ERAYregression errorfliclassification errorEEESMY, &
—4kFE classificationfldimpurity functions , IIRESTRET | itEF— D4 E
B, BBAFhEE SN AYdecision stump , RIf5EIAYclassification error/y :

ZnNzl [yn = k]
N

1 — mazi<k<x

Hep , KAD X EL

FEXNMNFREEGEEZANB NS . BT ERIGRIE D I EERZEFH
HEER , BERIEE ( Giniindex ) &7~ :

K N —
L3 Bl =,

k=1 N



Gini indexfIL R 21E AR classEFIEE TR D IR RFIET SELAIEEPE R T |, X
F¥ikdecision stumpBi%iE e IN/ER.

for classification

e Gini index:

K N—1 - — k 2
1_2(2:1_[:; J])

k=1

—all k considered together
« classification error:

N
1 — max 2n=1 LYo = K
1<k<K N

—optimal k = y* only

XFREHCARTEL , BREXRIR , EENMARIZFimpurity functions® , Gini index
BiEHKf#Eclassificationa)gll , Mregression errorE& &S K fFregression|a] R,

CARTREIZERLRILFHERIER | F—IERZINZ MO FEINEFEEA
Yn BRREIRAY , BIALEEimpurity 80 , RNZDZEBRAB THREDHKEE. M
B EZEHE FRTERIz, HE , TENEHITX S |, FRmigBdecision stumps, 1B
XHFRMER , CARTEEFHASEILER.

« all y, the same: impurity = 0 = g¢(X) = y»

« all x, the same: no decision stumps

FrLA , CARTEIZBENE R IERKIEEFAATTEEKMR ( fully-grown tree ) , BE&IX
PR, BXNEN , EBpurifySki%iEeR{ERIdecision stumpkls , RZEF
BT (g:(x) ) RFEE.

Decision Tree Heuristics in C&RT

MERNELME T CEARTEIZNERRE



function DecisionTree (data D = {(Xn, yn)}_,)
if cannot branch anymore
return g¢(x) = En-optimal constant

else . o
learn branching criteria

b(x)=  argmin ) " |De with h| - impurity(De with h)

decision stumps h(x) ._;

split D to 2 parts 1. = {(Xn, ¥n): b(X,) = ¢}
build sub-tree G, < DecisionTree(.)

return G(x) = > [b(x) = ¢] G¢(x)

c=1

B LAERIC&RTEX7EA  Ebinary classificationflregression|alRRATIEFEBIEASCA |, M
B, &muti-class classification[ (At + 98 2.

FERIXFE—NEAE , ENMER , MRBA XA —MFERRUENDZ |, BPATER
WUN-1URDZ e B AREREG e XK. REERMFLERE—HF
K, BNRMF , BPRBERIE By = 0, XEFEIETERNDE] (BRI
J&RKVC DimensionZofRA , ERHEEISREEIN , NTIHMSMEMSR. A TER
overfit , B JREMECERTEIEZFSINIENML , KiZHIBEMEENSRE.

EREEAEES TERIERROHF (g:(x) ) BEE , FBARTLASregularizer
FARRRPHFRRE , iIEHRUG). ENHBENERETREHDQ(G)IE,. X
#£ , regularized decision treefSF = FL AT LAFTRAK

argmin gy possise G) Ein(G) + AQ(G)

A B XFregularized decision treefR/gpruned decision tree, prunedZ(E5EHIE
&, Bidregularization>KIEEIRER , KieZRIOMT , EFEEN , NMAZERID
PSEIER.

BBAAEIREIE RIS/ DI F |, (EEUIRLEHFIR ? RIZHCERTEIASEI—RT 2Kk
B (fully-grown tree ) , BH10R1+F. BEDBIBRERY—HMF , ®RITR , HBiX
10FPEIRECER |, BN Eyy BR/NEBAMERY ; RSB I FANERIF S RIRE—FR | &
T8hH , BXOFMERLLER , BN E;, B/NIAPMEERY, LAULGSEHE | BEERENF, X
H, EREAEEARMFI MRS | ¥iXJ1L{MERregularized decision treefly
error functionsRiH 7% , HESR/LFMFIMRENRES/)N | BUEERZIEE., 5
A, ST LUE S validation ke R{E(E.



need a regularizer, say, (G) = NumberOfLeaves(G)
want regularized decision tree:
argmin  Eip(G) + A2(G)
all possible G

—called pruned decision tree

cannot enumerate all possible G computationally:
—often consider only
G = fully-grown tree
G = argmin E;,(G) such that G is one-leaf removed from GU/'~")

BAI—EITeRERN LRI F ( features ) #Znumerical features , TISEFRA AT ,

IRRMEUFIHER BEAREFE |, 2SR5 ( categorical features ) . ¥Fnumerical
features , B 1B (FEHdecision stumpiH{TEUELIE ; MXdFcategorical features ,

FA MBAART LAE A decision subset , RIAREZEBIHIT AT G, BIRSAZ (0F11)
B9%1%>. numerical features¥[lcategorical featuresfE/RX BN FERT

numerical features categorical features

blood pressure: major symptom:
130, 98, 115, 147,120 fever, pain, tired, sweaty
branching for numerical branching for categorical
decision stump decision subset

b(x) =[x < 6] +1 b(x) = [x; € S] + 1
with # € R with S c {1.2,....K}

ERFRPTONS |, FBE—FERE , LR RIS | I&BINEH T
YIEIRNS SR, —FhE RN/ AREsurrogate branch , BISHSIZ4HEARIAIE
feature, WMAIFAERBE A featurelR ? MIAR TR IZA00HE |, FESIZ4FIHE
{tiEYfeature , ANRERBfeature 5[RfeaturetIEINNHG ANGERERIUAY | BBAFIREA
“EZEHRE , HIEiZE N featuretbFAE TR, HTRNANEZRRfeaturefRoAIIE
W, B featureiH T STHIBTFNIER,



if weight missing during prediction:
« what would human do?
* go get weight
« or, use threshold on height instead, because
threshold on height = threshold on weight

« surrogate branch:

« maintain surrogate branch b;(x), b2(X), ... = best branch b(x)
during training

« allow missing feature for b(x) during prediction by using surrogate
instead

Decision Tree in Action
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EITENSIIEIZE | BIIEIB N D EEEIEEL ST |, IRENEAREAF T
Z, HHTRBEEHE TIERERILEM , XA RFAT LA Ebase hypothesis , #I5%
sub tree , RfFE M sub tree B LB EF Rtree , REFAIIIBEERNTEREN.
MEBZNFRINLEE |, vlE2ITE
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BRICERTEIARIIEIL /T |, Ffi15AdaBoost-StumpEiEi TELA

o - & ,_°|

C&RT AdaBoost-Stump

BAIZBIMAN BT , AdaBoost-StumpELARITIEI S1EE RN FEAY ; MC&RTEL
B BETENEMEN |, FiLA—RRAStEERE N Em. ek , BRC&RTHI
AdaBoost-Stump#BRAdecision stumpZiFHTHIE , (BRZEEAT LEARBKX
B,

BE— I SURESHRLUIREZNIHIF , C&RTFIAdaBoost-StumpHItIEI A TRTHE R
WNTFER :



AdaBoost-Stump

BEFKR , BTCA&RTRETFMHITIIZEIRY , FrLAC&RTECAdaBoost-Stumps32Et]]
BEBEE, BE— T, CARTRERMBLUTRA !

+ human-explainable

« multiclass easily

« categorical features easily

» missing features easily

« efficient non-linear training (and testing)

—almost no other learning model share all such specialties,
except for

gL -

I r=H

ATIREE/NE T Decision Tree, B5ti&decision tree hypothesisXINEIARE DL
B9%Eg: (z). ABBNBRARNELXRIMANESBANF R EER. BEEEAR
T IREMCARTEIA M AV ARBLF IR AR, B — N ChRaI6FkiE
TRRMCERTE I ZRUMI——iH T2 2.
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