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O &pkF>)(ensemble learning)BIYWEHES SN F I KTFEINES, EFriEee, 1B
FRAZ DB E S (multi-classifier system), BEFEZRESHIZF S (committee-based learning)
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MESEERk
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MIZIREMZ TR

Big_LATLUERS, BEEERTMASKBHETIMA, ERERESIERRT
e, BALERTO
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o NMAFIBAFEBIKEIRER. WARBITEIIFYULTIE, FMBoosting

o NMAFEIEAIAFEBIKIN XK., IR EMBFITHGIE, d0BaggingFlfiE
HZ#M (Random Forest)
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Boosting

O Boosting2— kA G55 5B A EFI2NEA

O BoostingETiXHF—MEE: WT—1MERESKR, BENEHRNFIMAITES
RS ERTISHYFIRT, ELCEPEA— DT REIRAIFIT

"ENRKRERTEER"




Boosting

O Boostingt/ll

@ MRS GE—1EFI8E

@ RIEEZI[BHFRIMISINEERD T
HE, EELEFISFMEIIGHES
EREEZEEZXE

® ETRHBRIEADERIIIGT—EF
B3

BEERTEIEFIRYERBE EENE
, RBFXTTEZI|FTINES
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Boosting

Input: Sample distribution D;
Base learning algorithm £;
Number of learning rounds 7'.

Process:

1. Dg =D, % Initialize distribution

2. Text=1A...., f &

3. hy = £ (’Dt) % Train a weak learner from distribution D;
4, €&, = Pp.p,(hi(zx) # f(x)); % Evaluate the error of h,

5 Diy1 = Adjust_Distribution(Dy, €;)

6. end

Output: H(x) = Combine_Outputs({hi(x),...,h(x)})

O BoostingEix4Em

o NMAZEIBRFMEEMIKER, BITER

o XA EERN D, FEOEABEIEZXTE
O Boosting&/EZEREE BRI ZFEREAdJaBoost




AdaBoost%iﬁ (Adaptive Boosting)

O “o3EEE;, y; € {—1,+1}, f()NELREL, h () NBDDESE

h(x)e{-1,+1}
h(x) e {—1,+1]

. > H, (x)= sign(i atht(x)]

hp(x) e {(-L+1}

Weak classifiers strong classifier
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AdaBoost&H;x

O ZoRA, y; € {-1+1}, f()NESERI, h()NBNTREE

A VD = {(z1, 1), (@2, %2)5 - - -5 (s Um) }5

S L
I ZREe 3 T
JUR =
1: Dy(x) =1/m. WHAHAEARYES T
2: fort=1,2....; T ‘do
3  hy=£(D,Dy); BT 456D NETREED i) R 555588 R, (x)

€t = Pp~p,(hit(z) # f(x)); (HithHHRE
if ¢; > 0.5 then break

5 Dt+1(a:) — %)- X

— De@)exXp(—au/ @)hi(=) LAZe/)N

8: end for

ith: H(x) = sign (z’;’;l achi(e)) IR ISR S

ar=3In(12);  TEhONE, RKRERNRAS KRS KO A

exp(—ay), if hy(x) = f(®) BEHEARDT D, Z, IBHET, BHRD... H—1 97,
exp(ay), if hi(z) # f(x) IRDFEANIUEELI K, WIEHDLARANIRUES
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Gl1: i3

O BEWNTNAAREDIIGEE, RiZIEDEREHx < vEx > virdE, HFEEvFEEIZD
KEEMHIRE O KIRER(K. iFAdaBoostE £ S5 S —/NiR ) 3KE8,

|1 &EESE
Fe 1 2 3 4 s 6 7 8 9 10
x 0 1 2 3 4 5 6 7 8 9
¥ 1 1 1 —1 —1 —1 1 1 1 —1

O . YIeESdEtEDT: D =(w,W,, W)
Xfm=1 w, =01, i=12,,10

@ AENEZHADRIIEEE L, HEvERSINDRRERRR, HERDEKES

1, x<2.5

Gl(x)z{-l £>25

12



1 S oy

@ G, (X)E.Ul Z \%& ﬁggtﬁgi%%%el = P(Gl (xl-) == yl) = 0.3
® HEG, OBNEE: a, =- - log— =4 = 0.4236

~a

@ BrhllE2RaIED 1’3:
5 1 2 3 4 5 3 /7) [SA [9 10
x 0 1 2 3 4 8 9
AR WL

D, =(0. 0715 0.0715,0.0715,0.0715,0.0715,0.0715,
0.1666,0.1666,0.1666,0.0715)
£.(x) =0.4236G, (x)

BHIEE FB3IMNMEDER

D e Esign[f;

N
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Gl1: a3

Xm=2:
@ ERESTADBNGE L, REVvENS. SO RIRERRK, HEARADLEN
1 x<8&5
G, (x)=<"
(%) {-1, x>8.5
J?% 1 2 3 4 5 6 7 8 9 10
0.0715 0 0.0715 0.0715 0.0715 0.0715 0.0715 5 0.1666 6 0.1666 7 0.1666 8 0.0715 9
¥ 1 1 1 -1 —1 —~1 1 | 1 —1

@ BN GSIERNED
D, =(0.0455, 0.0455, 0.0455, 0.1667, 0.1667, 0.1667,

0.1060, 0.1060, 0.1060, 0.0455)
£,(x) = 0.4236G, (x) + 0.6496G, (x)

P RBEsign[f> () [ENGEIEE LB3 MRS ERR
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1 S s

Xym=3:
@ FENEDHAD:MNIgGEEL, BREVES.SINSEXRERRR, WELDLSRN
" x>5.5
G)= {—-1, x<5.5

@ Gz;()ENGEIRE LRNIRESRe; = 0.1820
® HEG,()MNEE: a, =0.7514
@ BEHFMIGEEERITRED !

D, =(0.125,0.125,0.125,0.102,0.102,0.102, 0.065, 0.065, 0.065, 0,125)
£.(x) = 0.4236G, (x) + 0.6496G, (x) + 0.7514 G, (x)

P RBEsign[fz; () [ENGEIEE LFONMRDRR, BEREBDESR:

G(x) = sign{ £, (x)] = sign[0.4236G, (x) + 0.6496G, (x) + 0.7514G,(x)]
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B2: ARSI
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B2: ARSI

I. Edge features

DEQQ

(a) (h) (c) (d)

2. Line features

I (O

(a) (b)y (c) (d)
3. Center-surround features

.
(a) (;;

Haar-like4FE

SELY

Viola, P.A., Jones, M. Robust Real-time Object Detection.

International Journal of Computer Vision, 2001

TR ARG X 15, EHRATFLE
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B2: ARSI

O AdaBoost&Ej%

e Given example images (z.%1),...,(Z,,yn) where y; = 0,1 for negative and positive examples
respectively.

e Initialize weights w, ; = 5:—,;, 5'7 for y; = 0, 1 respectively, where m and [ are the number of negatives

and positives respectively.

1. Normalize the weights,
Wy q

Wy i —n

2o 5=1 Wt
so that w; is a probability distribution.

2. For each feature, j, train a classifier /; which is restricted to using a single feature. The error is
evaluated with respect to wy, €; = > _ . w; |h;(x;) — yil.

3. Choose the classifier, /¢, with the lowest error ¢;.

4. Update the weights:
= 1—eq
Wep1,i = Wi

where e; = 0 if example z; is classified correctly, ¢; = 1 otherwise, and 3, = 1_?7,

e The final strong classifier is:

0 otherwise

T T
hix) = { 1 30 au(x) = %Z,:l vy

e = L
where a; = log 5 18
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Bagging3ix
O MEZEIEAFERKEI LR, FITER

O BBI¥#EiZbootstrap sampling: M MERRIEIEESE, ShEVENE —MERK
ANEEED, BiEZEARARBIWGBEHEIESE, F58 NRARERNZERBE R et
th, £ ImRBEHSAERIE, BEIMMERE

m}'\ﬁai d ?I‘L : rl}; V= M vy
e : oy G
: i/

A
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BaggingZ3ix

O Bagging®iZEANRIE: REHTTMEamMIGERIRESE, AEETEMRES)
GE—PMEFIR, BHXEFIHEES

O EFmERITESE, WoXESERERKREZE, WRIBESERBEFIYE

mA: "J”é{}‘ﬁ‘; D — {(wla .1/1), (Q‘?z, yZ)s ey (mme y'm)}:.
5 21 L £,
MZRFe R T

o 2

1 for t=1.2,....T do

7, h.-t == S(D,Dbg)

3: end for

fitH: H(z) = arg max 2;1 I(he(z) = )
yey
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BaggingZ3ix

O BIANAERED={(xy1),(x2¥2)-- (X ym)} F5FIREHIE, 3577 ZEBREMRET
O i A&ZHETRERf (x)
o XJFt=1.2.,T:
@ MIGERITHEURBETIREE, HXREMR, BEI8Em MERRIREED,
@ FIREEDIIZRHENI5FIERG(X)
o MMRBIREFETN, NTNFEFIRREESZEHRIRANE R — %

222355l, MRZBEEFF X, TH5EFIRERNEIFERFITEARFIYERIRY
[ENE&LZRER EH
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Bagging&HiZis s :

O EESHRER

o REEFIHJNTEERENOM), XKFESIRE/FIITRENEZRENO(S), N
baggingHYEZREXEAT(O(m)+O(s))

o BTO(SHRNETR—MFRANEL, BEULIG— bagging®Em SEEERLE
FIROSRERY (R

O AAEHE E2ZoRREIFES

o 5SinEMAdaBoost RIEAT 5 R{EFBAME, BagginggeALIENARATEZ o
2. EIRAES
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R (Decision Tree)

O

RERWE—MCEN, ATRMARBERN, BToEsRER. TRERM: W
BTPRIIMT R, EFRETARRI—MFLEEREE, HMTTAFR—1E, RTR
RARMNIEIEREE, Mo XAER—TREIENFFERE

( @i )
BNEE 5 i O
<, ol =R (B )
AL N + %
S B
*n { : -
=5lly € {1,..,0} e
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O DRME—FXILHH ToSRAYRRNEGN . EERDSSMRITO SR, MRT RIS,
XPEAINE—RHDH T, RIENAER, BODERIEFTR. 81 F P R0
BN —TEYE. LS RS sEf TAH o e, EEREINTR, &ERFED
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F3: 13EPRM

O DENZINBIRERIELSEN)IGEIEREE—NRRNERE, FEEBXILAl
P TIERRRYT SR

0 LEIEBEIRED = (e, v, Coav2), s (v i)} [ §?¥=?}
%14
_ 1 2 nyT-= AN * / \
® x; ={xi,x{, ... xI'}  NEWNEIE, [ﬁ%zr)]
NJISFF4EE '
% 5%
// \

o vl 0pnEET =1

O ZFIHR: WIE—NRRNGEE RS @
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F3: 13EPRM

O RARNFINEFZE R RS NEERNEE, FREZEEXDN)IZ

EHITOE], EESI1TFEUE

AKX NERRAITE

€=

&=t

( Eﬁﬁ@
&g me
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— A\
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A
& D= (mi'- yl):(;m: ?f-’]v : (xf\': '!f'V)

| .\2 T 1
—

BME: A=wm,a, . 0 § -
" i el > R
FEH TreeGenerate( D, A) .5 & - E )
BAnode J i T3 sAYIR BN ALk 0 <
HiE: 7 : : L e
(1) %EEEREnode mn EF | | Wa e ( W
(2) if DPEASETE—%£5) C: then v
(3} {&nodetric o CrEltHER ; 6
(4) return 4L e
(5) endif |
(6) if A =2 OR DJfEE A LEEIEF then —
(7)  HnodelfiRAktES, HERUFRN DRHALSSL0% O K&k
8 return

E 9 i and if o MEERTR, BAEIEEENERT R, &F—
(10] M ARSI SRS B o, TERANFRHIE, RIRX D) | EuREE D Sk T
(1) for a, fE—4a’ do & FESINFEEEIRE TRFIDE
(12)  AnodeE—TH %' 2D RTFDPEa. LRERNGHHFRTE o NRXLTECEZBHERNIERHDE, IAE
(13)  if D, % then MER, FREXEFES RIS S RPE
(14) BoTEstmichNiEs, BEEJFREHDPEESZSAVE o WEBRIAEFERBHEANIFIHNSZE, AN XL
(15) return FEGIERFAIRIUSAE, SRENERITHE, i
(16)  else FBRZRYTS R
(17) L}l..TreeGenerate[Di,, A-{a})RDRER o YNthBMAITIE, BEEMEIIGLEIEFERE
(18)  endif KRIEFHDR, SEKBEERUHENL

(19) end for 29
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NERANBA—MHER T RIERSEHD RERIERAES, NXMFIEZ

B EEENN

XoEekfOrasls, “RI" ST "Be" S1IEE, REHE "RIY" BEE
IRERPIRY_E 3B

fEELDIIIERETIRTT, HIBERRMWNT X TR SNERNRAERTR—
X3, BITRAY "EE"  (purity) HRHEE

S RHEE?
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tiEaRA: (ERIBERE
O {SEY#E (information entropy)
IR RIFASE S DR ELIF AR SRIELHI Ipk (k = 1,2, ... Q). MDRYEEXHENJ3:

Q
Ent(D) = — 2 Prlogapk
k=1
Ent(D)RYE#R/)\, MDA EE

O RESEMEBVANTEENEIE (Y a?, ..., "} B FEH RN EARER TS, WSFEEVAD
PXTR, EPSEvVIMoXTREE8 7T DHIEER e EBUERIEFEAR, i8ADY. B
a3 IFAEDHI TS FIERIRNERIEE (information gain) 73:

1D
Gain(D,a) = Ent(D) — 5 Ent(D"?)
£ |D|
NSEMES: a* = argmax Gain(D, a)

a€eA
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FEHLFF (Random Forest)

O

BEHARM (Random Forest, EFRRF)Ebaggingdd— 1N BT, RFELURZRI T
H 2S8R Bagging EERVER |, H—SERERENIZIIESREIN T HENE
ML

Bk ERINARNEERN D BIER, EamWRNEEES (REGnT
Bi) PIEE— " ERUEY, ERFF: MERRMHNEBIN TR, TAZTRIE
EESTFREINEE—TE KT BEENTE, REBNXNFEFIRE—ITRIE
IERT I

SEEE T REVERISINEE . &K =n, NERRRINESEFRRXER;

=K =1, NEBHUEE— N BERTIS, —RERT, #HZFEK =log,n
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fEAFM R

O BIAAEARED = {(x1, y1), (62, ¥2), v, (o, y) 155 F I BREIEK, 550 ZEBEURELT
O 4 ARZRIRTRERSf (1)
o WFt=1,2..,T:

@ MGERHITEURMENRE, HEXER, BRIEEmMFERRIXREED,

@ FIREEE D IIESB TN RRMIEE G, (x) o EIGRRRIIRRIAY T REORTR,

ETRLATENEAFEFIEELMERTE, EXEREIERAIE DA
FHEPIRFE— DRIV ERIUR SRR A X% o

o WIRIEHDXEZIN, WTAIEFEIRRGC ()t = 1.2,..., )IRERZSEEHIZH!
BE R —HRESEH

33



FEHLARFR

O FEHAMER. 2. 1HEFEN, EFSHEESFRERIEEBEBRAIERE—
"REEFIBARIKFHI TR

O RFRXIBaggingffl 7 /\eilzl: BagginghEZIJesHIZHFMENEBEIEAYE) (1B
XTI ZRERKE) MK, RFFEZIBHZSHERNKBHEATE], XRKEE
AN, XFEERAZXEMZ T BEMNEI R Z B ERERNEINMmE—F
R

O FEVLARMBEIIEGMREE L FBagging, EAENNRRENHNEWEIES,

Bagging(£RRIZ "HER" RRW, EIEENDBRIENENTRNAMEREHTT
2, MRHEARY "BENE" RENIAFZERZ—PEETE
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PEHLARAR LIS

O BEHARMBIIEIE SBaggingtBIl, FERTR, FEVAFMAIERMEREEFRENEE,
FRREERTREE—MEFIHN, HABISINEENE, REHARARRNMA
FIERHIERS TR, AMEE MAFEIHFMEEN, EIHRMEESI
WRIERRYZIIRE

0.34 —_— 0.028
WP — B LR B ik
0.32] Bagging ﬂ.ﬂ?.dlt --- Bagging
& 031\ X 0.020’[
;; 0.28! W é —
= 0.26: : N\ A ‘(’é‘ 1'2: ] -'I'_"‘.' {\' '/J}“;;ai‘}\.‘.\':_’ -4 e 0.01 ‘ l‘
3 024; N’J,l‘. * L T A ¥ ‘ Y | l '," l NATTT
022} P PP il Ny W b,
Olzl‘(‘u l‘_] < 3 U[}m - Y - — ——— i 3
) 0 10° 10 0 10 10° 10
ErREHFE ErRERE
(a) glass 245 % (b) auto-mpg &£ 6%

ERNUCIEIRESE L, SEMARIIFRE AR SBagginghIs2Ig
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Bl: El59ZE (Image Classification)

Sovetn: Baovemal Kooy

basebd|-bat

acg

& What 1s the class of an image?

:
‘@
g
;

A. Bosch, A. Zisserman and X. Munoz, "Image Classification using Random Forests and Ferns," 2007 IEEE
11th International Conference on Computer Vision, 2007, pp. 1-8,
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5l: ElF932E (Image Classification)
O ESRFEFIEEE

-

-
==
=4 . . .
= Pyramid Histogram Of visual Words
u.u il L wmmm (PHOW)
Pyramid HOG
-
T
=9
)

it & A ea il
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EliR532%

O BEYARMEIES D3

o [BEHLIERA:

BNNTFD
B1AREE

e

Internal
node :

RSB RIa AT
RE—TMBEEN,
o — P EGRWETFEIMM, KRERENFD

1) #iEEFEXRE, 2) TR

/\ /\ Leat
. P X ¢n node
Classification Classification
Tree T, Tree T

l

FEHESE D &

(Image Classification)

ROMRSE
Uisprin =

8
33

Classification

Tree T,

l

Decision
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O Zhi-Hua Zhou, Ensemble Methods: Foundations and Algorithms, Chapman and

Hall/CRC; 1st edition, 2012

O Robert E. Schapire Yoav Freund, Boosting Foundations and Algorithms, The MIT Press,
2012
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