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Step 1:
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Step 2:
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Classifiers

Step 3:
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(ambiguity) :
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KDDCupO7: B—24 “«« Decision Forests
and -

KDDCup08: #Ehx15E— 2 F|FBagging; #kbx2
#E—2 “--- Using an Ensemble Method ”
KDDCup09: Fast Track;ﬁ é% “Ensemble =--
” - Fast TrackZ®&E _% “--+ bagging -
boosting tree models *=*” : Slow TrackZE
— % “Boosting === ” ; Slow TrackZ 28— %

“Stochastic Gradient Boosting”

KDDCup10: &=—%% “ Classifier
ensemb | ing” kk"é% “.2s Gradient
Boosting machines *--
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KDDCup11: Track1EE—2% “A Linear

Ensemble === ” : Track15E—7%4
“Col laborative filtering Ensemble” ;
Track288—7%4 “Ensemble ==+ ; Track2ZE—

2 “Linear combination of =--”

KDDCup12: Track1E®E—2% “Combining =
Additive Forest =**” : Track25E—7% “A
Two—stage Ensemble of=*”

KDDCup13: Track1EE—2% “Weighted Average

Ensemble” ; Track1538—7% “Gradient

Boosting Machine” ; Track2ZE—%4
“Ensemble the Predictions”
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) KDDCup14: E£—%4 “ensemble of GBM,
ExtraTrees, Random Forest === F0 “the
weighted average” ; E£”% “use both R
and Python GBMs” ; 8=72 “gradient
boosting machines ... random forests” 0

“the weighted average of+”
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1 Bagging
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Boosting
0 BENMECT RS FHITREE,
EZ B 8 7 BIAE AR
o MG HEEARBEHRESF
o BIMEBFERRIAN . BIRIENK P T HEARI
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Boosting
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KFTE % AdaBoost
() 2003FFR/REK (Godel Prize)

Freund & Schapire, A decision theoretic generalization of on-
line learning and an application to Boosting. Journal of
Computer and System Sciences, 1997, 55: 119-139.

Sy =¥
o JERRY TR
o +4oEE ( “just 10 lines of code” -
Schapire)

)'“ Z IR R FF
EEI H,J EE—'L% = ﬁll:l:ll
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AdaBoost B EN

Gy _ W {exp<—a,-> if C,(x) =,
W=t ,
Z, | expla;) HC(x)#y

j\X._EiZ]XEéUEI_"fJC A %
O INREIREREBEKRKTS50%, SEEFTS
fdg1/N, FEEHFHIE B dR =)
0 R RS

C*(x)= argmaxiaﬁ(Cj(x) = y)

y =1
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AdaBoost B EN

0 E/MELIRRERK R

— delta loss

- square loss

— |ogistic loss

- exponential loss

- hinge loss

g 2.5
2.0
15+
05 \
g
3 2 1 0 1 2 3

p23



AdaBoostE 3%

Algorithm 5.7 AdaBoost Algorithm

Iw={w;=1/n|7=1,2,---,n}. {Initialize the weights for all n instances. }
2: Let k& be the number of boosting rounds.
3: fori=1to k do

4:  Create training set [J; by sampling (with replacement) from D according to w.
5. Train a base classifier C; on D;.

6:  Apply C; to all instances in the original training set, ).

T g = [ZJ w; 0(Cy(x;) # yj)] {Calculate the weighted error}

8: if ¢; > 0.5 then

9: w={w;=1/n|3=12.---.n}. {Reset the weights for all n instances.}
10: Go back to Step 4.
11: end if
122 «o; = %ln %‘-
13:  Update the weight of each instance according to equation (5.88).

14: end for
15: C'*(x) = arg max,, Z;le a;0(C5(x) = y)).

fhm: BRER T ERFZNRE (FIERASFESIERE)
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S & Al p — by iR A

0 BEEREN—HBIES

Original Data:
X 01 (| 02 (| 0.3 | 0.4 | 05 | 0.6 | 0.7 | 0.8 | 0.9
y 1 1 1 -1 -1 -1 -1 1 1
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AdaBoostE % /=5l

0 BI3)XboostingiE{X:

Boosting Round 1:

x jJo1jo4pos5]o6]oe6])ory)or]orsyosf 1 |

vy i1 +1-11 1431113141414 141

Boosting Round 2:
. x § 01401]02]02]02]02]03]03]03]03)]
[ ] A O [ O i [l B | O

Boosting Round 3:

x Jo02102py04]04]04])04]05]06])06]07]
y | 1 T Q1] A1 A1 A A1 A1 11

1 B RSFSHENE:
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Round | x=0.1] x=0.2] x=0.3] x=0.4§ x=0.5] x=0.6] x=0.7 | x=0.8] x=0.9] x=1.0

0.31130.31140.311
3 ]0.029]0.029]0.029] 0.228] 0.228] 0.228] 0.228] 0.009] 0.009] 0.009

_Round Jx=0.1]x=0.2 x=0.3] x=0.4] x=0.5] x=0.6§ x=0.7 ] x=0.8 ] x=0.9§ x=1.0|

3 ey ey S i DI RS- | -1
Mmmmmmmmmmmmm
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AdaBoostE £ N

— 1A
H *’T*.‘_‘Llyl\u . —1LL ‘
o Viola—Jones#& 25

Longuet-Higgins#®Z (2011) m E

Viola & Jones, Rapid object detection using a
Boosted cascade of simple features. CVPR, 2001.

ﬂ%7ﬁﬁ%$, (HYHBT) Ebstate—of-the—art
1R B R 1545
0 BHiRIRER:

o BT&EMF I BEFRIRERE A

AV1dan Ensemble Tracking. I[EEE TPAMI,
29(2):261-271, 2007.
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H{bBoostingE %

1 BoostingEH AR —fxiEZS

Input: Sample distribution D;
Base learning algorithm £;
Number of learning rounds T'.

Process:

1. Dy =1D. % Initialize distribution

2. fort=1,....T

3. hy = £(D;); % Train a weak learner from distribution D;
4, €t = Ppp,(hi(x) # f(x)); % Evaluate the error of h;

5. Di1 = Adjust_Distribution(Dy, €;)

6. end

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

1 AdaBoost.M1, AdaBoost.MR, FilterBoost,
GentleBoost, GradientBoost, MadaBoost,
LogitBoost, LPBoost, MultiBoost, RealBoost,
RobustBoost, ...

P29



Gradient Boosting

Input: training set {(z;,¥;)}?_,, a differentiable loss function L(y, F(x)), number of iterations M.

Algorithm:
1. Initialize model with a constant value:
n
Fy(z) = argmin Z L(y;, ).
7 i=1

2.Form =1to M
1. Compute so-called pseudo-residuals.

S .1 82}
OF(2i) | p)=F, 1(2)
2. Fit a base learner (or weak learner, e.g. tree) closed under scaling h,, () to pseudo-residuals, i.e.

train it using the training set {(z;, 7im ) }7-; .
3. Compute multiplier ,, by solving the following one-dimensional optimization problem:

fori=1,...,n.

Ym = argminz L (yi, Fr1 (wz) + 'Yhm(mz)) .
v i=1

4. Update the model:
Fn(z) = Fp1(2) + Ymhm ().
3. Output Fir ().

P30



XGBoost

Input: training set {(z;, ;) })¥,, a differentiable loss function L(y, F(x)), a number of weak learners M and a learning rate .

Algorithm:
1. Initialize model with a constant value:

~

N
f (@)= arg;nin Z L(y;,0).

i=1
2.Form=1to M

1. Compute the 'gradients’ and 'hessians':
[OL(y;, f(z:)) ]
0f(zi) L t@)=f 1@
» —62[/ ) P

L @S Lt @

gm(wi) =

: . - Im (i
2. Fit a base learner (or weak learner, e.g. tree) using the training set {z;, — Am( i)

}fil by solving the optimization problem below:

m \Lq

1 G () :
qASm = arg min —izm(zz-) I ()] .
= ; 2 b (25
f (@) = gy, ().
3. Update the model:

f(m) (JJ) = f(m—l) ((I:) + fm(w)

M
3.0utput £ (2) = £ (@) = 3 F(@):
m=0

=

w
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1 Boosting
1 Bagging
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1 Stacking
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Bagging (Bootstrap AGGregat ING)
0 HITRERFEI FEARER

(=2 79 :
S )i C1Ra: 0):VE =
Original Data 1 2 3 4 5 6 7 8 9 10
Bagging (Round 1) 7 8 10 8 2 5 10 10 5 9
Bagging (Round 2) 1 4 9 1 2 3 2 7 3 2
Bagging (Round 3) 1 8 5 10 5 5 9 6 3 /
I~ 3/ = /\/\ og
2 BPRERINEZ a3t

DEAHKW RHEFERIMHLER -
1N 1
1—(1——) >1—==~632%
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Bagging& %

Algorithm 5.6 Bagging Algorithm
. Let & be the number of bootstrap samples.
cfori=1to k do
Create a bootstrap sample of size n, D,.
Train a base classifier C; on the bootstrap sample D,.
end for
C*(z) = argmax, Y, 0(Ci(x) = y), {d(-) = 1 if its argument is true, and 0
otherwise. }

AN B Y
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Bagging B &Rl

S At
Z [EE B

1)

Amr

H"J—ZE%&:J'

o ARFEAM: x < k
o ME|SkEIE(E R ik

Original Data:
X 01 ( 02 | 03 (04| 05| 06 |07 | 08| 0.9
y 1 1 1 -1 -1 -1 -1 1 1
m/NHAAHKEEBER _ /N E sh&els
0 BN ESEFE— N ERANRTRN
<
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Bagging B &Rl

Bagging Round 1:
x<=035=2>y=1

x>035=2>y=-1

vy 11+ 3131 4131114314113 1
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Bagging B &Rl

Bagging Round 1:

vy i1+ 4+ 3131 4141111431413 1

Bagging Round 2:

x Jo1jo02p03p)04j05)054099) 11 1 1 1
vy 1+ 4+ 3131414314141 41131

Bagging Round 3:

. x Jo1)o02]o03fo4]o04]o05]07]o07]08]09
[y I R T SEE FETS E S A e B

Bagging Round 4:

x yo1jyo01)02y04]04])051]05]07]08]09
[ IR R TR PR A0 [0S S O PR T

Bagging Round 5:
x Jo1jo1jo2yosjyo6jo6yoey 1 1 17 1
y 1 1 1 -1 -1 -1 -1 1 1 1

x<=035=2>y=1
x>035=2>y=-1

x<=0.7=>y=1
x>07=2>y=1

x<=0352>y=1
x>035=2>y=-1

x<=03=2>2y=1
x>03=2>y=-1

x<=0352>y=1
x>035=2>y=-41
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Bagging B &Rl

Bagging Round 6:

_x ] 02]104)05)06)07)07)07§08)09] 1| x<=0753y=-1
>075> y =1
vy 1 11 1117117171714 1f]1]1] ~ Y

Bagging Round 7:

x Jo1jo4p)04)06]07408])09]09]09]) 1 X:=0°7-Z5_)')V_=1-1
v 11 {41431 11414143131 ]1] *XnTY

Bagging Round 8:

] 0.1 ) O2Syin0 ROSAEREY0.7/))/0.0//0 SO RN IR, % == 0-79 9 v = -1
[ R R R SEE FETS EE S A A O oy

Bagging Round 9:
x Jo1103§04)04)06)074074087F 1] 1 ;:7)07-;5_)')),3';1-1
[ I R T P BT (R0 S (T PR AT '

Bagging Round 10:
x §o1101401)01)03])03]J08]08]09]09
y 1 1 1 1 1 1 1 1 1 1

x<=0052>y=1
x>005=2>y=1

P38
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0 BaggingB AERM T RFZHHAEMNFE

1+ 1w
E(C) = E (;z ci) = 72 E(C,) = E(C) = u
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BEHL AR EE

Algorithm 1 Random Forest

Precondition: A training set S := (x1,y1),..., (Xs ya), features F, and number
of trees in forest B.
1 function RANDOMFOREST(S, F)

2 H«0

3 foriel,...,Bdo

4 S « A bootstrap sample from S

5 h; «— RANDOMIZED TREELEARN(S ), F)
6 H« HU {h,}

7 end for

8 return H

9 end function

10 function RANDOMIZEDTREELEARN(S, F)
11 At each node:

12 f « very small subset of F

13 Split on best feature in f

14 return The learned tree

15 end function




B3R+ B AR 42

0 FEHLEEFERFA
o M MEHLIEFENFIENGNE T LE ORRE
) FERMER (pFEN)
o ATFHHEHBEYVREY, EHRERREAES]
SRR T CGRER) |, IESZ21LEE
0 FHEEHRILleo Breiman, 1928-2005

o Breiman, Random forests. Machine learning
45(1):5-32, 2001.
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StackingE %

Bk 2 (Stacking)
D, B EINGEIEL, Ly, .. Ly, B EINGE
V% L'
1. fori=1toT:
he = Li(D)

1]
=
Q.

<
|
=S
—+
O
3

fort=1toT
Zit = he(x;)
end
. D'=D"u {((Zil’ziZ' '"'ZiT)'yi)}
10.end
11.h" =L (D")
1251 : H(x) = h'(h{(x), ..., hy(x))

@)
=

©ONDY AW
—
\o
q
I
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0 IBEZ#%FES] (Multiple Kernel Learning,
MKL) HYZAH

O YFHERLE

o BMEANA] I BN 25 M4FAE

o g, &

O ’gxﬂiﬂ’,

0 ZiERE

o AN{AIEIFEA[=]ZERY
Hrtz. ZINT\#x
o PNEIESHAVIZ R

1;%’\325

T A[$2ENSIFT, HOG, GIST
EEE2H S ZMeEiR A TN ERRER

UEVRZER R, WLz S

Y adlaraz

Z=F=F !
B, WEFESE?

=]
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Conventional Ensemble Multiple Kernel Learning
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ZIZF SISk R B
- %’71‘?’5;525’9%%@%%
Sapa(X)= de <wW ., (x)>+b
0 KBRSk E (ZE{TFSWM)
min —Zd [w,.I +CZ¢

wdbéz

st (O, <W,, 0, () >+b)21-&
m=1

E>0 d,>20 v

P52



KBS ZFE IR RML B
0 XE&ERE T X LR R X (8] @
o AIFIRMINESKERE L (JACVXOPT, Mosek,
CPLEX)
0 i AFETRZEM MK E]R (semi-infinite
linear program, SILP)
o BidF|4E K (Column Generation) AR
##[Sonnenburg et al., 2005]
0 R#EE (Subgradient) % [Rakotomamonjy
et al. 2007]
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AR TR SR X

0 FeFOs

M

Pr(w;|xq, ... xp) 1_[ Pr(w;|x,y,)

0 BMEA
o BRIEDLBFBABOESE: Pr(w|x,,) =
Pr(w;) (1 + 6pn)

M

Pr(w; | e o 1_[ Pr(wy) (1 + )

m=1

M M
< N B % ) Priwnlm)
m=1 m=1
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it 2R
O IANMKREMEID [Ma et al., TPAMI 2013]

Pr(wilxy, .. xn) o | | _ [Pr(aylxm) &m@
Dependency

weight

O FIAMBFRHR RS RIEHEZER [Ma et al.,
|JCV 2014]

Prior

Pr(w;|xq, ... xp)

0.0)

M
« XN Ay | | PrC@lxm)]™
m=1

k=0 |n{+--+nyl|=k
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concat

ﬁ / ' ﬁ
add | _
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Input

¥

Dense Block 1

Dense Block 2

Dense Block 3

Prediction

‘horse”
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CliqueNet [Chen et al., GCVPR 2018]

Stage-I feature Stage-II feature

Input ’ O O

= = =
o - 4 = s 4 o & %
N R S S
: ° o o | e = & @
Clique Block 1 Clique Block 2 Clique Block 3
X,, Stage-ll Xo, Stage-Il Xo, Stage-Il
} '
Global Pool Global Pool Global Pool
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FPN [Lin et al., CVPR 2017]

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network
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EF3E (Dropout Method)

O F—PMHEZEEy = f(Wx +b), SIAN—]E
FEREAHESy = f(Wd(x) + b)-.

{m@x 21| ZRB BRI

px  SIAK B

Hhm € {0,1}¢ 2EFHEE, B UBERAp

dix) =
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Dropout®= Y
0 EREF SRR
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~ ]\_[ Z f(x,0m),
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H i f(x,0,) REmRX M RAERF A

= B 4%

P63



FIHATE (Cycl ical) & 3] IR

s ST RiAm/IMEMNEET, EKXFIRFGEH)
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s ST FIHH /I MEMNERT, EKXZE SRR

BrgeE1x B s /MERIIN S |18 (Basin of
Attraction) A

g -

v S AR
(a) =MESRF )= (b) “f #AEE 3 AR 5% IRk




Cyclical Learning Rates [Huang et al.,2017]¢¥%;

1 Left: converge to a minimum at the end

2 Right: converges to and escape from multiple
ocal minima for test-time ensemble
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