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H(X,Y)—H(X)
==>"p(x,y)log p(x, y)+>_ p(x) log p(x)

- _Z p(x,y)log p(x,y) +Z[Z p(X, Y)] log p(x)

=-> p(x,y)log p(x, y)+ p(x,y)log p(x)

_ Ylog PXY)
%:p(x y)log 200

== P(x,y)log p(y[x)
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H(X,Y)-H(X) =—XZ p(x, y)log p(y|x)
=—;Z p(x, y)log pknyX)

= —Zé p(x)p(y[x)log p(y|x)

= —; py(X); p(y[x)log p(y|x)

= p(X)[—Z p(y|x)log p(y| x)j
=> P(H(Y [ X =x)
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| | Viewer ﬁ E X
Relation: weather. symbolic : = sunny' = overcast = raify’ E
Mo, | outlook | temperature | humidity | windy | play : | :
Nominal Mominal Hominal Meominal | Hominal I 1
1 |sunmy  |het hi gh FAISE |me : !
2 |sunmy  |hot hi gh TRE  |no X !
3 overcast [hot high FAISE  |yes : 1
4 rainy mild high FAISE |yes 1 = h|gh = nnrmal = TRUE = FALBE :
5 rainy cool normal FAISE  |yes : :
[a] rainy cool normal TRUE no : :
7 owercast [cool normal TRUE ves 1 - - - -|
8 |suny  |mild hi gh FAISE |no -
] sunTy cool normal FAISE  |yes
10 |rainy mild normal FAISE  |yes
11 |sunny mfld ru.:-rmal TEUE wves 6}‘_ : \X/eka ﬁ@ /il\g %4@ 4F- %% ﬁa %;% b7 4 %(\X}alkato
12 |overcast mild high TEUE ves . .
13 owvercast hot normal FATISE ves EnVIronment for KnOWledge AnaIYSlS) y ﬁ'— ék % % 6@ y jF‘
14 |rainy mild high TRUE no /

A A( 5 2 2t 5 6 B SPSSAN 5] 7y s JB 0 £ &

v [ ] [emea ||| Clementine )&, & FJAVASR ST 7% @4 5% 1
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REH (Decision Tree)
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I8 F 4 EH(DIA)

H(D|A)= —ZpD A )log p(D, | A)
=—Zp )p(D, | A )log p(D, | A)

=—> > p(A)p(D, | A )log p(D, | A)
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— Entrop!y "N -'
— Gini o
04l =~ Error S ,’ ‘ R
= = ﬂé& Eq A ’;I N . :
Egi» \ fét;,ikz | R o
anmn_mmmkmwm“mm;mwm”mm;mmmnmmf(mm _
import numpy as np
import matplotlib.pyplot as plt vy
0.0 . .
0.0 0.2 0.4

if name == "_main__ ":
p = np.arange(ea.eeal1, 1, 8.ea1, dtype=np.float)
gini = 2 * p * (1-p)
h = -(p * np.log2(p) + (1-p) * np.log2(1-p))/2
err = 1 - np.max(np.vstack((p, 1-p)), @)
plt.plot(p, h, 'b-", linewidth=2, label="Entropy’)
plt.plot(p, gini, 'r-", linewidth=2, label="Gini")

plt.plot(p, err, 'g-', linewidth=2, label="Error’)

plt.grid(True)
plt.legend(loc="upper left’)
plt.show()
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SRELHIER R

sepal length < 5.45
entropy = 1.5822
samples = 105
value =[36, 32, 37]
class = lris-virginica

S

True False

sepal width < 3.45
entropy = 1.2082 i i i
samples = 67 ) 45 50 55 60 6.5 70 7.5
value = [3, 28, 36] Al
class = Iris-virginica HSKE
N

A 4
sepal length = 6.25
entropy = 0.9932
samples = 62
value = [0, 28, 34]
class = Iris-virginica

M emr e A7
sepal length = 4.7

entropy = 1.2516
samples =6
value =[1, 4, 1]
class = Iris-versicolor

Y
epal length = 4.95

sepal length < 6.45
entropy = 0.971
samples = 5
value =[3, 0, 2]
class = Iris-setosa

sepal width = 2.45

entropy = 0.7219 entropy = 0.9183
samples =5 samples = 30
value = [0, 4, 1] value = [0, 20, 10]

class = Iris-versicolor

A
( ath=5.75

sepal len

class = Iris-versicolor

sepal width = 2.45

entropy = 1.0 entropy = 0.9612
samples =2 samples = 26
value =[0, 1, 1] value =[0, 16, 10]

class = Iris-versicolor

L

class = Iris-versicolor

sepal width = 2.85 sepal width = 2.65
entropy = 0.7642 entropy = 0.9975
samples = 9 samples =17
value = [0, 7, 2] value = [0, 9, 8]
class = Iris-versicolor class = lris-versicolor
L i E
entropy = 0.971 entropy = 0.9887 entropy = 0.994 '.ada-oop.f:'ﬁ

samples = 11
value = [0, 5, 6]
class = liis-virginica

samples =5 samples = 16

value = [0, 3, 2] value =[0, 9, 7]
class = Iris-versicolor class = Iris-versicolor
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Bootstraping

Bootstraping #9 & #; £ f1 &% “pull up by your own
bootstraps”, & &R F/h A T RER, A QH
&%‘} ‘aﬁﬂﬁﬁﬁi@ﬁﬁéﬁbif?}‘&%o = ‘

B 3. BootstrapA X A s FoisaundHhin. J %,
#F, RERFHAF @ LIz E., “pull up by your
own bootstraps”fp ‘@it #FiLkqg LA , EB-A
‘AT AL EHR - FLAERAALTHE, B%h
‘FEENRE, BREAAVELQTEREHR
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Hir
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BaggingHY 7R B

bootstrap aggregation
IAHEAEFPEEAHATELG)LENNHA
LR EHRLE, AINNKAEZZ P LS
(ID3. C4.5. CART. SVM. Logistice y2%)
FTARLBBIME, EFTMNGELES
HEBEHRAINMNpEBZ L, RSB ZIM
Nt BOBREHLE, L HEETH—£
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Another description of Bagging

Given a standard training set D of size n, bagging generates m new training sets Di, each of size n' n,
by sampling examples from D uniformly and with replacement. By sampling with replacement, it is
likely that some examples will be repeated in each IJ;. If n'=n, then for large n the set [); is expected
to have the fraction (1 - 1/e) (63.2%) of the unique examples of D, the rest being duplicates.['] This kind of
sample is known as a bootstrap sample. The m models are fitted using the above m bootstrap samples and
combined by averaging the output (for regression) or voting (for classification).
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<T 34 & 3., Bootstrap4 & 49 # 36.79% ¢4 # A

T Ak LA Bootstrap st £ £ A £ A F,

“TEAL SR % G EBERAENKE

OOB(Out Of Bag). % T 5% A F B A, il X, 4

B T 12 £ 1& 1o

B Breimansx &34t £ 6] 6917 X1E A £ o 2 E 2 £
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Bagging

Schematics of Bagging

Bootstrap Sample 1 )~~~ e & (1" )

Bootstrap Sample B /) """ 777777 o TB (.’13 )

T
sign[> " Ty(z)]
B RIS T 36/63 L&
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B A Aotk bagging Aosd b4 T 44 ok,
B A H A% P ABootstrap £ # & n/A4 A
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Wik A% 5 2CART £ $48;

B T tmdmik, fp 2 Tmi2CART & £ 4
B SMMNCARTH X HAuAth, BB ZEEREL R,
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W FSE]: Kinect

3.3. Randomized decision forests

Decision forests are considered effective multi-class classifiers. Forest is a group of T
decision trees, where each split node is represented by a feature and a threshold 7. The
procedure starts at the root node of a tree, evaluating equation 1 at each split node and
branching left or right according to the comparison to threshold 7. The leaf node consists of a
learned distribution P,(c|I,x) over body part label ¢, in the tree t. Figure IV illustrates the

forest approach.

,x (1,x)

tree 1 tree T

Pr(c) II I
I Py(c)

Figure IV. Decision forest.

The final classification is given by averaging all the distributions together in the forest.

Equation 2 represents this classification.

T
1
P(ell,x) =3 D Pell,x) (@)
t=1

The final classification is given by averaging all the distributions together in the forest.

Equation 2 represents this classification.

\ %

I\

l

) ' fron n ’ 5ide
H' o @ || ¥

1 #2300 . . e i
u . front :. >4 i 'i;e

depth image == bodyparts =

L3
L

3D joint proposals

Real-Time Human Pose Recognition
in Parts from Single Depth Images,
Jamie Shotton etc,2001,
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Temperature
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1.2 BRI E
e o JIZHIE 5
— HXE |

1ol — DecisionTree Regressor ®

—— Ridge Regressor (6 Degree)
Bagging Ridge (6 Degree)
m== Bagging DecisionTree Regressor

..................................................................................

.........................................
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Code

if _name__ == "__main__":
np.random. seed (@)
N = 200
X = np.random.rand(N) * 1@ - 5 # [-5,5)
X = np.sort(x)
y = f(x) + 8.85*np.random.randn(N)
X.shape = -1, 1

ridge = RidgeCV(alphas=np.logspace(-3, 2, 1@), fit _intercept=False)
ridged = Pipeline([('poly', PolynomialFeatures(degree=6)), ('Ridge', ridge)])
bagging ridged = BaggingRegressor(ridged, n_estimators=10@, max_samples=8.3)
dtr = DecisionTreeRegressor(max_depth=5)
clfs = [
('DecisionTree Regressor', dtr),
('Ridge Regressor(6 Degree)', ridged),
('Bagging Ridge(6 Degree)', bagging ridged),
('Bagging DecisionTree Regressor', BaggingRegressor(dtr, n_estimators=10@, max_samples=08.3))]
x_test = np.linspace(x.min(), 1.1*x.max(), 1@00)
mpl.rcParams|[ ‘font.sans-serif'] = [u'SimHei']
mpl.rcParams|[ ‘axes.unicode_minus'] = False
plt.figure(figsize=(12, 8), facecolor="w")
plt.plot(x, y, 'ro', label=u’lZ:#iE")
plt.plot(x_test, f(x_test), color="k', lw=1.5, label=u'E3{g")
clrs = "bmyg'
for i, (name, clf) in enumerate(clfs):
clf.fit(x, v)
y_test = clf.predict(x_test.reshape(-1, 1))
plt.plot(x_test, y test.ravel(), color=clrs[i], lw=i+1, label=name, zorder=6-i)
plt.legend(loc="upper left")
plt.xlabel("X', fontsize=15)
plt.ylabel ("Y', fontsize=15)
plt.title(u' EHBRLHLE", fontsize=21)
plt.ylim((-0.2, 1.2)) = Ba
plt.tight_layout(2) . ]clhl%g'f"
plt.grid(True)
plt.show()
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Isolation Forest

MAvkHHE, MivkE o8 s, £8—2
BBk EMiTree, 2 F &HiTreesm & iForest
B it HiTree & # AXA A F| ot F ¢ £ A F(X)o

B+ diForest #1(X) 4 & FoF(X)

FEwtem: ZHAXAFFTHE, cEA XS
#iTree f jete AR F| Lt F, BpF(X) % o
R
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N
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éclass TreeNode:
S def _init  (self):

self.sample = [] =
self.feature = -1 #
(:: (j self.value = © #

() EB self.type = -1 =
self.left = -1 #
self.right = -1 #

: & self.gini = @
g def split(self, tree):
f = self.select_feature() e def gini_coefficient(self):
& self.choose_value(f, tree) types = {}
for i in self.sample:
5 def select feature(self): # 2/5/=; type = data[i][-1]
n = len(data[@]) if types.has_key(type):
if rf: types[type] += 1
return random.randint(e,n-2) else:

gini f =1 # qiniBHREAE types[type] = 1

f = -1 # giniiEdi=HI pp = ©

for i in range(n-1): m = float(len(self.sample))

g = self.gini_feature(i) for t in types:
if gini f > g: pp += (float(types[t]) / m) ** 2
gini f = g self.ginli = 1-pp
£ =3 max_type = ©
& return f for t in types:
f if max_type < types[t]:
max_type = types[t]
& self.type = t
BB AR TS 51/63 &%=



Code

G

S|

def choose_value(self, f, tree):

f max = self.calc_max(f)
f min = self.calc_min(f)
step = (f_max - f_min) / granularity

if step == 9.
return f_min

Xx_split = @

g split =1

for x in numpy.arange(f_min+step, f _max, step):
if rf:

X = random.uniform(f_min, f_max)
g = self.gini_coefficient2(f, x)
if g _split > g:

g split = g
x_split = x
if g_split < self.gini: # #F/Eqinl FiEZF T FEX

self.value = x_split

self.feature = f

t = TreeNode()

t.sample = self.choose_sample(f, x_split, True)
t.gini_coefficient()

self.left = len(tree)

tree.append(t)

t = TreeNode()

t.sample = self.choose_sample(f, x_split, False)
t.gini_coefficient()

self.right = len(tree)

tree.append(t)

BB AL SIS
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: node = tree[@]
| while node.left != -1 and node.right != -1:
i if d[node.feature] < node.value:
COde ! node = tree[node.left]
: else:
odef decision_tree(): : node = tree[node.right]
= len(data) i@ return node.type
= len(data[e])
tree = [] ‘odef predlct(d forest): !
root = TreeNode() E = {} i
if rf: : for tree in forest: i
root.sample = random_select(alpha) i type = predict_tree(d, tpee)
else: : if pd.has key(type). |
root.sample = [x for x in range(m)]: pd[type] +=
root.gini_coefficient() : else: I
tree.append(root) | pd[type] = |
first = © i number = @ |
last = 1 : type = 9.0 l
for level in range(max_level): i for p in pd: i
for node in range(first, last): ! if number < pd[p]:
tree[node].split(tree) i number = pd[p]
first = last : type =p i
last = len(tree) o return type l
print level+l, len(tree) T TTTTTTTTTTTTTTTomToommmoomooooommoooooes |
) return tree
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BHLARER: 4, Tree
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