Presentation about decision tree,
neural network, Bayes classifier

BY Yuxuan LuC
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2.Neural network
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We need to calculate all features’ information entropy and information gain
Select feature a- = argmax Gain(D, a) as decision attribute

Gain(D, color) = Ent(D) — £, =1 Ent(D¥) = 0.998 — (55 +
Ent(root): Ent(DY) = — El §+§1 A 0.955
. n = 8 ng 8 8 ng 8 = U.

4 3 3
Ent(D?) = —( log, = = 7log2 ) 0.985

2 2
Ent(D3) = — ilong +0log, 0] =0

Gain(D, root) = Ent(D) — ¥3_, 'l’;l'

Gain(D, patting sound) =0.141
Gain(D, belly) =0.0.289 Gain(D, touch) =0.006

Ent(D’) = 0.998 — (—*0955+—*0985+—*0) =042



Ent(D1)=-(g log, g + %logz §)=0.764

Ent(Di,green)=-(zlog2 z + ilogz i)=0.811
Ent(D!,white)=-(0log, 0 + 1log, 1)=0
Ent(D1,dark)=-(zlog2§ +ilog2 i)=0.811

IDY|
1 p|

Gain(D?, color) = Ent(D) — ¥3_, —— Ent(D) = 0.764 — (g «0.811 + % x0.918 +§ x0.811) =0.044

Gain(D1,patting sound) =0.331

One of three attributes can be the decision one
And after calculation,finally get a decision tree.




Other method generate decision tree

1 CA4.5 decision tree

CART decision tree use Gini_index instead Gain to decide decision attribute

14
Gini_index(D,a) = Z

DY|
Gini(D")
D]

v=1

The lower Gini(D),the more purity of Dataset D.Select mini Gini_index(D, a) as dec€ision attribute.
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T, as a node to calculate entropy and gain g
%
Gain(D,a) = maxGam(D a,t) = max Ent(D) — Z |Dtﬂ| Ent(D}) E
LET, tET, |D| ¢ &
A€{—,+} %.e‘
0.243 + 0.245 0.245 + 0.343
SHER T = > = (0.244 = > = 0.294
Tdensity = {0.244,0.294,0.351,0.381,0.420,0.459,0.518,0.574,0.600,0.621,0.636,0.648,0.661,0.681,0.708,0.746

v,

8 8 8 8
Ent(D,a,—0.244) = —(0log, 0+ 1log,1) =0 Ent(D,a,+0.244) = — (1610g2 E-l— Elogz T

16 1
Gain(D, density, 0.244) = Ent(D) — ( TRERETE 0) = 0.998 — 0.941 = 0.057
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Gain(D, a) = p x Gain(D, a) Ent(D) = = px logs pr -

= p x (Ent (D) - UZ:;F" Ent (Dv)) k=1
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) = 0.985

2
Ent(D) = - Z P log, Py = — (ﬁlogz 2t 17108272
k=1

7 2 2 2 2 B2) = o [ o
Ent(D%) = — (~logy— +~logy = | = 0
T = g8y T %82 |
3

N - N ~ 4 6 4
Gain(D, color) = Ent(D) — Zvant(D ) =0.985 — Tz 1+ 7,%0918+-7+0) <0306
V=



Decision tree application




2. Neural Networks

Nhat is neural networks?

Perceptron and multi-layer

output

Neural networks include three parts:
(DArchitecture

DActivity function

@Learningrule



How neural networks works?

Perceptron consist of two layers: input , output.Perceptron easily solves “A,v, ="problem.

xleZ set W1=W2=1,9=2 =
Onlywhenx; =x, =1,y =1

x1Vx2 set W1=W2=1,6=0.5 y=f(1*x‘l +1*x2_05)

Onlywhenx; =1lorx, =1,y=1
—1Xq set W1=—0.6,W2 =0,9 = —0.5 y=f(_06*x'1 + 0 2+ 5)

whenx; =1,y =0whenx; =0,y =1



. e AR — G A A 22 6 A
Parameter update function:v « v + Av ‘ a Z": :
Bj = ) wyjby
d l J ]
Dataset = {(x1,¥1), (X2, ¥2), eee ee, (i, Vi) 1, x; € RY,y; € R gy =

f(x) = sigmoid(x) =

Learingrate:n ' % h ANIeEAY 2 A A
d

1+e™>
Node h receive input a, = ¥, vix;;threshold y,

Node j output B; = X _, wybpithreshold 6;

Set neural networks output 9, = (9§, 9%, ..., 1)
l

E=f(B~6)  ermor Be=5 Y GF ~ 3
P aaEk O, _ OF ay‘f‘_: 0p; aB;
Whj awh}- ayj aﬁj awh}- 6Whj
OE, 0Ff

_ _ sk _ skyeok _ ok ——
gj__aj;‘]f{*aﬁj_yj(l VOOf =97  Awnj=ng;bn



Ab; = —ngj ,

l
=> w hgg;;f (an — vn)
Jj=1

A‘U—gh = T€hy ,

I
A~y = —nep, , & - f (an =n) br(l —bp) > wh;g; -

j=1

Aim to minimize E = %Z’,@Ll Ey

An unsolved question: how accumulated error backpropagation works ?

Sometime E traps into local minimum,but it is not the global minimum.
Solution:1.use another original value and start again,after serval trial,
select the minimum E.
2.use simulated annealing technology,every step has a rate to
accept a worsen result.
3.random Stochastic Gradient Descent.
4.genetic algorithms



Neural networks Application
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3. Bayes classifier

If h can minimize the conditional risk, (0 FimT

the total risk R(h) can reduce at the same time i =31 otherwise
h*(x) = argceyminR(c|x) R(clx) =1 — P(c|x)
h*(x) call Bayes optimal classifier,R(h*) Bayes risk h*(x) = arg.cymaxR(c|x)
So maximize P(c | x) can minimize the R(c | x|
P P
pely = PP

P(x)



Parameter P(c|x) need to be calculated,use Maximum Likelihood Estimation

0. = argg maxLL(6,)

If parameteris continuous-value,we typically assume that P(c|x)~N(u., ¢) that

uc = IDCI * O-C |D | Z (x HC)('X P'C)T

X€ED,



Naive bayes classifier adopt attribute conditional independence assumption.
Ne

da
__P(x|c)P(c) P(c) - |
Plel) = p o2 = ()ﬂp( 10 @ argceymaxP(c)l;[P(mc)

1Dc| | c,xll

D]

P(c) =

Continuous attribute

(x; — Hei)?
202

c,i

1
p(x |C) _\/_O' exp(— )

In order to avoid missing some atiribute,use Laplacian correction




e.g. e e
P(good)———“” e mE ORE O MF O AE BB MR BE ANR  §

fezesior v W1 MR M4 MmO MK BE 06 0460 7
P(green | good)=: = 0.375 e e ——

P(green | bad)=: = 0.333
P(curve | good)=§ = 0.375
P(curve | bad)=: = 0.333

P(density=0.697 | good)=—r— Olzgexp(— (0'62?.:70,_10;4)2) = 1.959 /
P(density=0.697 | bad)=—=: Olzgexp(—(0'270_102'5;4)2) —1.203
P(good)=0.471%0.375%1.959*...= 0.063

P(bad)=0.529 * 0.333 ¥ 0.333 *--- = 6.80 * 10>

P(good)>P(bad),so this sample is good one



One-Dependent Estimator

Assume that every attribute depend on at most one non-class attribute.

d
P(c|z) < P(c) [ | P(=: | ¢, pai)
=1
To solve the problem,need to find out the parent.
If each attribute depend on the same attribute,
called Super-parent ODE like the model(b).
Model (c) Tree Augemented naive Bayes is based
on maximum weighted spanning tree,at last simplify
Info tree.

P(:L‘,',.'L'j I C)
z; | ¢)P(z; | c)

I(zi,zj |y)= Y Pziz;j|c)log B




Use Directed Acyclic Graph to describe the relationship between attributes
And Conditional Probability Table display the joint distribution probability.

B =(G,0) GisDirected Acyclic Graph.
O is parameter.

joint distribution & &
orobability:  Pg(xy, Xg, e, Xg) = 1_[ Py (x;|m;) = 1_[ O i
i=1 i=1

e.g.
P(xllx21x3lx4’x5) — P(xl)P(xZ)P(x?)|x1)P(x4|xlﬁx2)P(x5|x

A
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Method: B
1.Create a moral graph g,_J RS
Add edges between all pairs of nodes having K %] 0.7 [0
a common child. T )
Remove all directions
2.Find out all conditional independent ralationship

0.3

X3 L x4]x1,%X4 L X5[x2,X3 L Xx5]x7,X3 L X5[x1,%X3 L x5




Learning

Dataset D={xy, x,, ..., x,;, }. Beyesian network B=(G, €

DIlie +hA ~ I~
5 [ ISThe humbpber C

Score function:  s(B|D) = f(8)|B| — LL(B|D parameters

N f(B)IS the L af each 6
LL(B|D) = Z log Pg(x;)
i=1

If £(§)=1, AIC(B|D) = s(B|D) = |B| — LL(B|D)

Iff(9)=%logm , BIC(B|D) = s(B|D) = %logm |B| — LL(B|D)

f(6) is constant, 8,1, = Pp(x;|m;), to minimize s(B|D) is to search the structure
But it is hard to solve,use Gibbs sampling to solve.



Gibbs sampling

Tt
|

KRR P (0, | 7 = 2) RREFIRQ,BVES
t_|9qt 1¢JE’jq 1%% gj@

]0 end for
11:if g* = g then
12: ng — ng + ]
13: end if
14:end forfgi: P(Q=q | E=e)= %

ﬂ =




Application




4 \Which is difficult to realize?




nat’s all thank you!




