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» The Rules of Probability u pe e
Sum rule p(X) = ZP(Xa Y) p(z) = /P(ZU:’!J) dy \‘.
Y i

Productrule p(X,Y)=pY|X)p(X). p(z,y) = pylz)p(z)

Expectation E[f] = Zp(m)f(il?) E[f] = /p(a:)f(ac) dz.

X]Y p(X|Y)p(Y)
Bayes’ theorem }/X \ Zyp X|Y)p(Y)
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» Example: Coin Tossing Game

Actually, all theories related to this topic can be
explained in the game of coin tossing.
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» Basic Bayes’ Formula

____________________________________________________________________________
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* Remember the Bayes’ Theorem we learned in the probability
course? Toss one of two unfair coins, given the probability:

Coin Number Head Tail

1 0.8 0.2
2 0.4 0.6

o —
-

. Suppose the probability we chose the No.1 coin is 0.3 i

————————————————————————————————————————————————————————————————————————————

Question: We have tossed a coin and obtain a result of Head,
What's the probability of the coin is No.1?

o
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» Basic Bayes’ Formula

_________________________________________________________
g S~

7’ N

/"Event Y: Flipping result is Head
Event Z: The coin used is No.1

p(Y|Z)p(Z)
p(Z]Y) ()
p(Y|Z)p(Z)
p(Y|Z)p(Z) 4+ p(Y|=Z)p(—Z)
0.8-0.3
0.8-0.3+0.4-0.7

oon T N N Ry
e T e T L L L L T T T

-,
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Essence: Y is observation variable, Z is latent variable
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»Bayesian VS. Frequentist

Bayes’ formula is a mathematic theorem.

Bayesian, however, is a special school(*#7K) on the
opposite stance of Frequentist
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»Bayesian and Frequentist

The divergence of two school up to concepts of philosophy. On
the issue of Parameter Estimation, the divergence lies in that:

Problem Definition:
What’s the probability of a coin lands head?



1. Bayesian D M e

Data Mining Lab

What s the probability of a coin lands head?

—————————————————————————————————————————————————————————————————————————————
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=' To Frequentist, the probability is a constant C, which canbe |
i estimated by numerous experiments, that is |
i o _ Number of Heads landed i
i N Total number of experiments !
: "To Bayesian, there exists no constant, but only the observed data‘:
i generated uncertainly. Parameters are only the measures of |
i‘ uncertainty! |

———————————————————————————————————————————————————————————————————————————————

That is to say, parameters are
not constants, they also have
probability distributions




1. Bayesian

SURISIELIN=
] ] Data Mining Lab
Bayesian View
7 p = (pl,p2), is the parameters capture all the uncertainty in ™

this event.

p1 denotes the probability of coin lands head
p2 denotes the probability of coin lands tail

The random variables denoted by Y is the observation of a toss.

After several experiments, the observation serials are denoted as
. y=01Ly2y3,yn)
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 p(ply) xp(ylp) - p(p)
posterior  likelihood X prior

———————————————————————————————————————————————————————

Maximum Likelihood Estimation(MLE) is to maximize the blue part

In the Bayesian framework, we maximize the posterior. This
approach named Maximum posterior(MAP)
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Bayesian View
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/- Suppose, for instance, that a fair-looking coin is tossed 3 ™,
]

A classical maximum likelihood estimate of theprobability of

landing heads would give 1, implying that all future tosses
will land heads!

By contrast, a Bayesian approach with any reasonable prior
will lead to a much less extreme conclusion.
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Discussion: Advantages and Drawbacks of Bayesia

————————————————————————————————————————————————————————————
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. posterior o likelihood x prior

————————————————————————————————————————————————————————————

——————————————————————————————————————————
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Advantages

~
N

* Reasonable prior
* Unrepeatable experiment

Drawbacks

o5 T N ——————————
o I —————

* Hard to define the prior

~

——————————————————————————————————————————

More discussion can be found on Bl https://www.zhihu.com/question/20587681



Choose of Prior

l SURISIELIN=
\ ’ Data Mining Lab

REBIE PRI A, e IR [ BB AT R 5 SR et 1 !

LDA #27 )\ E
| |

Rickjin(# £ #), version 1.0




2. Beta &Dirichlet f% I
ijj/? ij : 3,%5 ;E& ? \ ’ Data Mining Lab

5 .
nﬁl”‘Biﬁmﬁilo/l\(o,l)zrmE‘J%ﬁz?, ER S EPNIEIED i 24
Algorithm 1 JifA%1
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p(ply) < p(y|p) - p(P)
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Bayesian View: LDA Model
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