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CS188 Summer 2018 Section 10: HMMs and Naive Bayes

1 Particle Filtering

Let’s use Particle Filtering to estimate the distribution of P(W3|O1 = A, O2 = B). Here’s the HMM again:

m @ Wi | Wirt | PWeri|We) Wi | O | P(O:[Wy)
Wi | P(Wh) 0 0 0.4 0 | A 0.9
0 0.3 0 1 0.6 0 | B 0.1
1 0.7 1 0 0.8 1 | A 0.5
@ @ 1 1 0.2 1 | B 0.5

We start with two particles representing our distribution for Wj.
P1 . W1 =0

P2 . W1 =1

Use the following random numbers to run particle filtering:

[0.22, 0.05, 0.33, 0.20, 0.84, 0.54, 0.79, 0.66, 0.14, 0.96]

1. Observe: Compute the weight of the two particles after evidence O, = A.

w(P4)

)

p(Os=Alw,0) = 02

W(P';) P(OL=A |W1_=1)= 0.5

1)

2. Resample: Using the random numbers, resample P; and P, based on the weights.

Want Yo Vie e weights sbove Yo SamPle Aewy rwﬂc\c ‘)osﬂ‘iw\s
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3. Elapse Time: Now let’s compute the elapse time particle update. Sample P; and P from applying the
time update.

P = 0O ((i'\le 0.9 < 0.\‘) Wi | Wigr | P(Wigp1|We)
1 0 0 0.4
0 1 0.6

ty s 0 (cme o0 <o) = =

0.% 9.20

what f 0.3

4. Observe: Compute the weight of the two particles after evidence O; = B.

W ( P \ = ? ( = W = 0) = 0.1 Wi | Or | P(O¢|Wy)
1 0,28 | Wi 0 | A 0.9
0 B 0.1
- - _ 1| A 0.5
w(Pa) = P (0, 3B]Wiz0) = 0.1 A
5. Resample: Using the random numbers, resample P; and P» based on the weights.
Tatewnls! 0.84, 0.54,

Tost Wy=o ‘- ):o, 1]

= Pe = o
Pz = 0

6. What is our estimated distribution for P(W5|0O; = A, Oy = B)?
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Naive  Bayes
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2 Naive Bayes

In this question, we will train a Naive Bayes classifier to predict class labels Y as a function of input features
A and B. Y, A, and B are all binary variables, with domains 0 and 1. We are given 10 training points from

which we will estimate our distribution.

0|01 1 1
1/1(0(0|0}1|1]0[0]O0 o o

1. What are the maximum likelihood estimates for the tables P(Y'), P(A|Y), and P(B|Y)?

£ (o 0) = T7 P03

TP (Aa, Babi, Yay)

T:r PLA=EY=y) P(B=bi(Y=y) P (Y=y)
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2. Consider a new data point (A =1, B = 1). What label would this classifier assign to this sample?

What  [ake | CAN e 'ass?%n?

Whet  bools do we  hoe b dedde ?

- A'- s = _é. . —s. . L’ = i
P(Y ol 1'/ B 1-) Ao 6 ? 3
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3. Let’s use Laplace Smoothing to smooth out our distribution. Compute the new distribution for P(A|Y)
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