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= HMMs
= Particle filters f €K
= Demos! SRR
= Most-likely-explanation queries

= Applications:

= Robot localization / mapping N : #l8s AEMFOHBEIZL ]
= Speech recognition (later)
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= Markov models Gf]izHY
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P(X1)  P(X|X_1) - D

= Hidden Markov models 3T\ SFRIKIEE P(E|X)

02:02.0:2:. 0 5 " e
rain umbrella 0.9
rain no umbrella 0.1
e G e G sun umbrella 0.2

sun no umbrella 0.8
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P(X1|61) P(X2)
P(ziler) = P(z1,e1)/P(e1) P(x2) =) P(x1,22)
x, Plaen) = 3" P(21)P(aal1)

= P(z1)P(e1|z1)
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P(X5)

P(xzp) =) P(z1,22)

= > P(z1)P(z2]x1)
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» ETEIRINE(SS T P(X | evidence to date) @_>@
B(Xt) = P(X¢le1:t)

» e, AERI— RIS KE:
P(Xt—|—1 ’61;75) = ZP(Xt+1,33t|€1:t)

T
- ZP(XtH’xtvelzt)P(ZEt\Gl;t) = Or compactly:
t (X P(X'
S Pl Plarfers) )= X PO Be

= Basic idea: beliefs get “pushed” through the transitions

= With the “B” notation, we have to be careful about what time step t the belief is about, and what
evidence it includes
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. BJEEH?[E—UEI‘JE&F%, Z:ﬁﬁfﬁ'fi ”5% H" (Transition model: ghosts usually go clockwise)
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P(Xile1)

P(xile1) = P(x1,e1)/P(e1)
ocx, P(x1,e1)

= P(z1)P(eq|x1)
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» RIZZETEZBIE(SD TR P(X | previous evidence):
B/(Xt+1) = P(Xiy1le1:t)
 AfE, SRINZIMRERKERG:
P(Xii1lerir1) = P(Xip1,erq1lers)/Pleiyiler)
XX¢y1 P(Xt+1,€t+1‘€1:t)

— P(€t+1|€1:t7Xt+1)P(Xt+1|€1!t>
= P(es11|Xpa1)P(Xip1lers)

= Basic idea: beliefs “reweighted”

= BERT: by likelihood of evidence
B(X41) <x,., Ple1]Xi41)B' (Xi41) = Unlike passage of time, we have

to renormalize
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R : Before observation After observation

B(X) « P(e|X)B'(X)




Filtering(13 &%)

Elapse time: compute P( X, | e,..;)
P(xt\el;t_l) = Z P($t—1|€1:t—1) ' P($t|55t—1) m
I TEEETE
Observe: compute P( X, | ;) H
P(xt‘elzt) X P(-f’?t’el:t—l) ' P(€t|5’5t)

Belief: <P(rain), P(sun)>

0 @ P(X1) <0.5, 0.5> Prior on X,

P(Xl | E{ = umbrella <0.82,0.18> Observe

)
G G P(X5 | By = umbrella)  <0.63,0.37>  Elapse time
)

P(Xsy | 1 = umb, E5 = umb <0.88, 0.12> Observe
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Particle Filtering




*ﬁ%il&‘iﬁ

VRV - AL AR

A X RKAGE RS HERR 5L
= | X| WHFRKIMAREAE

» i, X RIESN

fR eI pgs s LA HE R

= JBEE X MR, AFREEEHETERE
= FEAIX B AR

o SEPTFE RO ] SRR R R R
= (% FEAEABBTFSIRK

o fERERAE: — RAIIFEAR, AAIRE

HLas N e ALAE SR B HH e A FH XA 7 VA
PLFAEIR B FEA K — BT R 44 5

0.0 [ 01 | 00

0.0 | 0.0 | 0.2

0.0 | 02 | 05
O

o0

00 | o0




R RIF

= P(X) ZH N MF (FEAR) EKam
= G, N /T [X
= PR —AIREEA, MmAZMNRE X 2/ =
(WERAE) 11— ML

= P(x) mHRT x AR AREET TR K
« A ZRE x e P(x) = 0!
= Rz, Ul

= HEOVIE, Fra BIRL T RIBUE R 2 1
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v’ = sample(P(X'|z))
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Particles:

(3,3)
(2,3)
(3,3)
(3,2)
(3,3)
(3,2)
(1,2)
(3,3)
(3,3)
(2,3)

Particles:

(3,2)
(2,3)
(3,2)
(3,1)
(3,3)
(3,2)
(1,3)
(2,3)
(3,2)
(2,2)
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w(x) = P(e|x)

B(X) «x P(e|]X)B'(X)
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Particles:
(3,2)
(2,3)
(3,2)
(3,1)
(3,3)
(3,2)
(1,3)
(2,3)
(3,2)
(2,2)

Particles:

(3,2) w=.9
(2,3) w=.2
(3,2) w=.9
(3,1) w=.4
(3,3) w=.4
(3,2) w=.9
(1,3) w=.1
(2,3) w=.2
(3,2) w=.9
(2,2) w=.4
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Particles:
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(3,3) w=.4
MBI 2 BT 2, g B2 e
KAE N K, (Fra)ihid, FHHBJERIEER  23) wea
*i) (3,2) w=.9
(2,2) w=.4
_ ( ew)
O 24 T B 0 (ERUAL/ 1 — ) 2 B partices:
AL IR 2 4345 32
(3,2)
W O A 2R NS, 5
FHIG T — B Z A2 T Eﬁ
3

)
(3,2)
(3,2)



R E— e EREER I iE

= A BERRSHEAZED T, MARERIER)FRAE
R %

FEAIT 2 JAL HRIE
® 0 m0_ °

o |e% 9 | o | o ®© | o

@ @ ©_ @

° ot ® 1% ® | o%

@ e :

Particles: Particles: Particles: (New) Particles:

(3,3) (3,2) (3,2) w=.9 (3,2)
(2,3) (2,3) (2,3) w=.2 (2,2)
(3,3) (3,2) (3,2) w=.9 (3,2)
(3,2) (3,1) (3,1) w=.4 (2,3)
(3,3) (3,3) (3,3) w=.4 (3,3)
(3,2) (3,2) (3,2) w=.9 (3,2)
(1,2) (1,3) (1,3) w=.1 (1,3)
(3,3) (2,3) (2,3) w=.2 (2,3)
(3,3) (3,2) (3,2) w=.9 (3,2)
(2,3) (2,2) (2,2) w=.4 (3,2)
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[Dieter Fox, et al.]



Particle Filter Localization (Laser)
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= SLAM: Simultaneous Localization And
Mapping C[A]) &Rz A2z &)
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DP-SLAM, Ron Parr



K13 SLAM — Video 1

[Sebastian Thrun, et al.]



K153 SLAM — Video 2

[Dirk Haehnel, et al.]
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Dynamic Bayes Nets



afi7ex DI Hr X 4% (DBNs)

= JRATHEERER R R R 2 A E, 2SR E
= B BRI 2 EE AN E I DU SR 2% S5
= IZtHARE AT e SRR T I 2 - 1A &
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Pacman — Sonar (P4)

14.0 21.0 26.0
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LB EE T H: Eliminate all variables from the
previous time step; store factors for current time
only
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HMMs: MLE E18)

= IR X

» WA e E

- wass: P(X1)

- AR P(Xtl Xt-1)
n B TR -

« A B TRERRE: arg max P(x1:le1:)

L1:t
o yVE: AEFFELEVE Viterbi algorithm
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PRSP : IRZS LR ZS BE A [R] LI ]

sun sun sun sun

rain rain rain rain

X, X5 . X
FARIOMARE N ER Ti—1 — Tt

B —BUE  P(w|lxe_1) P(et|xt)

FE AR — 7 A RS A%
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sun sun sun sun
rain rain rain rain
X1 X5 X Xn

HIT ) 578 GRA) e L B0 R B0 R)
ftlze] = P(xt,e1:¢) mylx] = max P(z1:4—1,%t,e1:¢)

= P(etlzt) > Patlre—1) fioilzi—1] — P(et|xt) I’:EE_ii(P(tht—l)mt—l[xt—l]

LTt—1
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