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* Inference goals (15.1)

e Exact inference in DBNs (15.2)
e Factored belief sates (15.3.2)
 Particle filtering (15.3.3)

e Switching LDS (15.4.2)
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Exact filtering in HMMs

 We can apply the predict-update equations to any
dynamical model
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Entanglement
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In the unrolled network, all the persistent nodes become correlated.
Hence the belief state does not admit any factorization.



Frontier algorithm

 We need cliques that can store the interface
variables
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Factored frontier algorithm

 Represent incoming belief state as a product of

marginals
Xy = HHHJ [X ]y

« Perform calibration in the 2-slice jtree

« Compute posterior marginals (M projection onto
factored distribution)

e Can also use conditionally factored belief states
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Importance sampling
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Sequential Importance Sampling
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Problem with SIS
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Unlikely evidence “kills off” most particles
(Particle impoverishment) resulting in high variance estimate




SIR/ PF/ SOF/ SMC
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1. Sequential importance sampling step

e Fori=1,...,N, sample

(igl)) ~ Q(Xt‘xgz_)pYI:t)

and set . o
(}A(lzzt) = (itz 7X11:t—1)
e Fori:=1,..., N, evaluate the importance weights up to a normalis-
ing constant:
o () (R %2))
wy " =

q (S\Ct|§1(ﬁz—)17}’1:t)

e Fori=1,..., N, normalise the importance weights:
. . N . _1
il =l | Sl
j=1

2. Selection step

e Resample the discrete weighted measure {(252, w,ﬁ“) N | to get an un-
weighted measure {(x\", )Y, 13



Example from Nando de Freitas

| Xi_

X = =X_1 +25——— +8cos(1.20) + v,
2 I +x7

) — xrz—|—w

Vi = 20 t

where xo ~ N (0, (_712) v and w; are mutually independent
white Gaussian noises, v, ~ N (0, 0;7) and w, ~ N (0, 03)
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» Fori=1,...,N, sample x("') N(O,Uf)

» Fori=1,.., N, sample

(7)
1 X
XD = > x 425 1 8cos (1.20) + N (0, 02)

: +xz()
» Fori=1,...,N, evaluate the importance weights
20) 2
va) _ I 8_;1%(}’_ 70 )

»> Normalise the importance weights.

» Resample fittest samples (black-box).
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Time (t)
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PF

LW-2TBN
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PF for DBNs

form=1,...,] M
Sample ;?“':D:'[]'i'.‘,] from By

wDm] — 1/M

form=1,.... M
Sample %=1 from the distribution Prie—1y.
Select sample for propagation
(@28 [m], wit)[m]) «— LW-2TBN(B_,, &0t-1) olt))

Generate time ¢ sample and weight from selected sample
~(t—1)
H K
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Let X{,...,- X,] be a topological ordering of A in B_|

we— 1
for i =1,....n
I ; R §
u; — (£, 2" ){Pax;)
Assignment to ]:-'a,x!r M E1y ey Ly Ty e Th_q
if X! ¢ O then

Sample z} from P(X] | u;)

else
T — o't (X[ Assignment to X/ in o)
w— w- Pz | u;) Multiply weight by probability of desired walue
return (ri, ...,z ), w
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Condensation algorithm

Isard & Blake (ICCV98)
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Monte Carlo Localization

Fox, Burgard, Dellaert, Thrun, AAAI'99
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Optimal proposal distribution

 Optimal proposal is the posterior

T(X¢|X0:t—1,¥1:4) = P(Xe|yy Xe—1)
* Incremental weights are one-step-ahead predictive
density

) iy Py X)) x(Y,)
oo % T Dy 0
p(Xt b’taxt—l)
= wgz—)lp()’t‘xz@l)

plyxV) = / p(y,|x)p(xex ) )dx

e Can approximate this using EKF, UKF, etc.
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Boosted particle filter

* Run a classifier, trained using boosting, to detect people,
and use this as a proposal

« Okuma, Taleghani, de Freitas, Little, Lowe, ECCV04
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RBPF

« Rao-Blackwellisation: integrate out X, sample R
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RBPF high level

CGeneric RBPF

. Sequertial importanca sampling stap

¢« Fori=1,..., N, sample
(F) ~ alra i )
ar-ld mt L P! P
(7)) & (9t
« Fori=1,.. . N, evaluate the importance waights up to a normalising constant:
b [1M|Ir'j::-th}P(FEUHEEI:_LJ’L::_:J
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¢ Fori=1,.. . N, normalise the importance weights:
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2. Seglaction stap

s Resample the discreke weighted measure {7 @21 to get an unweighted measure { ()4 e

3. BExactstp

o Update p(X|y . riil) oven p(Xealyy, . i), ri and w.
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RBPF updates

Then, for each possible value of vy, we perform a predict-update cycle:
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Finally. once we have chosen r-iiJ . we pick the corresponding updated distnibution:

abp(xe) = afjlxe,ri)) (21.3.




RBPF for Switching LDS

Algorithm 7: One step of the Mixture Kalman filter algorithm
fori=1:N do

2 Teq o p(r|Te—1)
3| (pty 5o B owe ;) = KFupdate(pe, . 3 15, ¥, 704

gfori=1:Ndo

-1
5 'll'.-'tl.i = u’t,i [Z_‘.‘ '1I'.-'¢Ij:|
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7 = resample(w; 1.)
return (7 -, (4, -, 2t 1)

-

25



RBPF for SLAM

e Simultaneous Localization and Mapping
e Occupancy grid version (Murphy, NIPS’00)
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FastSLAM

e Kalman filter version: replace covmat of size
(2K+2)2 with P*K*22 covmats, P=#particles,
K=#num landmarks
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EP approximations
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