APF, SIR & LW

e Consider the following state space model

Observation equation :  p(yet1|xt+1,6)
State equation :  p(xey1|xt,0)
Fixed parameters : p(0)

e For a given time ¢t

{(Xf7 97 wt)(i)}lNzl

is a particle representation of p(x, 0|y").

.yt:(ylv"'vyn)



APF with known 6
e Pitt and Shephard (1999) propose augmenting

k k
PN (xes1, kly™1) oc plxesa XN p (e xe 1))

e Proposal

q(xes1, kly™1) oc plxesr [} p(ver1lg ()l

from which {(k,%:+1)}N, are generated. Also,

g(xt) = E(xe41]xt)

e New weights
p(Ye1l%e+1)

Wiq1 X z
p(yer1lg(x))



SIR argument with known ¢

The objective is to obtain

{(XtaXt+1,wt+1)(i)},,'V:1 ~ P(Xt,Xt+1|yt+1)

based on {(xt,wt)(i)},'-\lzl ~ p(xe]yt).

» Resample x; ~ g1(x¢|ye+1)

» Propagate X;411 ~ q2(Xt+1‘X:7yt+1)
» Weight

wep(Ye41|Xe1) P(>~<t+1|xff)

Wry1 X -
ar(Xf ye+1)  @(XeqalXs, yes1)

e Notes:
» How to choose g; and g»?

> APF: g1 = wip(yer1lg(x7)) and g2 = p(Xer1]x7).



Perfect adaptation

e Weights are constant when

Q1(Xt‘}/t+1) = P(Xt|)/t+1)
R(Xev1lxe, yev1) = p(xer1lxe, yer1)-

e Both g; and g» depend on y;1.



SIR with learning of ¢

The objective is to obtain

{(tht—i-la 97wt+1)(i)}f\lz1 ~ p(Xt7Xt+17 6’|yt+l)

based on {(x¢, 0, w:) DN | ~ p(x, 0]y?).

» Resample (x;, 6*) ~ q1(xt, 0]yt+1)
> Propagate ()?t-‘rla 9) ~ q2(Xt+la 0|X;<7‘9*ayt+1)
» Weight

wep(yes1l%er1,0)  p(%er1,0)x¢, 0%)

Wep1 X ~ ~
q1(F, 0% yet1)  qo(Reat, 015, 0%, yer1)

e Notes:
» How to choose g; and g»?
> Is p(xet1, 0]x, 0%) = p(xe+110, x7)p(0]x;, 0%)?
» If so, then what is p(0|x;,0")?



Liu and West (2001)
They chose p(6|x/,0%), g1 and g to be

p(Olx,0%) = fu(8m(6), *V)

q(xt, 0% |yer1) = wep(yeralg(xt), m(67))
q2(xer1, 0%, 0%, yer1) = q(00x;, 07, yer1)gea(xe1(0, X7, 07, yeq1)
= fn(0]m(6*), h*V)p(xe+1]6. x;)
m(0*) = ab* +(1—a)f
0 = particle mean of 0
V = particle variance of 0

a° 1—h
R = 1—((30—1)/(20))?

so weights are

p(Yes1lXet1,0)
p(ye+1lg(xt), m(6*))

Wil X

» Note: Neither go1 or g2o depend on y;i1. 6



Simulation exercise
e Simulation set up

Yt
Xt
X0
7_2

4]

Sample sizes

Particles

e Model set up

Yt

X0

= Xt+yt Ve ~ N(0,0l)

25

~ o~ o~~~

Xt + Vg
Xt—1 + Wt
1G(5,0.4)
N(25,100)

X¢—1 + ws Wi ~ N(O,T2)

0.1,0.01,0.001)
0.5,0.75,0.95)
200, 500)

2000, 5000)

ve ~ N(0,02)
Wt ~ N(OaTz)



T=200, M=2000
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T=200, M=5000
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T=500, M=5000
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Thoughts

» § = 0.75 looks robust across T, M and 7/0c;

» The difference between PL and APF decreases with 7/0.
Conjecture: Probably partially because of the choice

q22(xe4110, x5, 07, yeqr1) = p(xe41|07, x{)

which is the usual blind propagation rule used in standard
SIS-based filters.

» If so, then maybe
@1 (0]x5, 0%, yes1) = fu(6|m(6%), B*V)

is not such a bad choice!

» This will be my simulation exercise for next week. 1



Modifying g1 and go»

» W1
go2(Xe41|Xt, 0, yev1) = fn(Xet1|mes1, Cevn)
where
Ctj,_ll — T—2+O_—2
mey1 = Cepr(072yeq1 + 7 %)

» W2 = W1 and

@21(0%|x¢, 0%, yes1) o fu(yer1i xg, 02)fig (0% |a(0®), B(a™))

where
04(02*) = m(o2*)2/v(02*) +2
B(0*) = m(o*)a(a?)
m(az*) = ac® + (1- 3)62
v(az*) = h25§2

with 52 and SgZ mean and variance of the particles for o2 12
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Various filters

vV vV V. V. V. V. V. V.V VvY

Filter 1: LW: logo? and § = 0.75
Filter 2: LW: 02 and § = 0.75
Filter 3: LW1: logo? and § = 0.75
Filter 4: LW1: ¢2 and § = 0.75
Filter 5: LW2: ¢2 and § = 0.75
Filter 6: LW: log o2 and § = 0.95
Filter 7: LW: ¢2 and § = 0.95
Filter 8: LW1: logo? and 6 = 0.95
Filter 9: LW1: 02 and § = 0.95
Filter 10: LW2: 02 and § = 0.95
Filter 11: PL
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Filter 4
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