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Abstract fort = 2,. m and the particles are built sequentially
2\ = (x@ Loy fori = 1,...,N. Since q factorizes
as

1. Background

Our goal is to compute a posterior distribution
p(Xi1,..., Xm | Z), where (X4,...,X,,) is a vector of
random variables (RVs) and Z = {z1,..., 2z} isaset of
observations. This will allow us to find value assignments
X, =xfort =1,...,mtoRVsthat maximize this poste-
rior:

T1m =argmax p(X; =x1,..., X;m=2m | 2), Q)

Tl:m
where z1.,, = (z1,...,z.,) € X™ is adstate space vector.
Asit iscommonly the case, we will abbreviate

p(xlzm | Z)

We will achieve our goa by approximating the posterior
distribution with a final number of samples in the frame-
work of Bayesian Importance Sampling (BIS). Since it is
usualy difficult to draw samples from the pdf p(z1.,|2),

we will draw &ampl&sngzn ~q(xrm|Z) fori=1,...,N

from a proposal pdf ¢, form which samples are easily gen-
erated. Then approximation to the density p is given by

pXi=z1,..., Xm=am | Z) =

p(T1:m|Z) = Zw(z)é —a:l m) 2
where ¢ is the Dirac delta function and
(z)

q(xlzm |Z)
are normalized weights (so that they sum to one).

Sinceit is still hard to draw samples from ¢ due to high
dimensiondlity of x1.,,, Sequential Importance Sampling
(SIS) isusually utilized. Following the order of dimensions
in the vector of RVs X = (X1,..., X;) samples are gener-
ated

2~ gz, Z) = q(@leie1, 210)  (4)

q(x1:m]2) = q(2:1]2) H (@t|lr1e-1,2), ()

weobtainthat 2"~ g(21.m|2).
The weights are recursively updated according to

(2t |$(1135, Zl:tfl)p(xtz) |T1.—1)

q(xi(fl) |l‘§2717 Zl:t)

w(al)) =

(6)

We show now that by recursively updating the wei ghts ac-

cording to (6) for ¢ = 2,...,m, the weight w(:rg m) Of
particle (i) is equal to w,

w(al®) = PEl2) _ p ey, Z) plaiaa|2)
1:t i i i
a@2) @21, 2) q(z)_,|2)
i)1,.(3)
p( 1|x 9 ) .
=5 vl W)
Q(xt |371t 1s )
JALSS (3),.(3)
_ p( |x‘1‘t) p( |x1t71) w(xgz% 1) )

p(Z|2¥)_1) a1\, 2)

Eqg. (8) follows from (7) by Bayes rule interchanging x(”
and Z inp(z\”|2\")_,, Z). It remainsto show that the first
fraction in (8) is equal to p(z|2\"), z1.,_1). Thisis true,
since by keeping in mind that Z = z;.; and by factorizing
we obtain

p(Z12) = plaelai), 210-1) pleremalely )
= plarlel), 214-1) p<Z|x§%Ll> 9
We have just derived the SIS theorem:
Theorem. By sampling particles according to (4) and

weighting them according (6), we obtain a set of weighted
samples form p(z1.,,|Z) oncet = m. Consequently, we
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can approximate p(x1.,,|Z) with any precision if the num-
ber of particles NV is sufficiently large. Thus, we can write

Zw xizi (T1:m — xgzzn) (10)

A common assumption underlying the equations (4) and
(6) isthat there exist two known functions f and A such that

e = f(re-1) +ue (11)
Zt = h(l‘f) —+ vy (12)

where both v, and v, are mutually independent and identi-
cally distributed sequences with known probability density
functions (pdfs). Often they are assumed to be Gaussians
that model state prediction noise u; and observation noise
v;. (Theassumptionin (11) can bereplied by aweaker one:
xy = f(x1.4-1) + u, 1€, that we can determine z; if we
know all previous states x1.;—1. For the simplicity of pre-
sentation we will use (11).

The equation (6) can be simplified by making a com-
mon assumption that q(z{” |z}, 21.0) = p(a{”|2")_,),
whichyields

dpGlat 2, (13)
and, consequently, the samples are generated from

xgz) ($|371 4—1)s (14)

i.e., the current observations z 1., 1 have no direct influence
on the samples. The influence of observations on the sam-
ples is introduced when particles are resampled according
to their weights, which is a common step in PF algorithms,
since particle weights depend on observations.

Asasummery of this section, we outline astandard PF
algorithm. For every timestept = 1, ..., m and for every
particle: = 1,..., N execute the following three steps:
1) Importance sampling / proposal: Sample followers of
particle (i) according to (4) and set %) = (z{)_,, z{").
2) Importance weighting / evaluation: An importance
weight is assigned to each particle x(’) according to (6).
3) Resampling: Sample with replacement N new particles
form the current set of particles according to the weights.
We obtain a set of new particles :vgzi fori =1,...,N dl
with weight of 1/N. This procedureis called Sampling Im-
portance Resampling (SIR) approach jciteg,

2. New Approach

Weillustrate our key ideas on an example of multi robot
localization. A team of m robots obtained m observations
Z = {z,...,2zm} by exploring their environment, where
observation z; comes from robot ¢. For example, if the

robots are equipped with laser range scanners, then each
z: could be a vector of laser range readings representing
distances to the closest obstacles from the robot ¢. Each RV
X, describesrobot poses, i.e., itsvalues z, represent coordi-
nates and the heading direction of the robot ¢. Our goal isto
determine the state vector of robot poses (z1, ..., z,) ina
given top view map of the environment that maximizes the
posterior distribution p(X1, ..., X,,|Z). In other words,
(z1,...,2zm) is avector of most likely robot poses given
the measurements Z.

It is possible to apply the classical PF robot local-
ization by utilizing the order of the observations Z =
{z1,...,2zm}, which follows the numbering of the robots.
Hencethefollower for each particle (¢) isdetermined by im-
portance sampling from the proposal distribution, i.e., sam-
ple 2\ ~ p(z|2!")_,) and the particle weight is updated
based on the evaluation of the observation z, according to
the recursive formulain Eq. 13. However, by doing so, we
would have selected an arbitrary order, and in particular,
if the robot localization task fails, it could be due to the
selected order. Would we have selected a different order,
the localization task could have been successful. Moreover,
the observations Z = {z1,..., 2z} are collected simulta-
neously at the sametime. i.e., after each robot completed its
exploration. Consequently, there is no reason to favor any
particular order without utilizing further information.

In the proposed approach, the order of the observations
is not predetermined, in particular, we do not follow the or-
der of indices of the observationsin Z. Our key ideaisto
utilize the PF framework to determine the most informa-
tive order of the observations. This way we are able to si-
multaneously find the most informative order and to utilize
the observations in the order of their informativeness. In-
tuitively, it make sense, for example, if the first robot took
its laser readings in the middle of a along a long corridor
and the second robot at the entrance to a room with many
distinctive features, then our approach will first process the
laser readings obtained by the second robot, since they are
more informative.

We stress that the SIS in Eq. 4 and particle evaluation
in Eg. 6 utilize the sequential order of the RVs reflected
in the order of dimensions in the state space (z1, .. ., Zm).
In many applications, this order is determined naturally by
the time stamp of the observations, e.g., a single robot is
collecting laser measurements at consecutive time points,
in which case x; denotes the robot pose at time¢. The goal
of our work isto extend SISto applicationsin which thereis
no natural order of observationslike the case of multi robot
localization.

The key idea of the proposed approach is not to utilize
thefix order of the dimensions, but instead compute the best
possible order of the dimensions (z;,, ..., x;,, ) (Or equiva-
lently RV's) so that the corresponding sequence of observa-
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tions Z = (z;,,...,2,,) ismost informative. For this we
extend the underlying assumption (11) to the existence of a
sequence of functions

zs = foi(rr) + usk forall s,k e {1,...,m}, (15)

which means that all RV's depend on each other, and each
function f;, can determine the value of variable s for any
given value z;, of variable k. In our multi robot mapping
example, f,;, allows to determine the pose of robot s when
we know the pose of robot k. Consequently, (15) means
that each robot knows the relative pose of the other robots.
In comparison, in the standard assumption (11), we have
[ = fie—1, 1., we only can determine the value of the
next state.

We observethat now the sequence of statesvisited before
time ¢ is not a sequence of consecutive numbers (1,...,¢t —
1) but any subsequence (i1, . . ., i;—1) formed by ¢—1 differ-
ent numbersin {1,...,m}, and the function f ;. allows us
to determine not only the value of the next state but values
of all remaining states. Due to noise factor u , 5, each value
s 1S an estimate or prediction of a true unknown vaue.
Since a given state x, can be determined based on all the
states in the current sequence, we can combine al the pre-
dictions f;, (x4, ) +us,i, fork =1,...,t—1andimprove
the accuracy of the estimation of the state x .

The proposed sampling is as follows. At iteration ¢, the
assumption (15) alows us to generate m — t + 1 samples
from

mgl) ~ pi5|it71(x|x§?t_l) for s € {t,...,m}. (16)

Hence at iteration ¢ particle (i) has m — ¢ + 1 followers.
For example, if m = 5 and x% = xg .30 then particle

(i) will havetwo followers 25 and 2" With referenceto
our multi robot example, when we determined the locations
of robots 1, 3,5, we consider the two remaining robots 2
and 4 as the next robot whose pose we want to determine
by particle (i). The poses of robots 2 and 4 are determined
with reference to the pose of robot 3 as the last element of
the sequence 1, 5, 3. Of course, we repeat an analogous
process for each particle (i) fori = 1,..., N, where N is
the number of particles.

In contrast, in the standard application of rule (14), at
each iteration ¢ particle (i) has one follower. Even when
sometimes each particle (i) has many followers, al follow-
ers are in the same dimension, which means that we only
determine possible locations of say robot 2 by the follow-
ers and do not consider locations of robot 4 for particle (i),
since astrict order of the state dimensionsisfollowed in the
classical setting.

3. Particle Filter with Static Observations

Our derivation is analog to the PF derivation, but it dif-
fersfundamentally, since unlike the standard PF framework,
the observations Z do not arrive sequentially, but are avail-
able at once. To simplify the notation we replace the double
indexing of the state variablesz; @) witha bijection (onto and
one-to-one function) < - > (. {1 ,m}y — {1,...,m}.
Although we may have a different b| Jection for each parti-
cle, we will drop the index (i) from < 1 : ¢ > since
the state variables carry the particle index. For example, we
will denote (x (1)7 xgz), xgg)) ng)3 as m(<)1:3>

We derive now the recursive weight update formula for
the static observations Z. For every t from 2 to m, we have

Z
w(xg;b)_w
Q( <1 t> | Z)
p($(<z1>| (<z)1t 1>, 2) p(z (<z)1t 1-12)
Q($<t>|x<1t 1>:2) ( <1t 1=12)
p( (<z%>| (<z)1t 1>,Z) (3)
w(T 1y 1)
q(m<f>|x<1f 1>:2)

(Z|x(<z)1:t>)p(x(<z%> |x(<z)1:t71>)

(Z|37<1t 1>)q(m<t>|x(<l)1:t—1>7z)

(1) )

w($<1t 1>
(17)

To obtain the last equation, we apply Bayes rule to decom-

posep(x<t>|x<1t 1> )thatmterchanges:vg> and Z.

Asitis then the casein PF applications, we assume that
Q(x(g>|x(<z)1:t71>v Z) = p(x(<z35>|x(<z)1:t71>)- Using this
simple exploration based proposal the weight recursion in
(17) becomes:

(220,

<1:it>
(Z|37<1t 1>)

By recursive substitution of weightsin (18), i.e., by ap-

plying (18) tow(f‘”(<)1 415 ) w(x(<)1:t72>) w(x(i)l 95 )

we obtain

w(x(i)l )= = w(x(<l)1:t71>)

(18)

(Z|x<1 t>)

(4) p(Z (<1f 1>)
<1:t—2>)

(4) ) =

w(T s w(zw

P(Z|x(<z)1:t72>) p(Z 21:t71>)
p(Z|x(<i)1:t>)
p(Z2))
Under the assumption that all particles have the sameinitial

weight w( © ) and the same initial observation probabil-

x<1>
ity p(Z|x<1>) fori=1,..., N, weobtan

= w(@).) (19)

w(x(i)l >) =p(Z]x (<1)1:t>) (20)
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Since for t = m we have w(z'?),, ) = w(z!"), we
obtain that the wei ghts computed by the recursive formulas
(18) - (20) are equa to the weightsin Eq. (3).

For comparison, the corresponding weight update in the

standard PF framework ([5]) is

w@) = w@?)_) plzlzl)_z), (1)

where z; denotes the new observations obtained at time ¢.
Because our observations Z do not have any natural order,
7 cannot be expressed as asequence of observations. We do
not make any Markov assumption in the proposed formula
(20), i.e., the new state x(<t> is dependent on all previous

states x(<)1:t_1> for each particle (i).

We outline now the proposed PF algorithm with static
observations (PFSO). For every timestept = 1,...,m and
for every particles = 1, ..., N execute the following three
steps:

1) Importance sampling / proposal: Sample followers of
paticle (i) fors € {1,...,m}\ <1l:t—1>

xgi) Nps|<t71>(x|x(<i)1:t71>) (22)

andsetx(;)lzt_b’s = (a:(<)“ 1>,xg ) This step is possi-
ble by assumption (15). We sample one follower for each
RV X, whosedimensionindex sisnotin< 1:¢—1 >.
Consequently, we have m — t + 1 followers at step ¢. Inthe
first iteration (¢t = 1) we generate m samples

x(é)b =2V ~ py(z) for se{1,...,m}. (23)
2) Importance weighting/evaluation: An individua im-
portanceweight is assigned to each follower of each particle
according to Eq. 20.
3) Resampling: At the sampling step we sample more fol-
lowers than the number of particles. Thus we have alarger
set of particl&x(i)lztfbﬁs fori=1,...,N and

se{l,....mH\<1l:t—1>

from which we sub-sample N particles and assign qual
weights to all of them as in the standard Sampling Impor-
tance Resampling (SIR) approach jcite;, We obtain a set of
new particles l‘(<z)1:t> fori = 1,...,N. Theresampling is
not performed in the last step, i.e., whent = m

Theorem. The PFSO algorithm computes an approxi ma-
tion of Eqg. 2, i.e, for t = m the particles x(é)l 4> With
i = , N provide an approximation to the posterior

p(ml.m|Z) for sufficiently large V, i.e.,

N
p(z1.m|Z) = Zw 2 621 — 21 ). (24)
i=1

Proof. Our proof isbased on Eqg. (24) with weights defined
in Eqg. (3). We observe that the weights computed by the
recursive formulas (18) - (20) are equal to the weights in
Eq. (3), sincefor t = m wehavew(z). ) = w(z{)).

The Sampling Importance Resampling (SIR) replaces
weighted particles with N particles with the weight equal
to 1/N, which provides an approximation to the same tar-
get pdf. This provesthe theorem.

The fact that we can consider more than one follower
of each particle and reduce the number of followers by re-
sampling is known in the PF literature and is referred to as
prior boosting [2, 1]. It is used to capture multi-modal like-
lihood regions. We stress that the resampling plays in our
framework an additional and a very crucial role. It selects
the the most informative random variables (i.e., state space
dimensions) as followers of particles. Since the weight of
x(<z)1:t—1>,s is determined by the observations Z, and there-
sampling uses the weights to selects a follower z -~ = x;
from not yet considered dimensions

sed{l,....omi\<1l:t—1>,

the resampling determines the order of RV, i.e., the bijec-
tion< t >fort =1,...m. Consequently, the order of RVs
is heavily determined by Z, and this order may be different
for each particle (7). Thisisin strong contrast to the classi-
cal PF, where observations Z have no influence on the order
of RVs, which isfixed.

The weight (20) of each particle is based on the evalu-
ation how the predicted observations h(z (<1)1:t71>,5) differ
from the current observations z <1.;— 1>, s. Consequently, in
the proposed approach, the weights of different particlesare
evaluated with respect to different observations. Thus, in
the proposed approach the value of the weight depends on
two factors,

e how descriptive a given vector of observations
Z<1it—1>,s isand

e how good the prediction h(x (<’)1 1—1> ) Of Observation

Z<1it—1>,s IS.

4. Rao-Blackwellized Particle Filter

The following derivation is inspired by Rao-
Blackwellized particle filter often used in SLAM [3].
Our godl is to derive the posterior p(z 1., | Z) not only
over the set of stats x;.,, but also over possible shape
models ;. To make this estimation possible, we use the
following factorization

p(x1:t7/j/|Z) =

fort = 1,...,m. Thisfactorization alows us to first es-
timate only the set of states and then compute the shape

p(p|w1e, Z) p(x14]Z) (25)
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model. The key assumption here is that the shape model
is a deterministic function of the set of states. Hence, the
posterior over models p(u|z 1.+, Z) can be computed ana-
Iytically since x1.+, Z are known. This technique is often
referred to as Rao-Blackwellization.

By substituting Eq. (25) to Eq. (24), we obtain

N
P(@1im, 1l Z) = p(pla1in, 2) Y w(@i,)8(@1am — 2,
=1

p(ulerm, Z2)w(@{))d(@1m — i0),) (26)

||Mz

By denoting u(x{),) = p(ula{),, Z)w(z{),), we obtain

N
P(T1im, p| Z) = Z w(@(? Vo(zrm — 280 ),. (@27)
i=1

Consequently, if we modify the weight (20) of each particle
to

(1) ) =

w1 (M|$(<i)1:t71>7Z)p(Zla?S)l;tfb), (28)

we obtain a PF agorithm that estimates the posterior
p(xl:ta:U"Z)'

5. Improved | mportance Sampling from MRFs

In this section we will devel op the key motivational story
behind our work i.e. sampling from the posterior distri-
bution of a Markov Random Field. As is well known in
computer vision community many low level problems have
been modeled using MRFs. A limited work is donein mod-
eling mid-level and high-level problems using MRFs not
because they cannot be modeled in such away but the in-
ference process becomes computationally hard. In fact for
a general MRF, inference becomes NP-hard. This is be-
cause inference in MRFs is closely related to assignment
problems. Except for simple costs of assignments the as-
signment problem quickly turns out to be intractable. Our
contribution is to be able to infer to a reasonable degree
on the problem instances of contour grouping and object
recognition where we can exploit certain results from im-
portance sampling theory to effectively navigate the expo-
nential space of assignments. this has applicationsin clus-
tering, object recognition, contour grouping and any gen-
eral applications where inferences can be modeled using
Markov Random Fields or Conditional Random Fields.

6. Markov Random Fields

Let S = {s1,52,...,8,} be a family of random
variables (RVs), which take the values ¢; € E =
{e1,ea,...,e,}. Eiscaled aset of labels. s; = e; de-
notes the random event that the RV s; getse; assigned. If f

isashort hand for (s1 = e1,s2 = €ea,..., 8, = e,,) and S
formsa MRF as per definitionsin [?]:
L —1un
p(f) = et (29)

where Z is the normalizing constant and 7" is the tem-
perature parameter determining the sharpness of the distri-
bution: high-temperature makes all configurations equally
likely since the effect of U(f) goes down. Simply put
e V) S 1asT — oo.

At givenT" and particular U we can sample “patterns’ of
assignments by sampling from p.

The state space to be explored to understand the patterns
of the posterior p isn™. At lower T'sit finding Maximum
A Posteriori (MAP) estimates of p has important applica-
tionsin high-level vision problems. Thus one of the goals
of sampling from MRF is:

o~

f = argmax p(f) (30)
feEs

There have been many sampling algorithmslike Gibbs sam-
pler, Hot Coupling ([4]), Tree sampling, Swendsen-Wang
sampling etc. But most of them assume restrictive condi-
tional independences. Recently Hamze et. a. proposed a
very generic importance sampling method called Large Flip
Importance Sampling (LFIS) to sample from the posterior
[?]. The main motivation for their approach comes from N-
Fold Way (NFW, [?]) and Tabu search ([?]) where they use
heuristics to improve the sampling of the exponential state
space using memory and heuristics to design good moves
in the state space. Since the moves are no-longer MCMC in
the traditional sense they introduce importance weights to
the distinct states visited by NV copies of the sampler. Inde-
pendently there has been an application of similar strategy
using particle filters with static observationsin [?]. In this
paper we combine the strengths of both the approaches and
present an improved sampler that employs better weigthing
scheme and navigational strategy to explore state space so
as to compute MAP in an efficient way.

We first present a brief overview of both the approaches
and then combine both into an integrated approach.

6.1. Large Flip Importance Sampling

Sampling algorithms used in computer vision often tend
to use different terminology which might makes things a
bit difficult to understand convergence complexity issues.
Hence, even though the Gibbs sampler is the simplest
MCMC sampler for MRF we would like to present the al-
gorithm below so as to make the connections between dif-
ferent approaches explicit. where f; indicates the random
event s; = e;. The above agorithm shows that the invari-
ance kernel at a particular iteration above, for MCMC type
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Algorithm 1 Gibbs sampler

L Initidize a  sample O =
50 = e, — e, 50 — o).

2: forz‘:ltono .

a Draw fy” ~p(flfs 0 ).

& Dfawfz ~p(f2|f1 ,f; 17...,1%*1 ).

5. Draw [ ~p(ful {7, S5 fl0).

6: end for

7. Return {f(V, @) f(D},

convergenceis defined as:

(5.7 = = S pUfilfang) (31)
i=1
The convergence condition says
KO ) =p(f)Il =0, 88T —co (32

As can be seen from above there are two computational
complexity issues in a sampling agorithm viz. (1) sim-
ulation complexity, (2) optimization complexity. Simu-
lation complexity is because of the computations needed
in drawing the samples while the optimization complex-
ity involves 7. The longer one runs the agorithm the
closer one gets to the optimum. Of course in the most
general case T' can be exponentialy large. Most practi-
cal algorithm designs involve in reducing 7' so as to visit
non-trivial and important states of £ as soon as possible
without wasting computing resources. Such design algo-
rithms are called event driven MCMC approaches. Moti-
vated from NFW (agorithm below) LFIS was developed
to address the “cycling” problem of NFW. where f() =

Algorithm 2 N-Fold Way

. Initidize a  sample: O —
D =00 D0~ )

2. fori=1to7 do A A

3 Drawr ~ Geometric(paip(f1" ", JS7D L P,

4 Draw fO) ~ u(j e, FG-D),
5: Set®, =0, +7.
6: end for

7. Return {f, 7 FD1,

f(©:-©ir1-1) j e the above agorithm avoids visiting du-
plicate states and the actual mixing time of the equiva-
lent Gibbs sampler is ©7. Hence NFW effectively re-
duced the mixing time by cleverly covering more states
in less time. Geometric(paip(f\' ", £V, ... i)y is

the probability that the F(i—1) changes over the next itera-
tion. v(j, e, fi~1) is the discrete posterior probability of
the joint event "variable j assumes value e” given that a
changein state occurred, i.e. f() # fi-1). Essentially the
NFW simulatesT' — 1 flips.

One reason for longer mixing times for some posteriors
isthe conditionalsinvolved in the kernel can make the state
not changei.e. f = f’ for along time. NFW exploits
the clever perspective of “simulating” the long waiting time
if the conditionals for change of state space visited can be
computed. The main problem involved isin computing this
“change conditionals’ which if not computed using exhaus-
tiveflipscan resultin “cycling” of the statesi.e. same states
get visited over and over again instead of visiting new states.
LFISavoids this by having explicit memory and running NV
copies of the sampler. After the run it computesimportance
weights to each of the unique states visited as follows:

w® = L@)Z (33)

S p(fO)

where S;, ¢ E°. These importance samples represent the
posterior p(f|Sy) instead of p(f). Obvioudly if the algo-
rithm is run long enough S;, — E* and the samples repre-
sent the posterior p(f).

Algorithm 3 Large Flip Importance Sampling

L Initidize a  sample O

50 = o¥ 5 = o0, s = o).
k=1

Iy ~ U[Fmin, Fmax]
n = 0.
Fl = ¢.
for i =1toT do R
Draw [ ~ v(j e, fi-1).
Fr=Fk U
n=n-+ 1
ifn= Ty then
k=k+1.
Iy~ U[Fmin, Fmax]
n = 0.
Fl = ¢.
end if
end for
Pick all the unique states, {f(}7_,, from {F} } for
al available k. '
Assign importance weights to those unique states as per
Eqg. (33).
Return {(}T(l)ﬂ w(l))’ (}T(Q)ﬂ w(z))ﬂ MR
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6.2. Particle Filterswith Static Prior

Another recent work that uses importance sampling for
sampling from MRF isin [?]. Owing to the similarity to
the notations used in robot mapping, they call it particle
filters with static prior. There the idea is to sample states
sequentially and in such away that samples build-up the as-
signments bottom-up using clever conditionals. Below we
summarize that approach using the terminology used in this
paper. f.1..~ denotes ¢ random variables are instantiated
not necessarily s; through s;. AlSO p(f<is|f<1:t—1>) de
notes the conditional probability distribution of instantiat-
ing a random variable which has not been instantiated so
far.

Assume there are N particles. Let’s take a closer ook
at the journey of one particle. By definition f.1.,,> = f

Algorithm 4 Particle filter with static prior
1. for i =1to N do
2. Draw f2> ~ p(f<1>).
a sawl), =p(fEL).
4 Draw [0, ~ p(f<os|f<rs (D).
5 Setfg%2> {fg%w g> :

Setw(<l)1 2> = w(<1> * p( <2>|f<1>( )

Draw f<m> ~ p(f<m>|f<1 1)
Setf<1m> - {f(<)m>a <1m 1>

o: Setw(<l)1 m> _w<1 m—1> *p(f<m>|fgi:m—1>)'
10: end for

1 1 2 2
1 Return{(f(<1):m>’ (<1)m>) (f(<1)m>’ (<1):m>)7"'7(f

@ N @

since f has m random variables. Since there are only
m random variables the equivalent of number of itera-
tions (7°) in Gibbs sampler needed is only m. The impor-

tance samples {(fg:m>, w(<1 )} represent the posterior

p(fem> |f§i{:m_1>). But there are three key observations:

e If IV islarge enough and the conditional s are designed
properly the samples would represent non-trivial pat-
terns in the posterior and since in [?] the goal was to
identify good matching between model and image con-
tours the samples were able to serve the purpose.

e The samples are weighted incrementally using recur-
siveimportance weighting unlike LFIS where the sam-
ples are weighted at the end of the sampling process.
For derivations of the recursive importance weighting
pleaserefer to[?].

e Although the samples are not generated in a standard
MCMC fashion like Gibbs sampler the importance
weighting and the conditional distributions result in
useful samples. Thisisthekey basisfor LFIS aso.
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