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Abstract

We propose a modification, based on the RESTART (repetitive simulation trials after
reaching thresholds) and DPR (dynamics probability redistribution) rare event simu-
lation algorithms, of the standard diffusion Monte Carlo (DMC) algorithm. The new
algorithm has a lower variance per workload, regardless of the regime considered. In
particular, it makes it feasible to use DMC in situations where the “naive” generalisation
of the standard algorithm would be impractical, due to an exponential explosion of
its variance. We numerically demonstrate the effectiveness of the new algorithm on
a standard rare event simulation problem (probability of an unlikely transition in a
Lennard-Jones cluster), as well as a high-frequency data assimilation problem.
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1 Introduction

Diffusion Monte Carlo (DMC) is a well established method popularized within the
Quantum Monte Carlo (QMC) community to compute the ground state energy (the
lowest eigenvalue) of the Hamiltonian operator

Hip = —Aop + Vo

as well as averages with respect to the square of the corresponding eigenfunction
[Kal62, GS71, And75, CA80, KL11]. It is based on the fact that the Feynman—Kac
formula

t
JECIC E(f(Bt)exp( /0 V<Bs)ds)> : (L.1)
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connects the solution, ¥(x, t), of the partial differential equation

O = —Hy
(0, ) = do » (1.2)

to expectations of a standard Brownian motion B; starting at x. For large times ¢,
suitably normalised integrals against the solution of (1.2) approximate normalised
integrals against the ground state eigenfunction of H.

As we will see in the next section, DMC is an extremely flexible tool with many
potential applications going well beyond quantum Monte Carlo. In fact, the basic
operational principles of DMC, as described in this article, can be traced back at least
to what would today be called a rare event simulation scheme introduced in [HM54]
and [RR55]. In the data assimilation context a popular variant of DMC, sequential
importance sampling (see e.g. [dDGOS, Liu02]), computes normalised expectations of
the form

E(f@exp (=X, <, Vik.i))
Eexp (— Dozt Vb, yt, ))

where the V' (k, -) are functions encoding, for example, the likelihood of sequentially
arriving observations (at times t; < to < t3 < ---) given the state of some Markov
process y;. A central component of a sequential importance sampling scheme is a
so-called “resampling” step (see e.g. [dDGOS5, Liu02]) in which copies of a system are
weighted by the ratio of two densities and then resampled to produce an unweighted
set of samples. Some popular resampling algorithms are adaptations of the generalised
version of DMC that we will present below in Algorithm DMC (e.g. residual resampling
as described in [Liu02]). Our results suggest that sequential importance sampling
schemes could be improved (in some cases dramatically) by building the resampling
step from our modification of DMC in Algorithm TDMC.

One can imagine a wide range of potential uses of DMC. For example, we will show
that the generalisation of DMC in Algorithm DMC below could potentially be used to
compute approximations to quantities of the form

t
B(runes(~ [ Vo)),
0

E(f(y:) exp (_V(yt))) . (1.3)

where y; is a diffusion. Continuous time data assimilation requires the approximation of
expectations similar to first type above while, when applied to computing expectations
of the type in (1.3), DMC becomes a rare event simulation technique (see e.g. [HM54,
RR55, AFRtWO06, JDMDO06]), i.e. a tool for efficiently generating samples of extremely
low probability events and computing their probabilities. Such tools can be used to
compute the probability or frequency of dramatic fluctuations in a stochastic process.
Those fluctuations might, for example, characterise a reaction in a chemical system or a
failure event in an electronic device (see e.g. [FS96, Buc04]).

The mathematical properties of DMC have been explored in great detail (see e.g.
[DMO04]). Particularly relevant to our work is the thesis [Rou06] which studies the
continuous time limit of DMC in the quantum Monte Carlo context and introduces
schemes for that setting that bear some resemblance to our modified scheme Algo-
rithm TDMC. The initial motivation for the present work is the observation that, in

>

or
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some of the most interesting settings, the natural generalisation of DMC introduced in
Algorithm DMC exhibits a dramatic instability. We show that this instability can be
corrected by a slight enlargement of the state space to include a parameter dictating
which part of the state space a sample is allowed to visit. The resulting method is
introduced in Algorithm TDMC in Section 2 below. This modification is inspired by the
RESTART and DPR rare event simulation algorithms [VAVA91, HT99, DD11]. The
RESTART and DPR algorithms bias an underlying Markov process by splitting the
trajectory of the process into multiple trajectories and then appropriately reweighing the
resulting trajectories. The splitting occurs every time the process moves from one set to
another in a predefined partition of the state space. The key feature of the algorithms
that we borrow is a restriction placed on the trajectories resulting from a splitting event.
The new trajectories are only allowed to explore a certain region of state space and are
eliminated when they exit this region. Our modification of DMC is similar, except that
our branching rule is not necessarily based on a fixed partition of state space.

In Section 3, we demonstrate the stability and utility of the new method in two
applications. In the first one, we use the method to compute the probability of very
unlikely transitions in a small cluster of Lennard-Jones particles. In the second example
we show that the method can be used to efficiently assimilate high frequency observa-
tional data from a chaotic diffusion. In addition to these computational examples, we
provide an in-depth mathematical study of the new scheme (Algorithm TDMC). We
show that regardless of parameter regime and even underlying dynamics (i.e. y; need
not be related to a diffusion) the estimator generated by the new algorithm has lower
variance per workload than the DMC estimator. In a companion article [HW14], by
focusing on a particular asymptotic regime (small time-discretisation parameter) we
are also able to rigorously establish several dramatic results concerning the stability
of Algorithm TDMC in settings in which the straightforward generalisation of DMC
is unstable. In particular, in that work we provide a characterization and proof of
convergence in the continuous time limit to a well-behaved limiting Markov process
which we call the Brownian fan.

1.1 Notations

In our description and discussion of the methods below we will use the standard notation
la] =max{i € Z: i < a}.
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2 The algorithm and a summary of our main results

With the potential term V' removed, the PDE (1.2) is simply the familiar Fokker-Planck
(or forward Kolmogorov) equation and one can of course approximate (1.1) (with
V =0) by

. 1 XM ,
ft= M;f(wij)),
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where the w) are M independent realisations of a Brownian motion. The probabilistic
interpretation of the source term V¢ in the PDE is that it is responsible for the killing
and creation of sample trajectories of w. In practice one cannot exactly compute the
integral appearing in the exponent in (1.1). Common practice (assuming that t;, = ke )
is to replace the integral by the approximation

¢ Lt/e) =1
/O Vw)ds~ > 5(V(th)H/(wtk_))a,

k=0

where € > 0 is a small time-discretisation parameter. DMC then approximates

lt/e]—1
1
(f)e :E(f(wt)exp(— Z 2(V(wtk+1)+V(wtk))a)>. (2.1)

k=0

The version of DMC that we state below in Algorithm DMC is a slight generalisation of
the standard algorithm and approximates

(e = E(f(yt)exp( > x(ytk,ytk+l>)) : 22)
t <t

where y; is any Markov process and x is any function of two variables. Strictly
for convenience we will assume that the time ¢ is among the discretization points
to,t1,to,. ... The DMC algorithm proceeds as follows:

Algorithm DMC Slightly generalised DMC
1. Begin with M copies xgj) =20 and k=0.

()

2. At step k there are NN; samples m;’ . Evolve each of these
tp4+1—1tr units of time under the underlying dynamics to generate
Ny, values

~(j ]
xti)+1 ~ P(ytk+1 € dx | Yt = xgjk))

3. For each j=1,..., Ny, let

. G) =)
P — e_X(Itk’wfw_l)

and set
N = |PD 449 |

where the u?) are independent U(0,1) random variables.
4. For j=1,...,N;,, and for i=1,...,NY set

U9 _ =0)
Itk+1 - xtk+1'

5. Finally, set Ny, = Z;V:’“i N and list the N, vectors {a:gc’i)l}
) }N‘k+1_

as {xtkﬂ j=1
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6. At time ¢, produce the estimate
1,
fo=qp 2 fa?).
j=1

Here, the notation U(a, b) was used to refer to the law of a random variable that is
uniformly distributed in the interval (a, b). Below we will refer to the xfﬂ ) as particles
and to a collection of particles as an ensemble.

Remark 2.1 If the goal is to compute the “conditional” quantity (f):/(1); then one
can simply redefine P in Step 3 by

(29 7D
e X(itk’xthrl)

pu) —

@) =) :
1 Ne =x(@i, &y, )
N -1 € +1

With this choice the copy number [N, becomes a Martingale and will need to be con-
trolled at the cost of some ensemble size dependent bias. The value of N; can be
maintained exactly at some predefined value M by uniformly upsampling or down-
sampling the ensemble after each iteration. Alternatively one can hold N, near M by
multiplying this PY) by (M /N;)* for some o > 0 as we do in Section 3.2.

Algorithm DMC results in an unbiased estimate of (2.2), i.e.
Elﬁ = <f >t .

For reasonable choices of x and f (e.g. sup;, <;(1)s, < oo and (|f]); < 00) the law of
large numbers then implies that

A}gnoo fe= (e
We use the symbol E! for expectations under the rules of Algorithm DMC to distinguish
them for expectations under the rules of our modified algorithm (Algorithm TDMC

below) which will simply be denoted by E.
Of course if we set

1
x(@,y) = i(V(m) + VW) trt1 — te) (2.3)

then we are back to the quantum Monte Carlo setting. We might, however, choose

x@,y) =V@)y — ), (2.4)

which, if y; approximates a diffusion (which we also denote by v ), formally corresponds
to an approximation of

(f) = E(f(yaexp(— / t wys)dys)) :

x@,y) =V(y) = V(x), (2.5)

or
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corresponding to an approximation of

(f); = eV @R (f(yt)e—wyt)) .

The generalisation of DMC resulting from various choices of x is not frivolous.
In Section 3 we will see that, with x of form (2.5), one can design potentially very
useful rare event and particle filtering schemes. Unfortunately, when y; is a diffusion
or a discretisation of a diffusion, the resulting Algorithms behave extremely poorly
in the small discretisation size limit (tx4+1 — tx — 0). The reason is simple: on a
time interval [y, {;41), a typical step of Brownian motion moves by O(\/tx+1 — tx).
Therefore, unlike for (2.3), for both (2.4) and (2.5), the typical size of x(z, y) is of order
Vtr+1 — tk. As a consequence, at each step, the probability that a particle either dies or
spawns a child is itself of order \/T;+1 — t. Without modification, as tx+1 — tx, — 0,
the fluctuations in the number of particles, N, will grow wildly and the process will
die out before a time of order 1 with higher and higher probability, thus causing the
variance of our estimator to explode. This phenomenon is already evident in the simple
case of a Brownian motion,

Ykt e = Yke + VEEK+1 X@0)=0, (2.6)

with
x@,y=y—= 2.7

(a choice consistent with either (2.4) or (2.5)). Here the &, are independent mean 0 and
variance 1 Gaussian random variables. This example (with more general ;) is analysed
in great depth in the companion paper [HW 14].

Figure 2 demonstrates the dramatic failure of the straightforward generalisation
of DMC in Algorithm DMC on this simple example. There we plot the logarithm of
the second moment of the number of particles in the ensemble at time 1 (i.e. after
1/e steps of the algorithm) versus — log ¢ for several values of €. Clearly, E(N 12) is
growing rapidly as ¢ decreases. Indeed, for small enough € and starting with a single
initial copy at the origin, one can exploit the conditional independence of offspring
in Algorithm DMC to show that for the simple random walk example, E[N ,36] >
E [N&_DE] + /€ for a positive constant av. After iterating ¢! times, this bound gives
exactly the growth of E[N?] illustrated in Figure 2 (i.e. O(e~'/2)). This instability
can be removed by carrying out the branching steps (Steps 3-5) only every O(1) units
of time instead of every ¢ units of time and accumulating weights for the particles in the
intervening time intervals. However, this small € regime cleanly highlights a serious
(and unnecessary) deficiency in DMC. In contrast to Algorithm DMC, the method that
we will describe in Algorithm TDMC below, appears to be stable as ¢ vanishes (a
property confirmed in [HW14]).

Our modification of DMC described in Algorithm TDMC below not only suppresses
the small ¢ instability just described, but results in a more robust and efficient algorithm
in any context. Inspired by the RESTART and DPR algorithms studied in [VAVA91,
HT99, DD11] we append to each particle a “ticket” # limiting the region that the particle
is allowed to visit. Samples are eliminated when and only when they violate their ticket
values. As a consequence, particles typically survive for a much longer time, and in
many situations there is a well-defined limiting algorithm when € — 0. More precisely,
the modified algorithm proceeds as follows:

Algorithm TDMC Ticketed DMC
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-o— Algorithm TDMC 3
3 +--- —e— Algorithm DMC Lo -
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Figure 1: Second moment of N versus stepsize.
1. Begin with M copies :cg) =2x9. For each j=1,...,M choose an

independent random variable ng) ~UO,1).

2. At step k there are N, samples (2 Qg)). Evolve each of the

. tk7
x?k) one step to generate N; values

JNC?k) ~ P(ytk“ €dx | Yt = xijk))

3. For each j=1,..., Ny, let

. G) D)
PY = e_X(xtk’z‘kJrl)

If PY < 983 then set
N9 = .

1f P9 > ¢ then set

N — max{LP(j) —I—u(j)J,l} ,

where u are independent U(0,1) random variables.

4. For j=1,...,N;,, if NV >0 set

G, _ =@
Tyl = Ty and

%)

g _ b

tet1 T pG)
and for i=2,...,NY

(3,9 ~(J)

Lior = T and 9(j7i) ~ M((P(j))_la 1).

tr41

2.8)

(2.9)

N , .
5. Finally set N, = ;-4 N and list the Nj, , vectors {x?kfl}

(6)] }Ntkﬂ .

as {wi,, };=1
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6. At time ¢ produce the estimate
1 &
()
M o

Remark 2.2 Both here and in Algorithm DMC, we could have replaced the random
variable | P + u”| by any integer-valued random variable with mean P, The
choice given here is natural, since it is the one that minimises the variance. From a
mathematical perspective, the analysis would have been slightly easier if we chose
instead to use Poisson distributed random variables.

We should first establish that this new algorithm “does the job” in the sense that if
the steps in Algorithm DMC are replaced by those in Algorithm TDMC, the resulting
ensemble of particles still produces an unbiased estimate of the quantity { f); defined in
(2.2). This is the subject of Theorem 4.1 below which establishes that, indeed, for any
bounded test function f and any choice of ,

Efi = (f): . (2.10)

We have already mentioned that a companion article [HW14] is devoted to showing
that our modification of DMC, Algorithm TDMC, does not suffer the small ¢ instability
observed in Algorithm DMC. In that asymptotic regime Algorithm TDMC dramatically
outperforms the straightforward generalisation of DMC in Algorithm DMC. However,
a surprising side-effect of our modification is that Algorithm TDMC is superior to
Algorithm DMC in all contexts. In this article we compare Algorithms DMC and
TDMC independently of a specific regime (discretisation stepsize, choice of , etc).

The key tool in carrying out this comparison is Lemma 4.4 in Section 4. That lemma
establishes that by simply randomising all tickets uniformly between 0 and 1 at each
step of Algorithm TDMC, one obtains a process that, in law, is identical to the one
generated by Algorithm DMC. With this observation in hand we are able to establish
in Theorem 4.3 that the estimator produced by Algorithm TDMC always has lower
variance than Algorithm DMC, i.e. we prove that

Varﬁgvarlft, (2.11)

holds for any bounded test function f, any underlying Markov chain Y, and any choice
of x. In expression (2.11) we have again distinguished expectations under the rules of
Algorithm DMC from all other expectations by a superscript 1.

In comparing Algorithms DMC and TDMG, it is not enough to simply compare the
variances of the corresponding estimators: one should also compare their respective
costs. Since the dominant contribution to any cost difference in the two algorithms will
come from differences in the number of times one must evolve a particle from one time
step to the next we compare the expectations of workload

Wi= > N
te <t
under the two rules. However, by (2.10) with f = 1 we see that

k—
E'W, =EW, =M Z EeXp( Zx(yt,,ytw)) ,

th<t =0
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so that the expected cost of both algorithms is the same. In fact, the proof of Theorem 4.3
can be modified slightly to show that the variance of the workload of Algorithm TDMC
is always lower than the variance of workload of Algorithm DMC. These remarks leave
little room for ambiguity. Algorithm TDMC is more efficient than Algorithm DMC in
any setting.

The existence of a continuous-time limit and other robust, small-discretisation
parameter characteristics established in [HW14] along with the other features of Algo-
rithm TDMC mentioned above, strongly suggest that Algorithm TDMC has significant
potential as a flexible and efficient computational tool. In the next section we provide
numerical evidence to that effect.

3 Two examples

In the following subsections we apply our modified DMC algorithm to two simple
problems. In Section 3.1 we consider the approximation of a small probability related
to the escape of a diffusion from a deep potential well. We will use Algorithm TDMC
to bias simulation of the diffusion so that an otherwise rare event (escape from the
potential well) becomes common (and then reweight appropriately). We will see that
extremely low probability events can be computed with reasonably low relative error. In
Section 3.2 we demonstrate the performance of Algorithm TDMC in one of DMCs most
common application contexts, particle filtering. We will reconstruct a hidden trajectory
of a diffusion, given noisy but very frequent observations. Our comparison shows that
the reconstruction produced by the modified method is dramatically more accurate than
the reconstruction produced by straightforward generalisation of DMC.

3.1 Rare event simulation

In Quantum Monte Carlo applications, the function y is (for the most part) specified by
the potential V' as in (2.3). In other applications however, there may be more freedom in
the choice of x to achieve some specific goal. As already mentioned earlier, the choice
x(z,y) = V(y) — V(z) turns Algorithm TDMC into an estimator of

(f)e =" @IE(flype VW) .

The design of a “good” choice of V' will be discussed below. By redefining f we find
that e=V@0) eV £, is an unbiased estimate of E(f(y;)), i.e.

Ny ) .
eVEES VD ) = Efyy),
J=1
%)
t

where the samples z;’’ are generated as in Algorithm TDMC. This suggests choosing

V to minimise the variance of eV f,. Intuitively this involves choosing V' to be smaller
in regions where f is significant. The branching step in Algorithm TDMC will create
more copies when V' decreases, focusing computational resources in regions where V' is
small.

As an example, consider the overdamped Langevin dynamics

dys = —VU(yp)dt + \/2vdBy

where y represents the positions of seven two-dimensional particles (i.e. y € R'*) and

U) =Y Al — x5~ = [l — 5] 7°) -

i<j
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Figure 2: (Left) The initial condition 2 to generate the results in Table 1. (Right) A
typical sample of the event y, € B.

In this formula z; represents the position of the ith particle (i.e. ; € R?). In various
forms this Lennard-Jones cluster is a standard non-trivial test problem in rare event
simulation (see [DBC98]).

After discretising this process by the Euler scheme

Yk+1e = Yke — VUWre) € + /276 €1

with a stepsize of ¢ = 10~* we apply Algorithm TDMC with

:cif%ij

J

A
@D =V - V@, V@)= ngg{

The properties of the Euler discretisation in the context of rare event simulation are

discussed in [VEW14].
Our goal is to compute

P,a(ys € B), B={z:V(x)<0.1},

where our initial configuration is given by 3514 =(0,0)and for j =2,3,...,7,
A _ Jjmo . gmw
ZCJ = <COS ?75111 ?)

(see Figure 2). Starting from initial configuration x, = -, the particle initially at the
centre of the cluster (') will typically remain there for a length of time that increases
exponentially in v ~!. We are roughly computing the probability that, in 2 units of time,
the particle at the centre of the cluster exchanges positions with one of the particles in
the outer shell. This probability decreases exponentially in v~ ! as v — 0. In this case

f(x) =1p(z),

where 1p is the indicator function of B. In our simulations, A\ is chosen so that the
expected number of particles ending in B, Ef, is (very) roughly 1. The results for
several values of the temperature -y are displayed in Table 1.

The workload referenced in Table 1 is the (scaled) expected total number of VU
evaluations per sample, i.e. the expectation of

2/e
eWsy = sZNkE.

k=1

Note that when V' = 0, Algorithm TDMC reduces to straightforward (brute force)
simulation and the workload is exactly 2. Increasing A results in the creation of more
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o A estimate workload %(nggsﬁggd) brute force
0.4 1.9 1.125x10~2 12.90 4.732x1073 1.112x1072
0.2 1.3 2.340x1073 11.64 2.344x1074 2.335%x1073
0.1 1 7.723%x107° 13.87 7.473x107 7.722%x107°
0.05 0.85  9.290x10°8 30.84 1.002x10711  9.290x10~8
0.025 038 1.129%10713  204.8 1.311x10728  1.129x10~13

Table 1: Performance of Algorithm TDMC on the Lennard-Jones cluster problem
described in Section 3.1 at different temperatures (). A measure of the efficiency
improvement of Algorithm TDMC over straightforward simulation is obtained by taking
the ratio of the last two columns

particles. This has the competing effects of increasing the workload on the one hand
but reducing the variance of the resulting estimator on the other. If we let o2 denote

the variance of one sample run of Algorithm TDMC (i.e. var e~ V@hev fo with
M =1)and Jgf the variance of the random variable f(y2), then the number of samples
required to compute an estimate with a statistical error of err is M = o2 /err and
Myy = alff /err for Algorithm TDMC and brute force respectively. Taking account
of the expected cost (scaled by ¢) per sample of Algorithm TDMC (reported in the
“workload” column) and of brute force simulation (identically 2) we can obtain a
comparison of the cost of Algorithm TDMC and brute force by comparing the brute force
variance to the product of the variance of the estimate produced by Algorithm TDMC
and one-half the workload reported in the fourth column of the table. These quantities
are reported in the last two columns of the table. By taking the ratio of the two columns
we obtain a measure of the relative cost per degree of accuracy of the two methods. One
can see that the speedup provided by Algorithm TDMC becomes dramatic for smaller
values of 7. The variance of the brute force estimator is computed from the values in
the third column by

brute force variance = P 4 (y2 € B)(1 — P,a(y2 € B)).

Only the estimates in the first two rows of Table 1 were compared against straightforward
simulation. Those estimates agreed to the appropriate precision.

The choice of V' used in the above simulations is certainly far from optimal. Given
the similarities in this rare event context between Algorithm TDMC and the DPR
algorithm, it should be straightforward to adapt the results of Dean and Dupuis in
[DD11] identifying optimal choices of V" in the small y limit. In fact, we suspect (but
do not prove) that, at least when the step-size parameter is small, the optimal choice of
V' at any temperature is given by the time-dependent function

V(k,z) = —1logP(y2 € B|yge = x).

This choice is clearly impractical as it requires knowing the probability that we are
trying to compute. Even asymptotic estimates based on taking an appropriate low
limit of this choice are often not practical so it is worth noting that, even with a rather
clumsy choice of V, our scheme is still able to produce impressive results to fairly low
temperatures. We fully expect however that without a very carefully chosen V, the cost
of achieving a fixed relative accuracy for our scheme will grow exponentially with v 1
as 7 — 0. This characteristic is common in rare event simulation methods.
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3.2 Non-linear filtering

In this section our goal is to reconstruct a sample path of the solution to the stochastic
differential equation

dy? = 10" — yP)dt +V2dB}Y 3.1)
dy® = (V@28 — yi) — yP) dt + V2dB? (3:2)
8 .
dy;” = (yil’yiz) - §yf')) dt +v2dB® (3.3)
with
—5.91652
vwo=| —552332
24.57231

The deterministic version of this system is the famous Lorenz 63 chaotic ordinary
differential equation [Lor63]. The stochastic version above is commonly used in tests
of on-line filtering strategies (see e.g. [MGG9%4, MTAC12]).

The path of y, is revealed only through the 3-dimensional noisy observation process

dhy =y, dt +0.1dB, (3.4)

where the 3-dimensional Brownian motion Bt is independent of B;. Our task is to
reconstruct the path of y; given a realisation of h;. More precisely, our goal is to sample
from (and compute moments of) the conditional distribution of ; given F/*, where F"
is the filtration generated by h. One can verify that expectations with respect to this
conditional distribution can be written as

B (0 exp( =10 [ (ys, dh() 50 [y |ys]2ds) )
EB exp<710f0t<y5, dhs) — 50 ngysHst)

(3.5)

where the superscript B on the expectations indicates that they are expectations over By
only and not over By, i.c. the trajectory of h; is fixed. We will focus on estimating the
mean of this distribution (f(x) = ) which we will refer to as the reconstruction of the
hidden signal.

As always, we should first discretise the problem. The simplest choice is to again
replace (3.1) by its Euler discretisation with parameter €. The observation process (3.4)
can be replaced by

het1)e — Pke & Yre € + 0.1VE N 41 (3.6)

where the 7, are independent Gaussian random variables with mean 0 and identity
covariance. We again set € = 10~*. With this choice for A, it is equivalent to assume
that the observation process is the sequence of increments hx11)e — hye instead of H
itself. To emphasise that we will be conditioning on the values of b1y — hxe and not
computing expectations with respect to these variables we will use the notation A\, to
denote a specific realisation of A1) — hie. In Figure 3.2 we plot a trajectory of the
resulting discrete process y and observations Ax+1)e — Rke.

Note that given a particular state yx. = x, the probability of observing 41y —

hks =Ais
lze — A
eXpl| ————-7—
0.02¢
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Figure 3: Hidden signal (black), together with the observed signal in gray.

and expectations of the discretised process y given the A;41)e — hxe = ) Observations
can be computed by the formula

e s — 002
ZklE(ykE exp(— Z JEOO%J)) s (37)
j=1 :

where the normalisation constant Zj, is given by

llyje € = D117
EeXp( Z yﬁgms )

In the small £ limit, formula (3.7) (with k = ¢ /<) indeed converges to (3.5) (see [Cril 1]).
Expression (3.7) suggests applying Algorithms DMC or TDMC with

lye — Diqa ]l

Xy = 5 10e

at each time step. Below it will be convenient to consider the resulting choice of P,

(@) 2
PO = exp ( ”x<k+1>ao - AVt >
vze

in Algorithm TDMC. With this choice, the expected number of particles at the kth step
would be

k
llyje e — 052
MEexp(—§ 7) ,
= 0.02¢

a quantity that my decay very rapidly with k. Since our goal is to compute conditional
expectations we are free to normalise PY) by any constant. A tempting choice is

(2)
Pl — Zy; exp Hx(k+1)5 = Dpyl?
Zr41 0.02¢
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which would result in EN. = M for all k. Unfortunately we do not know the
conditional expectation in the denominator of this expression. However, for a large
number of particles Ni. we have the approximation

Nie ~ (i
1 iexp _ ||x3c)+1)55 — Dy |]?
Nk:e T 0.02¢

e—A 2 Z
RV“E(e"p<_”y(k+l)so 02e w1l )’Al"”’ﬂ’f) - Zl

This suggests using

ex _ Hi:;;)+1)€5_Ak+l H2
p 0.02¢
~( >
1 Nie ex _ ”x§k)+1)55_Ak+1”2
Npe 2u1=1 EXP 0.02¢

which will guaranty that EN. = M for all k.

In fact, in practical applications it is important to have even more control over the
population size. Stronger control on the number of particles can be achieved in many
ways (e.g. by resampling strategies [dDGO0S, Liu02]). We choose to make the simple
modification

P = (3.8)

”"'2524,1)55_A7€+1 ”2
cXp ( 0.02¢
P =M

~ (1) 2\
Nke 1204 18 =Dkl
1=1 XP (‘ 0.02¢

which results in an expected number of particles at step k£ + 1 of M independently of
the details of the step k& ensemble. Formula (3.9) depends on the entire ensemble of
walkers and does not fit strictly within the confines of Algorithms DMC and TDMC.
This choice will lead to estimators with a small, M -dependent, bias. All sequential
Monte Carlo strategies with ensemble population control for computing conditional
expectations that we are aware of suffer a similar bias.

The results of a test of Algorithm TDMC with this choice of P are presented in
Figure 5 for M = 10. The true trajectory of y is drawn as a dotted line, while our
reconstruction is drawn as a solid line. Note that the dotted line is nearly completely
hidden behind the solid line, indicating an accurate reconstruction. In Figure 4 we show
the results of the same test with Algorithm TDMC replaced by Algorithm DMC. The
method obtain in this way from Algorithm DMC is very similar to a standard particle
filter with the common residual resampling step (see [Liu02]).

With our small choice of ¢, one might expect that the number of particles generated
by Algorithm DMC would explode or vanish almost instantly. Our choice of P®
prevents large fluctuations in N. We expect instead that the number of truly distinguish-
able particles in the ensemble (in the sense that they are not very nearly in the same
positions) will drop to 1 instantly, leading to a very low resolution scheme and a poor
reconstruction. This is supported by the results shown in Figure 4.

The fact that we obtain such a good reconstruction in Figure 5 with only 10 particles
indicates that this is not a particularly challenging filtering problem. Challenging
filtering problems and more involved methods for dealing with them are discussed
in [VEW]. The purpose of this example is to demonstrate that by simply removing
unnecessary variance from a particle filter (via Algorithm TDMC) one can improve

(3.9)
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Figure 4: Reconstruction of the three components of the signal using Algorithm DMC.
The hidden signal is shown as a dotted line.

Figure 5: Reconstruction of the three components of the signal using Algorithm TDMC.
The hidden signal is shown as a dotted line.
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performance. This improvement is illustrated dramatically in our small € setting. In
practice it is advisable to carry out the copying and killing steps in Algorithm TDMC less
frequently, accumulating particle weights in the intervening time intervals. Nonetheless,
any variance in the resulting estimate will be unnecessarily amplified if one uses a
method based on Algorithm DMC instead of Algorithm TDMC.

4 Bias and comparison of Algorithms DMC and TDMC

In this section we establish several general properties of Algorithms DMC and TDMC.
In contrast to later sections we do not focus here on any specific choice of the Markov
process y or the function . For simplicity in our displays we will assume in this section
that y is time-homogenous, i.e. that its transition probability distribution is independent
of time. As above we use E! and E to denote expectations under the rules of Algorithms
DMC and TDMC respectively. In the proof of each result we will assume that M = 1
in Algorithms DMC and TDMC. The results follow for M > 1 by the independence
of the processes generated from each copy of the initial configuration. To keep the
formulas slightly more compact and because the results in these section do not pertain
to the continuous time limit, we will replace our subscript ¢;, notation with a subscript k
(and t is now a non-negative integer).

Our first main result in this section establishes that Algorithms DMC and TDMC
are unbiased in the following sense.

Theorem 4.1 Algorithm TDMC produces an unbiased estimator, namely

t—1
Efi = E(f(yt) exp (= D x(wi, ykﬂ))) : (4.1)
k=0

The expression also holds with E replaced by E*.

The proof of Theorem 4.1 is similar to the proof of Theorem 3.3 in [DD11] and requires
the following lemma.

Lemma 4.2 For any bounded, non-negative function F on R% x R we have
N . . 0 1
E(Z F,09) ’ Zo, gng) — ¢ X@0,d) / FGED, u)du . 4.2)
j=1 0

The expression also holds with E replaced by E'.

Proof. From the description of the algorithm and, in particular the fact that given x,
and 5:(11) , the tickets are all independent of each other, we obtain

Ny 1
E(Z Py, 00) :vo,:f(f)) = [ GO e du
j=1 0

~(1)
e—x(wo‘zl )Z’U«)

_ (1) 1
e~ X@o,Z17) _ 1
~(1)
=+ /e ., F(Z‘l , ) du I(X(IO"%?))SO) .

~
1— eX(-’Ko»-'K(l )) x(xq,&
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The first term on the right can be rewritten as

X0, 75

—x(@o,E(") (1)
e 0Ty ; F@@y, v du I(X(Ioi{f))ﬁo)

4 e @0, F(x(l) w)dul
0 (x(@o,#")>0)

while the second is

1
—x(@0,2{")
€ /ex(wo,i(ll)) F(I u) du I(X(IE(J,:i(ll))SO) .

Combining terms we obtain

Ny
E <Z F{,6)
j=1

~ _ ~(1)
350,55(11)) — e X(@0, Ty )/ F((ﬂ(l) w) dul(
0

X(@o,31")<0)

1
—X(wo, )
+ e X@0, @) A F(zy, w)du I(X(oni’(ll))>0)

— X0 / FGEP, u)du,
0
which establishes (4.2). A similar (but simpler) argument proves the result for E replaced
by E'. O
With Lemma 4.2 in hand we are ready to prove Theorem 4.1.

Proof of Theorem 4.1. First notice that by Lemma (4.2), we have the identity

N; 1
EY F@, 607 =E(e-x<w°vyl> / F(yl,u)du> : (4.3)
0

Jj=1

for any function F'(x, #). In particular, the required identity holds for £ = 1 by setting
F(z,0) = f(2).

Now we proceed by induction, assuming that expression (4.1) holds for step k — 1
and prove that the relation also holds at k. Notice that, by the Markov property of the

process,
Ni—1

EZf(:B(J) (ZE G g ( Z f(:E(J) ))

Setting
Ni—1

F(x,0) =Eqp Z f@@ )
in expression (4.3), we obtain
Nk . Nl . .
E) f@)=EY F@, 60
j=1 j=1

Ni—1

= E(ex(wmyl)/ . U(Z f(x(j) ) > )
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According to the rule for generating the initial ticket we have that

lel Nkl

/ " u< Z f(I(J) )> du = Ey1 Z f(ZZT(])

and we have therefore shown that

Ni—1

Ny,
EY f@f) = E<6X(ro,y1)Eyl ( Z F@P ) )) .
j=1

We can conclude, by our induction hypothesis, that

E Z F@9) = <ex(zo,y1)Ey1 (f(yk—1)€7 Sito X('Wml/k#»l)))

t—1
=E (f(yt) eXp(— > Xk, yk+1))> :
k=0

and the proof is complete. A similar argument proves the result for E replaced by E'.
O

The second main result of this section compares the variance of the estimators
generated by Algorithms DMC and TDMC. We have that

Theorem 4.3 For all bounded functions f, one has the inequality
varf, < var'f, .
The inequality is strict when f is strictly positive.

The following straightforward observation is an important tool in comparing Algo-
rithms DMC and TDMC.

Lemma 4.4 After replacing the rules
()

0; .
O = gy and 075 ~UPD)TLY) fori> 1,

in Step 4 of Algorithm TDMC by
o0 ~U©,1)  foralli, (4.4)

the process generated by Algorithm TDMC becomes identical in law to the process
generated by Algorithm DMC.

Remark 4.5 Note that the resampling of the tickets in (4.4) applies to all particles,
including ¢ = 1.

As with the proof of Theorem 4.1, the proof of Theorem 4.3 is inductive. The most
cumbersome component of that argument is obtaining a comparison of cross terms that
appear when expanding the variance of the estimators produced by Algorithms DMC
and TDMC. This is encapsulated in the following lemma.
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Lemma 4.6 Let F be any non-negative bounded function of R* xR, which is decreasing
in its second argument. Then

N1 N N, Ny
. (Z > F@ 0P, 95’)>) <E (Z Y F@, 6P, 95“)) :

J=1 i#j J=1 i#j
and the bound is strict when, for each x, F(x,0) is a strictly decreasing function of 6.

Proof. First note that 27 = #{" for each j. Furthermore, conditioned on zo, ",

and Vi, the tickets are independent of each other and for j > 2 they are identically
distributed (for Algorithm DMC they are identically distributed for ;7 > 1). These facts
imply that, for the new scheme,
Nl Nl . .
B(3 3 el ral o)) -
J=1 i#j

E(210v, 00 = D120 )E(FGY, o) |70 )E(FGD, 07 | #7)

2
+ E(l( Mo Ny — DNy —2)] :E(ll))E(F(:i:(ll),O(P) | 5:(1”) . (45)

For Algorithm DMC the tickets 9(1j ) are i.i.d. conditioned on & 50 that

jﬁ”) =

2
E! (Nl(Nl _ 1)|:z<11>)E1 (F(;z?),e(l”)m”) . (46)

N1 N,
B (303 Fa oG o)

J=1 i

Let
P — o X@o.)

Note that on the set {P < 1}, we have N7 < 1, so that expressions (4.5) and (4.6)
vanish. On the set {P > 1}, we have

~ ~ 1 b
E(F($§1)79(12))|I(11)) = ﬁ/ F@Y,w)du,
— s

P71
E(F(:z?leg”)m”) —p / FGEP,w)du,
0

and

1
E! (F(:zf),ag”)\;a”) _ / FGEP, wdu,
0
so that

1 P-1
E' (P, 003" ) = SE(FG.6)[3) + %E(F(i‘ﬁl), o)) .
In other words, if we set

A=E(FGD, 07| #")

and
B =E(F@D,0")37) - B(Fa", o) 3"),
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we have the identity
1
E! (F(i:(ll), o) gzgh) — A+ 2B.
In Algorithm TDMC, 9(11) < 9(12) so that, if F'is a decreasing function of 6, then

B > 0.

Now note that the variable N is the same for both algorithms and is given explicitly
by the formula

= i) P

(D
X \‘6 X(@o, Ty )J +1 (1) (1) s
<U<6*X(Io,zl )_Lefx(ro,zl )J)

where U is a uniform random variable in [0, 1]. Using this formula we can compute the
expectations involving Ny explicitly. Defining

R=P—|P],
on the event { P > 1} we have that
E! (Nl(Nl — 1) g:«(lD) —(P-R(P-1+R),
E(1nsnMi = D]a") = P 1,

and
E(1i (Vi = DN = 2) &) = (P =1 = RX(P =2+ R).

The difference of terms (4.6) and (4.5), which vanishes on P < 2, can now be
written as

AP — 1)AB — 2P — R)(P — 1+ R)AB% ~(P-R(P—1+ R)B2%

on the set { P > 2}. Recalling that B > 0 (we can drop the last term) and rearranging
we see that this expression is bounded above by

2A?B(P(P —1)—(P—-R)(P -1+ R)). 4.7)

Note that since0 < R < 1wehave P—1 < P—1+R < P— R < P. The difference in
the parenthesis in (4.7) is the difference in the area of two squares with equal perimeter,
the second of which (in the sense of the last sequence of inequalities) is closer to square.
The difference is therefore non-positive. All bounds are strict whenever, for each =z,
F(x,0) is a strictly decreasing function of 6. 0

Finally we complete the proof that the variance of the estimator generated by
Algorithm TDMC is bounded above by the variance of the estimator generated by
Algorithm DMC.
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Proof of Theorem 4.3. By Theorem 4.1 we have that
Ef, =E'f,,

so it suffices to show that

E(f)? <E'(J))? . (4.8)

Furthermore, since the variance does not change by adding a constant to f we can, and
will from now on, assume that f(x) > 0 for every x. In order to prove (4.8), we will
proceed by induction. Since the random variables N7 and :%(11) are the same in both
schemes, the result is true for £ = 1. Now assume that (4.8) holds through step k£ — 1.

We will show that N
(Z jah) <B (3 fad)’ (4.9)
j=1

Observe that we can write

N N, N,
Zf(m(])) _ Z Z f(il'(j ,0)
j=1 j=11i=1

where we used V. {] ;. to denote the number of particles at time & whose ancestor at time

1is 2. The descendants of 2\’ are enumerated by zy D fori =1,2,...,N ij ).

By the conditional independence of the descendants of the part1cles at tlme k when
conditioned on xg, ;v<11 , and N, we have that

Ny, Ni—1
E(Z f(l'g))) = E(ZE ) 9<J>(Z f(w(z) ) )
=1
] N1 Ny Ni—1
+E<ZZE @ 9(”(2 f(x(l) >

J=1i#j
Ni—1

x Ex(f)ﬁg(z F@ ) )) . (4.10)

=1
An identical expression (with E replaced by E') holds for Algorithm DMC. Setting

Ni—1

Fi(,0) = Eq g Z f@ )

and
Ni_1

Fo(x,0) = 19(2 f@ ) ) ,

we can rewrite the last identity in the case of Algorithm TDMC as

N1 Np

Ni 2 Ny
E (Z f@”)) =EY BP0 +EY. Y RG0!, 60).
Jj=1 j=1

J=1 i#j
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In the case of Algorithm DMC with

Ny -1

FY@,0) =KLy > fai )
=1

and
Ni—1 2
F(z,0) =E} ( > f(lel)) ,
=1
we have
Ni 2 N1 N1 Ni
E! <Z f(xgg'))) =E' ) G, 607 +EVD S Y, 00 e, 6) .
i=1 j=1 J=1 ij

Note that Lemma 4.2 implies that
Nl . . Nl . .
EY Ry, 00) = E'S By, 09)
j=1 j=1

Under the rules of Algorithm DMC, conditioned on x( and 53(11), the ticket 9(1j ) is
independent of N;. So we can write the last equality as

Ny N
E)  Faa,07) = E! (Z E,o (Fg(a:(f), 9(13))) > :
j=1 j=1
By our inductive hypothesis we then have that
Ni ] , N 4 4
EY By, 00) <E! (Z E, (FS@:&”, ai”)) >
J=1 j=1

Appealing again to the conditional independence of 9(1j ) and N; under Algorithm DMC
we have that

N, Ny
ES R, 00) <E'S FGD, 09
Jj=1 Jj=1
We now move on to the second term in (4.10). It follows from the definition of

Algorithm TDMC that the function F} is strictly decreasing in 6, so that Lemma 4.6
yields

N1 Ni N, N,
8355 ot it ) < (353 R oyt ).
J=11i#j J=1 i#j

Under the rules of Algorithm DMC, conditional on zq and ", the 6{" are all in-
dependent of each other and of N;. Therefore we can integrate over the tickets to
obtain

N1 Nl
E (Z > REy, 0 RGEY, 0&“>)
J=1i#j
Ny Ny ) . . .
<u (353 kg (Rt o) e (Rt o))

J=1ij
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By Theorem 4.1 we have that

Ni—1 Ni—1

Eo > f@i ) =El > f@il)
=1 =1

or
o . o
Ex(lj)Fl(x(lj)’ H(IJ)) = Er&j)F{)(x(lj)7 9(1])) .

This yields
Nl Nl . . . .
B(3 Y Al o Re )
J=11i#j
Nl Nl . . . .
<E' (Z > EL (FP(xﬁ”, 95”)) El (F{)(xﬁ”, 05”))) :

=1 i

Reinserting the tickets we obtain

N1 N, N; Ni
B 5 Aal om0 ) < B (3 X el o r o) )

=1 i#j =1 i#j

which completes the proof. O
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