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Abstract

Bayesian optimization (BO) has been a successful approach to optimize expensive functions whose prior knowledge can
be specified by means of a probabilistic model. Due to their expressiveness and tractable closed-form predictive
distributions, Gaussian process (GP) surrogate models have been the default go-to choice when deriving BO frameworks.
However, as nonparametric models, GPs offer very little in terms of interpretability and informative power when applied
to model complex physical phenomena in scientific applications. In addition, the Gaussian assumption also limits the
applicability of GPs to problems where the variables of interest may highly deviate from Gaussianity. In this article, we
investigate an alternative modeling framework for BO which makes use of sequential Monte Carlo (SMC) to perform
Bayesian inference with parametric models. We propose a BO algorithm to take advantage of SMC'’s flexible posterior
representations and provide methods to compensate for bias in the approximations and reduce particle degeneracy.
Experimental results on simulated engineering applications in detecting water leaks and contaminant source localization
are presented showing performance improvements over GP-based BO approaches.

Impact Statement

The methodology we present in this article can be applied to a wide range of problems involving sequential
decision making. As presented in a water leak detection experiment, one may apply the algorithm to guide robots
in automated monitoring of underground water lines. Other applications include environmental monitoring,
chemical synthesis, disease control, and so forth. One of the main advantages of the proposed framework when
compared to previous Bayesian optimization approaches is the interpretability of the model, which allows for
inferring variables important for analysis and decision support. In addition, practical performance improvements
are also observed in experiments.
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1. Introduction

Bayesian optimization (BO) offers a principled approach to integrate probabilistic models into processes
of decision making under uncertainty (Shahriari et al., 2016). In particular, BO has been successful in
optimization problems involving black-box functions and very little prior information, such as smooth-
ness of the objective function. Examples include hyperparameter tuning (Snoek et al., 2012), robotic
exploration (Souza et al., 2014), and chemical design (Shields et al., 2021), and disease control (Spooner
etal., 2020). Most of its success relies on the flexibility and well-understood properties of nonparametric
modeling frameworks, particularly Gaussian process (GP) regression (Rasmussen and Williams, 2006).
Although nonparametric models are usually the best approach for problems with scarce prior information,
they offer little in terms of interpretability and may be a suboptimal guide when compared to expert
parametric models. In these expert models, parameters are attached to variables with physical meaning
and reveal aspects of the nature of the problem, since models are derived from domain knowledge.

As a motivating example, consider the problem of localizing leaks in underground water distribution
pipes (Mashford et al., 2012). Measurements from pipe monitoring stations are usually sparse and
excavations are costly (Sadeghioon et al., 2014). As a possible alternative, microgravimetric sensors
have recently allowed detecting gravity anomalies of parts in a billion (Brown etal., 2016; Hardman et al.,
2016), making them an interesting data source for subsurface investigations (Hauge and Kolbjernsen,
2015; Rossi et al., 2015). One could then design a GP-based BO algorithm to localize a leak in a pipe by
searching for a maximum in the gravity signal on the surface due to the heavier wet soil. The determined
2D location, however, tells nothing of the depth or the volume of leaked water. In this case, a physics-
based probabilistic model of a simulated water leak could better guide BO and the decision-making end
users. Bayesian inference on complex parametric models, however, is usually intractable, requiring the
use of sampling-based techniques, like Markov chain Monte Carlo (MCMC) (Andrieu et al., 2003), or
variational inference methods (Bishop, 2006; Ranganath et al., 2014). Either of these approaches can lead
to high computational overheads during the posterior updates in a BO loop.

In this article, we investigate a relatively unexplored modeling approach in the BO community which
offers a balanced trade-off between MCMC and approximate inference methods for problems where
domain knowledge is available. Namely, we consider sequential Monte Carlo (SMC) (Doucet et al.,
2001), also known as particle filtering, algorithms as posterior update mechanisms for BO. SMC has an
accuracy-speed trade-off controlled by the number of particles it uses, and it suffers less of the drawbacks
of other approximate inference methods (Bishop, 2006), while still enjoying asymptotic convergence
guarantees similar to MCMC (Crisan and Doucet, 2002; Beskos et al., 2014). SMC methods have
traditionally been applied to state-space models for localization (Thrun et al., 2006) and tracking (Doucet
etal., 2000) problems, but SMC has also found use in more general areas, including experimental design
(Kuck et al., 2006) and likelihood-free inference (Sisson et al., 2007).

As contributions, we present an approach to efficiently incorporate SMC within BO frameworks. In
particular, we derive an acquisition function to take advantage of the flexibility of SMC’s particle
distributions by means of empirical quantile functions. Our approach compensates for the approximation
bias in the empirical quantiles by taking into account SMC’s effective sample size (ESS). We also propose
methods to reduce the correlation and bias among SMC samples and improve its predictive power. Lastly,
experimental results demonstrate practical performance improvements over GP-based BO approaches.

2. Related Work

Other than the GP approach, BO frameworks have applied a few other methods for surrogate modeling,
including linear parametric models with nonlinear features (Snoek et al., 2015), Bayesian neural networks
(Springenberg et al., 2016), and random forests (Hutter et al., 2011). Linear models and limits of Bayesian
neural networks when the number of neurons approaches infinity can be directly related to GPs
(Rasmussen and Williams, 2006; Khan et al., 2019). Mostly these approaches, however, consider a
black-box setting for the optimization problem, where very little is known about the stochastic process
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defining the objective function. In this article, we take BO instead toward a gray-box formulation, where
we know a parametric structure which can accurately describe the objective function, but whose true
parameters are unknown.

SMC has previously been combined with BO in GP-based approaches. Benassi et al. (2012) applies
SMC to the problem of learning the hyperparameters of the GP surrogate during the BO process by
keeping and updating a set of candidate hyperparameters according to the incoming observations. Bijl
et al. (2016) provide a method for Thompson sampling (Russo and Van Roy, 2016) using SMC to keep
track of the distribution of the global optimum. These approaches still use GPs as the main modeling
framework for the objective function. Lastly and more related to this article, Dalibard et al. (2017) presents
an approach to use SMC for inference with semiparametric models, where one combines GPs with
informative parametric models. Their framework is tailored to automatically tuning computer programs
following dynamical systems, where the system state transitions. In contrast, our approach is based on a
static formulation of SMC, where the system state corresponds to a probabilistic model’s parameters
vector, which does not change over time. Simply adapting a dynamics-based SMC model to a static
system is problematic due to particle degeneracy in the lack of a transition model (Doucet et al., 2000). We
instead apply MCMC to move and rejuvenate particles in the static SMC framework, as originally
proposed by Chopin (2002).

In the multiarmed bandits literature, whose methods have frequently been applied to BO (Srinivas
et al., 2010; Wang and Jegelka, 2017; Berkenkamp et al., 2019), SMC has also been shown as a useful
modeling framework (Kawale et al., 2015; Urteaga and Wiggins, 2018). In particular, Urteaga and
Wiggins (2018) present a SMC approach to bandits in dynamic problems, where the reward function
evolves over time. A generalization of their approach has recently been proposed to include linear and
discrete reward functions (Urteaga and Wiggins, 2019) with support by empirical results. Bandit
problems seek policies which maximize long-term payoffs. In this article, we instead focus on investi-
gating and addressing the effects of the SMC approximation on a more general class of problems. We also
provide experimental results on applications where domain knowledge offers informative models.

Lastly, BO algorithms provide model-based solutions for black-box derivative-free optimization prob-
lems (Rios and Sahinidis, 2013). In this context, there are plenty of other model-free approaches, such as
evolutionary algorithms, which include the popular covariance matrix adaptation evolution strategy (CMA-
ES) algorithm (Arnold and Hansen, 2010). However, these approaches are usually not focused on improving
data efficiency as the usually require hundreds or even thousands of steps to converge to a global optimum.
In contrast, BO algorithms are usually applied to problems where the number of evaluations of the objective
function is very limited, usually to the order of tens of evaluations, due to a high cost of collecting
observations (Shahriari et al., 2016), for example, drilling a hole to find natural gas deposits. The algorithm
we propose in this article also targets this kind of use case, with the difference that we apply more
informative predictive models than the usual GP-based formulations.

3. Preliminaries

In this section, we specify our problem setup and review relevant theoretical background. We consider an
optimization problem over a function f : X — R within a compact search space SC X CR?:

x* € argmax f(x). e

xes

We assume a parametric formulation for f(x)=h(x,8), where h: X x ® — R has a known form, but
0 € O®CR" is an unknown parameter vector. The only prior information about @ is a probability
distribution p(@). We are allowed to collect up to T observations o, distributed according to an observation
(or likelihood) model p(o,|0,x,), for t € {1,...,T}. For instance, in the classical white Gaussian noise
setting, we have o, =f(x;) + &, with & ~ N (0,62), so that p(0,]0,%;) = N (0,;h(x,,0),52 ). However, our
optimization problem is not restricted by Gaussian noise assumptions.
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As formulated above, we highlight that the objective function f is a black-box function, and the model
h: X x @ — Ris simply an assumption over the real function, which is unknown in practice. For example,
in one of our experiments, we have f as the gravity measured on the surface above an underground water
leak of unknown location. In this case, gradients and analytic formulations for the objective function are
not available. Therefore, we need derivative-free optimization algorithms to solve Equation (1). In
addition, we assume that the budget of observations 7 is relatively small (in the orders of tens or a few
hundreds) and incrementally built, so that a maximum-likelihood or interpolation approach, as common
in response surface methods (Rios and Sahinidis, 2013), would lead to suboptimal results, as it would not
properly account for the uncertainty due to the limited amount of data and their inherent noise. We then
seek a Bayesian approach to solve Equation (1). In the following, we revise theoretical background on the
main components of the method we propose.

3.1. Bayesian optimization
BO approaches the problem in Equation (1) by placing a prior distribution over the objective function f
(Shahriari et al., 2016), typically represented by a GP (Rasmussen and Williams, 2006). Under the GP
assumption, considering Gaussian observation noise, finite collections of function evaluations and
observations are joint normally distributed, which allows deriving closed-form expressions for the
posterior p( f(x)| {xt,ot}le). BO sequentially collects a set of observations Dy := {X,,o,},T=1 by maxi-
mizing an acquisition function:

x; € argmaxa(x|D,_y), te{l,...,T}. 2)

xes

The acquisition function informs BO of the utility of collecting an observation at a given location x € S
based on the posterior predictions for f(x). For example, with a GP model, one can apply the upper
confidence bound (UCB) criterion:

a(X|Dr-1) =ty (X) +B,00-1(X), (3)

where f(x)|D,—1 ~ N (i,_, (x),67_, (x)) represents the GP posterior at iteration 7 > 1, and 3, is a parameter
which can be annealed over time to maintain a high-probability confidence interval over f (x) (Chowdhury
and Gopalan, 2017). Besides the UCB, the BO literature is filled with many other types of acquisition
functions, including expected improvement (Jones et al., 1998; Bull, 201 1), Thompson sampling (Russo
and Van Roy, 2016), and information-theoretic criteria (Hennig and Schuler, 2012; Herndndez-Lobato
et al., 2014; Wang and Jegelka, 2017).

3.2. Sequential Monte Carlo

SMC algorithms are Bayesian inference methods which approximate posterior distributions via a finite set
of samples (Doucet et al., 2001). The random variables of interest 8§, € ® are modeled as the state of a
dynamical system which evolves over time t € N based on a sequence of observations oy, ...,0,. SMC
algorithms rely on a conditional independence assumption p(o,|0;,01,...,0,—1) =p(0;|0;), which allows
for the decomposition of the posterior over states into sequential updates':

P(01|0t)P(0z|01—1)
plodor,...,0-1)

p(01,...,0t|ol,...,o,) =p(01,...,0t,1|01,...,0,71) (4)

'In these and the following equations, we omit the dependence on the observation locations {x /}t,-zl € X to avoid notation
clutter. However, we will make this dependence explicit whenever needed to emphasize that locations are also part of the
observed data.
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Algorithm 1: Basic SMC

1 {66}i2, ~ p(6)
2forte{l,...,T}do

X

3 0, ~p(8;0;_)), ic{l,...,n} // Move
4 wh = p(ot\éi), ie{l,...,n} // Re-weight particles
5 {0}y ~ 2 widy // Resample (with replacement)
L
Based on this decomposition, SMC methods maintain an approximation of the posterior p(8,|0y, ..., 0,) based

on a set of particles {0;}:; ,C©, where each particle 0§ represents a sample from the posterior. Despite the
many variants of SMC available in the literature (Doucet et al., 2001; Naesseth et al., 2019), in its basic form,
the SMC algorithm is simple and straightforward to implement, given a transition model p(,0;-,) and an
observation model p(0,|0;). For instance, a time-varying spatial model / : X x ® — R may have a Gaussian
observation model p(o,0;) =p(0,|0:,x;) =N (01;h(x.0;),62), with 6,>0, and the transition model
p(0,|0,—1) may be given by a known stochastic partial differential equation describing the system dynamics.

Basic SMC follows the procedure outlined in Algorithm 1. SMC starts with a set of particles initialized
as samples from the prior {06}?21 ~ p(@). At each time step, the algorithm proposes new particles by
moving them according to the state transition model p(8;|6;_1). Given anew observation o,, SMC updates
its particles distribution by first weighing each particle according to its likelihood w! =p (0,|0§) under the
new observation. A set of n new particles is then sampled (with replacement) from the resulting weighted
empirical distribution. The new particles distribution is then carried over to the next iteration until another
observation is received. Additional steps can be performed to reduce the bias in the approximation and
improve convergence rates (Chopin, 2002; Naesseth et al., 2019).

4. BO via SMC

In this section, we present a quantile-based approach to solve Equation (1) via BO. The method uses SMC
particles to determine a high-probability UCB on f via an empirical quantile function. We start with a
description of the proposed version of the SMC modeling framework, followed by the UCB approach.

4.1. SMC for static models

SMC algorithms are typically applied to model time-varying stochastic processes. However, if
Algorithm 1 is naively applied to a setting where the state 8, remains constant over time, as in our case,
p(0,10,_1) becomes a Dirac delta distribution Dy,_,, and the particles no longer move to explore the state
space. To address this shortcoming, Chopin (2002) proposed an SMC variant for static problems that uses
a MCMC kernel to promote transitions of the particles distribution. The MCMC kernel is configured with
the true posterior at time ¢, p(8|o1,...,0,), as its invariant distribution, so that the particles transition
distribution becomes a Metropolis-Hastings update:

ploy,...,0:|0)p(0)q(€'|0)
p(o1s....ol0)p(0)q(010') } 0.0<o.

where ¢(0]@) is any valid MCMC proposal (Andrieu et al., 2003). Efficient proposals, such as those by
Hamiltonian Monte Carlo (HMC) (Neal, 201 1), can ensure exploration and decorrelate particles.

p(010) = min{l, 5)

4.1.1. The static SMC algorithm

The resulting SMC posterior update algorithm is presented in Algorithm 2. In contrast with
Algorithm 1, we accumulate old weights and use them alongside the particles to compute an ESS.
As suggested by previous approaches (Del Moral et al., 2012), one may keep a good enough posterior
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approximation by resampling the particles only when their ESS goes below a certain pre-specified
threshold” ny,;, < n, which reduces computational costs. Whenever this happens, we also move the particles
according to the MCMC kernel. This allows us to maintain a diverse particle set, avoiding particle
degeneracy. Otherwise, case the ESS is still acceptable, we simply update the particle weights and continue.

Algorithm 2: Static SMC
Input: {0;_;,wi_i}7_, 01
Output: {6}, wi}i

10} i=wl_ plo]0'),i€{l,...,n} // Re-weight particles
2 fipss =ESS({0'£,1@’7}§*:1 // Compute effective sample size
3 if ipss < Muin then

4 {éi}?:l ~ wﬁégi // Resample with replacement
5 0 ~ n(|éz), wi:=1,i€{l,...,n} // Move following transition kernel
6 clse

7 L 0 :=0._,, wi = ic{l,...,n}

4.1.2. Computational complexity

The MCMC-based approach incurs an O(nt) computational cost per SMC iteration that grows linearly
with the number of particles n and observations ¢, instead of remaining constant at O(n) across iterations as
in basic SMC (Algorithm 1). However, this increased computational cost is still relatively low in terms of
run-time complexity when compared to the GP modeling approach. Namely, the time complexity for GP
updates is O(#*), which scales cubically with the number of data points (Rasmussen and Williams, 2006).
The SMC approach is also low in terms of memory storage costs, as it does not require storing a covariance
matrix (quadratic scaling O(#?)) over the data points, but only the points themselves and a set of particles
with fixed size, that is, an O(n+t) memory cost.

4.2. An UCB algorithm for learning with SMC models

We now define an acquisition function based on an UCB strategy. Compared to the GP-based UCB
(Srinivas et al., 2010), which is defined in terms of posterior mean and variance, SMC provides us with
flexible nonparametric distributions which can adjust well to non-Gaussian cases. A natural approach to
take advantage of this fact is to the define the UCB in terms of quantile functions (Kaufmann et al., 2012).

The quantile function ¢ of a real random variable § with distribution P; corresponds to the inverse of its
cumulative distribution. We define the (upper) quantile function as:

g;(r):==inf{s€R| P;(5<s) >}, t€(0,1). (6)
For probability distributions with compact support, we also define ¢;(0) as the minimum and ¢;(1) as the

maximum of §, respectively, of the support of P;. In essence, a quantile ¢g;(z) is an upper bound on the
value of 5 which holds with probability at least z.

4.2.1. Empirical quantile functions

In our case, we want to bound f(x) at any x € S with high probability. However, we have no direct access
to the distribution of f(x). Instead, we use SMC to keep track of its posterior by a set of weighted particles
{0/.wi}"_ ateach iteration r. As f(x) = h(x,8), we have a corresponding empirical approximation to the

2 Usually npy, is set to a fraction of n, with 50% being a common setting.
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posterior probability measure of f(x), denoted by ﬁ[f(x> = 0 Wio, (x00)° With the empirical posterior,
we approximate the quantile function on f(x) as:

9 10 (1) ~3,(x,7) 1= inf{s eRIP ,( f(x)<s)2 f}, r€(0,1). )

In practice, computing g,(x,7) amounts to sorting realizations of f(x), s1 < s, < ... <s,, according to the
empirical posterior s; ~ P;( f(x)) and finding the first element s; whose cumulative weight > j<iWyis
greater than 7. For g,(x,7) with 7 set to 0 or 1, the procedure would reduce to returning the supremum or
infimum, respectively, in the support of the distribution of f(x), which correspond to +oo or —oo in the
unbounded case.

The quality of empirical quantile approximations for confidence intervals can be quantified via the
Dvoretzky—Kiefer—Wolfowitz inequality, which bounds the error on the empirical cumulative distribution
function (CDF). Massart, 1990 provided a tight bound in that regard.

Lemma 1 (Massart (1990). Let P, := %ZL 1d s denote the empirical measure derived fromn € N i.i.d.

real-valued random variables {ii}?z | " p. For any & ~ P, assume the cumulative distribution function
s—P[¢E <s] is continuous, s € R. Then we have that:

VeeR, ]P’{sup|Pn[é$s] —PlE<s]| > c} <2exp(—2nc?).

seR

Although SMC samples are inherently biased with respect to the true posterior, we explore methods to
transform SMC particles into approximately i.i.d. samples from the true posterior. For instance, the
MCMC moves follow the true posterior, which turn the particles into approximate samples of the true
posterior. In addition, other methods such as density estimation and the jackknife (Efron, 1992) allow for
decorrelation and bias correction. We explore these approaches in Section 5. As a consequence of Lemma
1, we have the following bound on the empirical quantiles.

Theorem 1 (Szérényi et al. (2015), Proposition 1)). Under the assumptions in Lemma 1, givenx € X
and d € (0,1), the following holds for every p € [0, 1] with probability at least 1 — &:

Vn21, qe(p—ca(d)) <q:(p) <Ge(p+ca(9)), ®)

where ¢, (0) = /5 log ZL.

Note that Theorem | provides a confidence interval around the true quantile based on i.i.d. empirical
approximations. In the case of SMC, however, its particles do not follow the i.i.d. assumption. We address
this problem in our method, with further approaches for bias reduction presented in Section 5.

4.2.2. Quantile-based UCB
Given the empirical quantile function in Equation (7), we define the following acquisition function:

a(x|Dy) =4,(x,6,), =0, )

where J, € (0,1) is a parameter which can be adjusted to maintain a high-probability upper confidence
bound, as in GP-UCB (Srinivas et al., 2010). In contrast to a GP-UCB analogy, we are not using a
Gaussian approximation based on the posterior mean and variance of the SMC predictions. We are
directly using SMC’s nonparametric approximation of the posterior, which can take arbitrary shape.

Theorem 1 allows us to bound the difference between the quantile function and its empirical
approximation in the case of n i.i.d. samples. Given x € X and d € (0, 1), the following holds for every
7 €0, 1] with probability at least 1 — o:

Vn>1, q(x,7—cy(0)) <q(x,7) <qG(x,7+ c,(9)), (10)
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where ¢, (5) := /2n log 3” In the non- i.i.d. case, however, the approximation above is no longer valid.
We instead replace n by the ESS ngss, which is defined as the ratio between the variance of an i.i.d. Monte
Carlo estimator and the variance, or mean squared error (Elvira et al., 2018), of the SMC estimator
(Martino et al., 2017). With nfqq denoting the ESS at iteration 7, we set:

di=1—0+cy (0). (11)

Several approximations for the ESS are available in the SMC literature (Martino et al., 2017; Huggins
and Roy, 2019), which are usually based on the distribution of the weights of the particles. A classical
example is Agsg := %—) (Doucet et al., 2000; Huggins and Roy, 2019). In practice, the simple

i=1 1
substitution of n by ngsg defined above can be enough to compensate for the correlation and bias in the
SMC samples. In Section 5, we present further approaches to reduce the SMC approximation error with
respect to an i.i.d. sample-based estimator.

4.2.3. The SMC-UCB algorithm

In summary, the method we propose is described in Algorithm 3, which we refer to as SMC upper
confidence bound (SMC-UCB). The algorithm follows the general BO setup with a few exceptions. We
start by drawing i.i.d. samples from the model parameters’ prior and equal weights, following the SMC
setup (see Algorithm 2). At each iteration # < T, we choose a query point by maximizing the acquisition
function given by the empirical quantile. We then collect an observation at the selected location. The SMC
particles distribution is updated using the new observation, and the algorithm proceeds. As in the usual
BO setup, this loop repeats for a given budget of T evaluations.

Algorithm 3: SMC-UCB
1 {65}, ~ p(0)

2w =1, 16{1 ..,n}
3 fortc {1,...,T} do

4 Xy € argmax, cg Gr—1(x, ;) // Select query point based on quantile
5
6 0, < Observe f at x; // Collect observation
7
8 {6:, wit™ | « SMC({8;_,,wi_,} | 0,) // Update SMC estimates

5. Drawing Independent Posterior Samples from SMC

Applying to SMC estimates a result similar to Theorem 1 would allow us to provide accurate confidence
intervals based on SMC. This result is not directly applicable, however, due to the bias and correlation among
SMC samples. Hence we propose an approach to decorrelate samples and remove the bias in SMC estimates.

The approach we propose consists of three main steps. We first decorrelate SMC samples by estimating a
continuous density over the SMC particles. The resulting probability distribution is then used as a proposal for
importance sampling. The importance sampling estimate provides us with a still biased estimate of expected
values under the true posterior. To remove this bias, we finally apply the jackknife method (Efron, 1992).

Throughout this section, our main object of interest will be the expected value of a function of the
parameters u : ® — R, which we will assume to be bounded and continuous. We want to minimize the bias
in expected value estimates:

eu=E[u(0)|D;] - [ (0)|D], (12)

where E[] denotes the SMC-based expected value estimator.
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5.1. Density estimation

As a first step, we consider the problem of decorrelating SMC particles by sampling from an estimated
continuous probability distribution g over the particles. The simplest approach would be to use a
Gaussian approximation to the parameters posterior density. In this case, we approximate

p(0|D,) =p,(0) =N (0;5,,2,), where 6 and T correspond to the sample mean and covariance of the

SMC particles. However, this approach does not properly capture multimodality and asymmetry in the
SMC posterior. In our case, instead, we use a kernel density estimator (Wand and Jones, 1994):

5,(0)= > ik, (0.0, 13)
i=1

with the kernel k,:® x ® — R chosen so that the constraint [,¢(@)d@=1 is satisfied. In particular,
applying normalized weights, we use a Gaussian kernel for our problems k, (6,6;) =N ( 0,6,,521),
where ¢, > 0 corresponds to the kernel’s bandwidth. Machine learning methods for density estimation,
such as normalizing flows (Dinh et al., 2017; Kobyzev et al., 2020) and kernel embeddings (Schuster
etal., 2020), are also available in the literature. However, we do not apply more complex methods to our
framework to preserve the simplicity of the approach, also noticing that simple kernel density estimation
provided reasonable results in preliminary experiments.

5.2. Importance reweighting

Having a probability density function p, and a corresponding distribution which we can directly sample

from, we draw i.i.d. samples {0;,r}n ] i D, The importance sampling estimator of E[u(8)|D;] using p,

as a proposal distribution is given by:

xeX, Eu(0)|D,]= / w(0)p(0]D,)d0 = / u(B)p(a|D[)ﬁ,(ﬂ)d0’zZn:u(aéty’(%m, (14)

P(0) s P, (0;,1)

We, however, do not have access to p(D;) to compute p(8|D;). Therefore, we do another approximation
using the same proposal samples:

_ _ p(0) . ~ - i P
P(Dt)—/@p(Dr\ﬁ)p(ﬂ)df)—/@p(Dtlﬂ)ﬁt(a)pz(ﬂ)dﬂfv ;p<Dt|0ﬁ,)ﬁr
Setting a! = (D, ) ?%) e then have:

(6,)
0)[D] ~ Zau( ) ex, (16)

where 5,:=Y/_ al ~p(D;). This approach has been recently applied to estimate intractable marginal
likelihoods of probabilistic models (Tran et al., 2021).

0"> : (15)
9

N

5.3. Debiasing via the jackknife

There are different sources of bias in the SMC estimate and in the further steps described above. The
jackknife method provides sample-based estimates for statistics of a random variable. The method is
based on averaging leave-one-out estimates (Efron, 1992). For the case of bias in estimation, consider a set
of samples {6;}!_, and a function u:® — R. Let u denote the importance-sampling estimate of the
expected value of u according to Equation (16). If we remove a sample i € {1,...,n}, we can reestimate a
proposal density and the importance-weighted expected value of u as u;. The jackknife estimate for the
bias in the approximation of E[u] is then given by:
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R I~ .
Upias = (n — 1) ;Z“i_“ . 17

i=1

Having an estimate for the bias, we can subtract it from the approximation in Equation (16) to compensate
for its bias. We compare the effect of this combined with the previous approaches in preliminary
experiments presented next.

5.4. Preliminary experiments on bias correction

We ran preliminary experiments to test the effects of debiasing and decorrelation methods for the
estimation of the posterior CDF with SMC. Experiments were run with randomized settings, having
parameters for the true model sampled from the prior used by SMC. The test model consists of an
exponential-gamma model over @CR with a gamma prior 8 ~I'(a,f) and an exponential likelihood
p(0|@) =0exp(—6o). Given T observations, to compute the approximation error, the true posterior is
available in closed-form as:

p(0loy,...,or)=T(0;a+T,B+Tor), (18)

where o7 :=(1/ T)ZI.T= ,or. For this experiment, we set o=/ =1 as the prior parameters.

Within each trial, we sampled a parameter £ from the prior to serve as the true model, and generated
observations from it. We ran Algorithm 2 with an MCMC kernel equipped with a random walk proposal
q(#0) =N (0';0,6%) with ¢:=0.1. We applied Gaussian kernel density estimation to estimate the
parameters’ posterior density, setting the median distance between particles as the kernel bandwidth.

CDF approximation results are presented in Figures | and 2 for the posteriors after T=2 and T =5
observations, respectively. As seen the effects of bias correction methods becomes more evident for SMC

Method: none, bounds violation: 0.1825, delta: 0.1 fv}e{t}hod: decorrelation, bounds violation: 0.1125, delta: 0.1
8 o —— CDF error ‘ —— CDFerror
0.8 1 o —— Bound for § := 0.1 084 o g = Bound for § := 0.1
g °
0.6 o 0.6 o
o 8 8 o
0.4 0.4 o
0.2 0.2 4
0.0 T T + + t 0.0 T T t T T
20 40 60 80 100 20 40 60 80 100
Number of samples Number of samples
(a) No correction (b) Decorrelation

1l\aél}etl'lod: importance, bounds violation: 0.0525, delta: 0.1 Lo Method: jackknife, bounds violation: 0.05, delta: 0.1

[=]
o [e) =+ CDF error =+ CDF error

0.8 1 = Bound for & := 0.1 0.8 1 = Bound for § := 0.1

0.6 1 o 061 o

0.4 8 ) 0.4 \\

0.2 4 0.2 4 % % )

0.0 ‘ . i’ é‘ é
60 80 100

20 40 60 80 100 20 a0
Number of samples Number of samples

(c) Importance re-weighting (d) Jackknife

Figure 1. Posterior CDF approximation errors for the exponential-gamma model using T =2 obser-
vations. For each sample size, which corresponds to the number of SMC particles, SMC runs were
repeated 400 times for each method, except for the jackknife, which was rerun 40 times due to a longer run
time. The theoretical upper confidence bound on the CDF approximation error ¢,(08) (Theorem 1) is shown
as the plotted blue line. The frequency of violation of the theoretical bounds for i.i.d. empirical CDF errors

is also presented on the top of each plot, alongside the target (6 =0.1).
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Figure 2. Posterior CDF approximation errors for the exponential-gamma model using T =5 obser-
vations. For each sample size, which corresponds to the number of SMC particles, SMC runs were
repeated 400 times for each method, except for the jackknife, which was rerun 40 times due to a longer run
time. The theoretical upper confidence bound on the CDF approximation error c,(0) (Theorem 1) is shown
as the plotted blue line. The frequency of violation of the theoretical bounds fori.i.d. empirical CDF errors
is also presented on the top of each plot, alongside the target (6 =0.1).

posteriors after a larger number of observations is collected. In particular, we highlight the difference
between importance reweighting and jackknife results, which is more noticeable for 7=5. The main
drawback of the jackknife approach, however, is its increased computational cost due to the repeated
leave-one-out estimates. In our main experiments, therefore, we present the effects of the importance
reweighting correction compared to the standard SMC predictions.

5.5. Limitations

As a few remarks on the limitations of the proposed framework, we highlight that the use of more complex
forward models and bias correction methods for the predictions comes at an increased cost in terms of
runtime, when compared to simpler models, such as GPs. In practice, one should consider applications
where the cost of observations is much larger than the cost of evaluating model predictions. For example,
in mineral exploration, collecting observations may involve expensive drilling operations which take a
much higher cost than running simulations for a few minutes, or even days, to obtain an SMC estimate.
This runtime cost, however, becomes amortized as the number of observations grows, since the
computational complexity for GP updates is still O(¢}), which grows cubically with the number of
observations, when compared to an O(nt) for SMC. Even when considering importance reweighting or
optionally combining it with the jackknife method for bias correction, the computational complexity for
SMC updates is only added by O(nt) or O(n’t), respectively, which are both linear with respect to the
number of observations. Lastly, the compromise between accuracy and speed can be controlled by
adjusting the number of particles n used by the algorithm. As each particle corresponds to an independent
simulation by the forward model, these simulations can also be executed simultaneously in parallel,
further reducing the algorithm’s runtime. The following section presents experimental results on practical
applications involving water resources monitoring, which in practice present a suitable use case for our
framework, given the cost of observations and the availability of informative physics simulation models.

6. Experiments

In this section, we present experimental results comparing SMC-UCB against its GP-based counterpart
GP-UCB (Srinivas et al., 2010) and the GP expected improvement (GP-EI) algorithm (Jones et al.,
1998), which does not depend on a confidence parameter. We assess the effects of the SMC approxi-
mation and its optimization performance in different problem settings. As a performance metric, we use
the algorithm’s regret r, := maxy e sf(x) —f(X;). The averaged regret provides an upper bound on the
minimum regret of the algorithm up to iteration 7', that is, min,<7r; < %ZL \7r. A vanishing average
regret (as T — oo0) indicates that the choices of the algorithm get arbitrarily close to the optimal solution
x* in Equation (1).
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6.1. Linear Gaussian case

Our first experiment is set with a linear Gaussian model, where the true posterior over the parameters is
available in closed form and corresponds to a degenerate (i.e., finite-dimensional) GP. As a synthetic data
example, we sample true parameters from their prior distribution 6 ~ A/(0,T) and set f(x) := 6" $(x),
where ¢ : X — R" is a kernel-based feature map ¢(x) = [k(x,X1),....k(x,X,,)]" with {x;}iLy ~U(S),and
S:=10, l]d, d:=2. We set k as a squared-exponential kernel (Rasmussen and Williams, 2006) with length-
scale #:=0.2. The parameters prior 6~ (0,I) and the likelihood olf (x) ~ N ( f(x),0?) are both

Gaussian, with o, =0.1. In this case, the posterior given ¢ observations D, = {X,,o,};=1 is available in
closed form as:

0D, ~N (A ®o,,02A, "), (19)

where A;:= @, ®T + 021, @, :=[¢(x)),....4(x,)] and 0, := [01,...,0,]".

As a move proposal for SMC, we use a Gaussian random walk (Andrieu et al., 2003) within a
Metropolis-Hastings kernel. We use the same standard normal prior for the parameters and the linear
Gaussian likelihood based on the same feature map. For all experiments, we set ¢ := 0.3 for SMC-UCB.

We first compared SMC-UCB against GP-UCB in the optimization setting with different settings for the
number of particles n. GP-UCB (Srinivas et al., 2010) followed Durand et al. (2018, Theorem 2) for the
setting of the UCB parameter, and the GP covariance function was set as the same kernel in the feature map.
We also set d:=0.3 for GP-UCB. The resulting regret across iterations is shown in Figure 3a. We observe
that SMC-UCB is able to attain faster convergence rates than GP-UCB for n > 300 particles. A factor driving
this improvement is that the quantile approximation error quickly decreases with 7, as seen in Figure 3b.

Another set of tests compared SMC-UCB using 400 particles and the importance reweighting method
in Section 5.5 against GP-UCB and GP-EI. The optimization performance results are presented in
Figure 3¢ and show that SMC-UCB is able to maintain a clear advantage against both GP-based
approaches and improve over its no-importance-correction baseline (Figure 3a). In particular, we notice
that GP-El is outperformed by both UCB methods. Lastly, a main concern regarding SMC methods is the
decrease in posterior approximation performance as the dimensionality of the parameter space increases.
Figure 3d, however, shows that SMC-UCB is able to maintain reasonable optimization performance up to
dimensionality m = 60 when compared to baselines. Although this experiment involved a linear model,
we conjecture that similar effects in terms of optimization performance should be observed in models
which are at least approximately linear, such as when A(x, @) is Lipschitz continuous w.r.t. 8. Yet, a formal
theoretical performance analysis is left for future work.

3.0 Y 150 30
—. GP-UCB £ n =100 - = GP-El
2.5 4 SMC-UCB (100) a 1.25 4 n =200 25 —- GP-UCB
- I SMC-UCB (200) £ ” —SMC-UCB (400)
£ 204 — sMcuce (300) | o 100 —— =300 &
g —— SMC-UCB (400) = — n=400 g
@ 15 £ 0.759 o
g < g
= 3 &
90 T 0.50 4 o
< g <
o5 © 0.25
g
Z 0.00 R - d
0.0 v v . - 0.0+ - - - :
0 20 40 60 80 100 0 25 50_ 73 100 0 20 40 60 80 100 20 40 60 80 100
Iterations Iterations Iterations Parameters dimension
(a) Regret (b) Quantile difference (c) Comparison with EI (d) Dimensionality effect

Figure 3. Linear Gaussian case: (a) mean regret of SMC-UCB for different n compared to the GP-UCB
baseline with parameter dimension m:= 10, (b) approximation error between the SMC quantile q,(x,,9;)
and the true q,(x;,0;) at SMC-UCB's selected query point X, for different n settings (absent values
correspond to cases where q,(x,5,) = o), (c) comparison with the non-UCB, GP-based expected
improvement algorithm, and (d) effect of parameter dimension m on optimization performance when
compared to the median performance of the GP optimization baselines. All results were averaged over
10 runs. The shaded areas correspond to £1 standard deviation.
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6.2. Water leak detection

As an example of a realistic application scenario, we present an approach to localize leaks in water pipes
via SMC and BO. A long rectilinear underground pipe presents a 5-day water leak at an unknown location
within a porous soil medium. We have access to a mobile gravimetric sensor on the surface with a very low
noise level g, := 5 x 1078 m s~ for gravitational acceleration. The wet soil mass presents higher density
than the dry soil in its surroundings, leading to a localized maximum on the gravitational readings. We
assume that prior information on gravitational measurements in the area allows us to cancel out the gravity
from the surrounding buildings and other underground structures. We performed computational fluid
dynamics (CFD) simulations® to provide “ground-truth” gravity readings g(x) = [g, (x),g,(x),&;(x)]" at
the surface, and took the vertical gravity component g;(x) as our objective function for BO. Figure 5a
shows the relative gravity measurements. The true pipe is 2 m in diameter and buried 3 m underground,
quantities which are not revealed to BO.

6.2.1. Pipe leak simulation

To provide an objective function consisting of realistic gravity measurements, we simulated a 3D model in
the COMSOL Multiphysics software environment* using some basic assumptions related to soil prop-
erties. This tool is a finite-element analysis and simulation software for solving and post-processing
computational models of physical systems. For our simulations, in particular, we used the subsurface flow
module,” which allows simulating fluid flows in porous media. In detail, the soil porosity is set to 0.339,
residual saturation to 1 x 1073, soil storage coefficient to 3.4466 x 10~>Pa~!, saturated hydraulic
conductivity to 5.2546 x 10"°ms~! and the leak from the pipe to 10 kg m s~ '. For the experiments
we use the gravity measured on the surface after 5 days of leakage. Figure 4 shows the spatial arrangement
of the simulation. To provide observations to the optimization algorithms, gravity data is corrupted with
simulated noise following a quantum gravimeter noise characteristics (Hardman et al., 2016). The
resulting data is shown in Figure 5a.

6.2.2. Gravity forward model

To derive an informative model from domain knowledge for SMC, we model the pipe as an infinite
cylinder and the leak as a spherical mass, which have closed-form expressions for their gravitational field
(Young and Freedman, 2015). The gravity of an infinite cylinder of density p, and radius rp passing by a
location xp at a given direction up € R? can be derived as:

2Grppraup X (X —Xp) X up

l(x—xp) x uP||§

gp(x) = : (20)
where G :=6.674 x 10~ m3*kg~'s~2 represents Newton’s gravitation constant. For the leak, the gravity
of a uniform sphere of density pg and radius rg centerd at location xg € R3 is given by:

AGrpgrs

gs(x) = 21

31x — xs]13
6.2.3. Likelihood
As an observation model, we use Equations (20) and (21) to compose a Gaussian likelihood model based
on the gravity of the pipe gp and of the wet-soil sphere g¢. As gravity is an integral over distributions of
mass, Gaussian noise is a well-suited assumption due to the central limit theorem (Bauer, 1981). So we set
p(0,]0.x) =N (0,:8p3(x) +g53(x),02) for the gravity model parameters 0:= [x;,rp,pp,u;,xz,rs,ps]T

3 Simulations based on COMSOL Multiphysics software environment: https://www.comsol.com
* Available at: https://www.comsol.com
> Details at: https://www.comsol.com/subsurface-flow-module
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V.E,n

Pipe Burst

Figure 4. Pipe simulation diagram: Awater pipe of 2 in diameter is buried 3 underground in a large block
of soil (100 x 100 x 50m).
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Figure 5. Performance results for water leak detection experiment: (a) The gravity objective function
generated by CFD simulations and the mean regret curves for each algorithm. The shaded areas in the
plot correspond £1 standard deviation results from results which were averaged over 10 trials. (b) The
gravity estimates according to the final SMC and GP posteriors after 100 iterations. (c) SMC estimates
for the parameters concerning the location of the leak. The upper plot in (c) is colored according to an

estimate for the mass of leaked water.

based on the vertical-axis gravity measurements with o, := 5 x 1078 m s, the noise level of the gravity
sensor we consider (Hardman et al., 2016).

6.2.4. Priors on the pipe
We assume uncertainty on the pipe’s location xp := [xp | ,)CP’2,.XP’3]T, though not on its orientation up.® We
place a Gaussian prior on the pipe’s horizontal coordinate with xp | ~ A (0, 1) and a gamma prior I (ocz, ,BZ)

©The pipe can, for example, be assumed to be aligned with a street of known location.
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with . =2 and # = 1 on the pipe’s depth, that is, —xp 3. For the radius, we set rp ~ I'(a,,8,) with a, =2.25
and B,=0.75, yielding a 95% confidence interval of rp€[0.4,8] m. The pipe’s density is set as
tightly around the water density pp ~ N ﬁp,azp with pp := 1000 kg m > and o, := 10 kg m ™, which
allows for small variations in the pipe’s mass distribution due to the outflow of water with the leak.

6.2.5. Priors on the sphere

For the wet soil sphere, we place conditional priors xg|xp1,7p~N (xP,l s r,% / 4) and
(xp3 —xs3)/xp3 ~Beta(2,5), indicating that the leak is most likely concentrated somewhere around
the pipe’s border. However, the leak’s xs, coordinate, which goes along the pipe, is only known to be
within a bounded segment of the pipe, x5, ~U(—20,20). As a leak is a rare phenomenon, we place priors
with high probability around zero for the leak’s radius and density. In particular, we set a 1-degree-of-
freedom chi-square distribution for s ~ y?(1), and the density as a gamma random variable pg ~ I'(,,, B,)
with &, =2 and f3, = 1/250, so that pg € [100,1000] kg with approximately 90% probability.

6.2.6. SMC settings
A HMC kernel within SMC was configured with 100 leapfrog steps and per-parameter tuned step sizes,
according to their prior distribution.” The number of particles is set to 7 := 1000.

6.2.7. Optimization settings

GP-UCB and SMC-UCB were run with similar settings. GP hyperparameters were learnt offline via
maximum a posteriori estimation. The GP covariance function was a Matérn function with smoothness
parameter v:=2.5 (see Rasmussen and Williams, 2006, Ch. 4) SMC-UCB was configured with 0:=0.1.
As we do not have enough information about the objective function to derive theory-recommended UCB
parameters, GP-UCB was set with an equivalent UCB parameter based on the inverse CDF of a normal
distribution. For both methods, the acquisition function optimization is performed over a discretized fine
grid covering the search space.

6.2.8. Results

Figure 5 presents results for the leak detection experiment. As the plot in Figure 5a shows, the proposed
SMC-UCB algorithm is able to overcome GP-UCB in this setting with a clearly lower regret from the
beginning. The SMC method also presents final predictions better approximating the provided CFD data
with low uncertainty on the sphere position parameters, as seen in Figure 5b. Due to exploration—
exploitation trade-off of BO algorithms (Brochu et al., 2010; Shahriari et al., 2016), it is natural that the
uncertainty regarding the pipe’s parameters is slightly higher, as its gravity does not directly contribute to
the maximum of the gravity objective function. Yet we can see that SMC'’s estimate on the pipe’s gravity
signature is still evident when compared to the GP’s estimated gravity predictions (see Figure 5c). In
addition, SMC is able to directly estimate the leak’s location online based on its empirical posterior
parameters distribution. With GPs the same would require running a second inference scheme using all the
observations.

6.3. Contaminant source localization

As a final experiment to demonstrate the potential of SMC for BO, we present the problem of localizing a
source of contamination within an aquifer with strong property contrasts (Pirot et al., 2019). We transform
the source localization problem into that of finding the maximum contaminant concentration over a set of
25 possible well locations. We have access to hydraulic simulations® (Cornaton, 2007) made available by
Pirot et al. (2019) predicting the contaminant concentration at S = {x,}L where L:=25 possible well

i=1

7 Parameters with wider priors are set with larger step sizes.
8 Data available at: https:/github.com/gpirot/BGICLP
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locations over a window of 300 days with candidate contaminant source locations @ := x¢ spread over a
51-by-51, 3-meter cell grid, totalling 2,601 possible locations.

6.3.1. Data

The contaminant concentration data is composed of two datasets, one with the simulated concentration
values for all 25 wells and all 301 measurement times over the 51-by-51 source locations grid, while the
other dataset consists of reference “real” concentration values over the 25 wells and the 301 time steps.
The “real” concentration values are in fact simulated concentration values at locations not revealed to the
BO algorithms. To simulate different scenarios, each experiment trial was run on a random day, sampled
uniformly among the 300 days. To provide observations for each algorithm, we also add Gaussian noise
with ¢, := 1 x 1073, corresponding to roughly a 10% measurement error level.

6.3.2. SMC model

We use the hydraulic simulations to form a model for SMC-UCB using n :=400 particles. A separate
dataset of simulated concentrations is used as the objective function. SMC is configured with a
Metropolis-Hastings move kernel using a proposal over the discrete source locations space. At each
move, we compute the current posterior probabilities at each point in the location space and form an
empirical distribution with it, which is our proposal distribution.

6.3.3. Optimization settings

For this experiment, we set SMC-UCB with J:=0.3. GP-UCB is set with a fixed value for the UCB
parameter f, := 3, which was the best performing for this experiment after tuning with preliminary runs. To
provide a tuned GP model, we compute an empirical covariance matrix for the well measurements data
from a random subset of the 2,601 possible source locations. With this empirical covariance matrix, we
form a zero-mean GP over the discrete search space. This procedure is similar to common practice in the
GP-UCB literature when real datasets are provided (Srinivas et al., 2010; Chowdhury and Gopalan,
2017).

6.3.4. Results

Figure 6 presents our experimental results for the contaminant source localization problem. As Figure 6a
shows, SMC-UCB is able to achieve a better performance than GP-UCB by using the informative prior
coming from hydraulic simulations. In addition, SMC final parameter estimates (Figure 6b) present high
probability mass around the true source location.

%1073
2 10 s 50 * True source Rige
g \ —— SMC-UCB _ ® |l oos 2
g g — - GP-UCB E o a
o 05 \ o 0.04 8
o s o
§ e 50 002 &
< T T T T T T T 0.00

0 200 40 60 80 100 50 100 150

Iterations x1[m]
(a) Regret (b) SMC estimate

Figure 6. Contaminant source localization problem: (a) The optimization performance of each algorithm
in terms of regret. Results were averaged over 10 runs. (b) A final SMC estimate for the source location,
while the true location is marked as a red star.
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7. Conclusion

This article presented SMC as an alternative to GP based approaches for Bayesian optimization when
domain knowledge is available in the form of informative computational models. We presented a quantile-
based acquisition function for BO which is adjusted for the effects of the approximation bias in the SMC
estimates and allows for inference based on non-Gaussian posterior distributions. The resulting SMC
algorithm is shown to outperform the corresponding GP-based baseline in different problem scenarios.

The work in this article can be seen as a starting point toward a wider adoption of SMC algorithms in
BO applications. Further studies with theoretical assessments of the SMC approximation should
strengthen the approach and allow for the derivation of new algorithms which can make an impact on
the practical use of BO in data-driven science and engineering applications. Another interesting direction
of future research is the incorporation of likelihood-free SMC (Sisson et al., 2007) methods into the BO
loop in cases where forward models do not allow for a closed-form expression of the observation model.
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