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STOCHASTIC LEARNING APPROACH FOR BINARY
OPTIMIZATION: APPLICATION TO BAYESIAN OPTIMAL DESIGN
OF EXPERIMENTS*

AHMED ATTIAY, SVEN LEYFFER', AND TODD S. MUNSONT

Abstract. We present a novel stochastic approach to binary optimization suited for optimal
experimental design (OED) for Bayesian inverse problems governed by mathematical models such
as partial differential equations. The OED utility function, namely, the regularized optimality cri-
terion, is cast into a stochastic objective function in the form of an expectation over a multivariate
Bernoulli distribution. The probabilistic objective is then solved by using a stochastic optimization
routine to find an optimal observational policy. This formulation (a) is generally applicable to binary
optimization problems with soft constraints and is ideal for OED and sensor placement problems;
(b) does not require differentiability of the original objective function (e.g., a utility function in OED
applications) with respect to the design variable, and thus it enables direct employment of sparsity-
enforcing penalty functions such as ¢y, without needing to utilize a continuation procedure or apply
a rounding technique; (c) exhibits much lower computational cost than traditional gradient-based re-
laxation approaches; and (d) can be applied to both linear and nonlinear OED problems with proper
choice of the utility function. The proposed approach is analyzed from an optimization perspective
with detailed convergence analysis of the optimization approach and is also analyzed from a machine
learning perspective with correspondence to policy gradient reinforcement learning. The approach
is demonstrated numerically by using an idealized two-dimensional Bayesian linear inverse problem
and validated by extensive numerical experiments carried out for sensor placement in a parameter
identification setup.
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1. Introduction. Optimal experimental design (OED) is the general mathemat-
ical formalism for configuring an observational setup. This can refer to the frequency
of data collection or the spatiotemporal distribution of observational gridpoints for
physical experiments. OED has seen a recent surge of interest in the field of sensor
placement for applications of model-constrained Bayesian inverse problems; see, for
example, [1, 2, 3, 4, 6, 9, 10, 22, 24, 25, 26, 28, 39, 41, 52].

Many physical phenomena can be simulated by using mathematical models. The
accuracy of the mathematical models is limited, however, by the level at which the
physics of the true system is captured by the model and by the numerical errors
produced, for example, by computer simulations. Model-based simulations are often
corrected based on snapshots of reality, such as sensor-based measurements. Such
corrections involve first inferring the model parameter from the noisy measurements,
a problem referred to as the “inverse problem,” which can be solved by different
inversion or data assimilation methods; see e.g., [11, 12, 14, 19, 36]. These observations
themselves are noisy but in general follow a known probability distribution. The
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OED problem is concerned with finding the most informative, and thus optimal,
observational grid configuration out of a set of candidates, which, when deployed, will
result in a reliable solution of the inverse problem.

OED is most beneficial when there is a limit on the number of sensors that can be
used, for example, when sensors are expensive to deploy or operate. In order to solve
an OED problem for sensor placement, a binary optimization problem is formulated by
assigning a binary design variable (; for each candidate sensor location. The objective
is often set to a utility function that summarizes the inversion parameter uncertainty
or the amount of information gained from the observations. The optimal design is
then defined as the optimizer of this objective function. The objective is constrained
by the model evolution equations, such as partial differential equations, and also by
any regularity or sparsity constraints on the design. Here we focus on sparse and
binary designs. A popular choice of a penalty function to enforce a sparse and binary
design is the £y penalty [3].

Solving binary optimization problems is computationally prohibitive, and often
the binary problem is replaced with a relaxation. In the relaxation of an OED problem,
the design variable is allowed to take any value in the interval [0, 1] and is often inter-
preted as an importance weight of the candidate location. Once a solution of the re-
laxed problem is obtained numerically, for example, by a gradient-based optimization
procedure, a rounding procedure is applied to transform the solution of the relaxed
problem into a candidate solution of the original problem. In general, however, the nu-
merical solutions of the two problems are not guaranteed to be related or even similar.

Using a gradient-based approach to solve the relaxed OED problem requires many
evaluations of the simulation model in order to evaluate the objective function and its
gradient. Moreover, this approach requires the penalty function to be differentiable
with respect to the design. To this end, since £ is discontinuous, numerous efforts have
been dedicated to approximating the effect of ¢y sparsification with other approaches.
For example, in [24], an ¢; penalty followed by a thresholding method is used; however,
¢1 is nonsmooth and hence is nondifferentiable. Continuation procedures are used
in [3, 33|, where a series of OED problems are solved with a sequence of penalty
functions that successively approximate £, sparsification. Another approach that can
potentially induce a binary design is the sum-up-rounding algorithm [56], which also
provides optimality guarantees.

Here we propose a new efficient approach for directly solving binary optimiza-
tion problems which is ideally suited for OED and sensor placement applications. In
this framework, the objective function, namely, the regularized optimality criterion,
is cast into an objective function in the form of an expectation over a multivariate
Bernoulli distribution. A stochastic optimization approach is then applied to solve
the reformulated optimization problem in order to find an optimal observational pol-
icy. Related work on stochastic optimization for OED has been explored in [27],
where the utility function, in other words, the optimality criterion, is approximated
by using Monte Carlo (MC) estimators. A stochastic optimization procedure is then
applied with the gradient of the utility function with respect to the design being ap-
proximated by using Robbins—Monro stochastic approximation [43] or sample average
approximation [37, 48].

The main differences from the standard OED approach and previous stochas-
tic OED approaches, which highlight our main contributions in this work, are as
follows. First, the proposed methodology searches for an optimal probability distri-
bution representing the optimal binary design; hence it does not require relaxation or
binarization to follow the optimization step as in the traditional OED formulation.
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Second, in our approach the penalized OED criterion is not required to be differen-
tiable with respect to the design. Thus, one can incorporate the ¢y regularization
norm to enforce sparsification without needing to approximate it with the ¢; penalty
term or apply a continuation procedure to retrieve a binary optimal design. Third,
the proposed stochastic OED formulation does not require formulating the gradient
of the objective function with respect to the design, thus implying a massive reduc-
tion in computation cost. Fourth, the proposed framework is generally applicable to
regularized binary optimization problems with nondifferentiable penalty terms and is
not limited to OED applications. Fifth, when used to solve OED binary optimization
problems, the proposed approach and solution algorithms are completely independent
from the specific choice of the OED optimality criterion and the penalty function and
hence can be used with both linear and nonlinear problems.

In this work, for simplicity we provide numerical experiments for Bayesian inverse
problems constrained by linear forward operators, and we consider an A-optimal de-
sign, that is, a design that minimizes the trace of the posterior covariances of the
inversion parameter. The approach proposed, however, applies to other OED opti-
mality criteria, such as D-optimality and Kullback—Leibler (KL) divergence between
the prior and posterior [28]. We provide an analysis of the method from a mathemat-
ical point of view and an interpretation from a machine learning (ML) perspective.
Specifically, the proposed algorithm has a direct link to policy gradient algorithms
widely used in neuro-dynamic programming and reinforcement learning [15, 50, 54].
Numerical experiments using a toy example are provided to help with understanding
the problem; the proposed algorithm; and the relation between the binary OED prob-
lem, the relaxed OED problem, and the proposed formulation. Moreover, extensive
numerical experiments are performed for optimal sensor placement for an advection-
diffusion problem that simulates the spatiotemporal evolution of the concentration of
a contaminant in a bounded domain.

The paper is organized as follows. Section 2 gives a brief description of the
Bayesian inverse problem and the standard formulation of an optimal experimental
design in the context of Bayesian inversion. In section 3, we describe our proposed
approach for solving the binary OED problem and present a detailed analysis of the
proposed algorithms. An explanatory example and extensive numerical experiments
are given in section 4. Discussion and conclusions are presented in section 5.

2. OED for Bayesian inversion. Consider the forward model described by
(2.1) y=F(@)+9,

where § € RNstate is the discretized model parameter and y € RNevs is the observation,
where § € RNebs is the observation error. Here F is the parameter-to-observable map
which projects the model parameter 6 onto the observation space. Assuming Gaussian
observational noise § ~ N(0, I'yoise), then the data likelihood takes the form

(22 £(316) o oxp (=3 1P(0) - vl )

where T'yoise 1S the observation error covariance matrix (positive definite) and the
matrix-weighted norm is defined as HxHi =x" Ax.

An inverse problem refers to the retrieval of the model parameter 6 from the noisy
observation y, conditioned by the model dynamics; see, e.g., [30, 51]. In Bayesian
inversion, the goal is to study the probability distribution of # conditioned by the
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observation y that is the posterior obtained by applying Bayes’ theorem, P (]y)
P (y|0) P(0) , where P(0) is the prior distribution of the inversion parameter 6, which in
many cases is assumed to be Gaussian 6 ~ N (6, T'p;). If the parameter-to-observable
map F is linear, the posterior P (f]y) is Gaussian N (6%, Tpost) with

(23)  Tpos = (P F+To0 7 0% = T (U500 + T y)

noise post — noise y

where F* is the forward operator adjoint. If the forward operator F is nonlinear,
however, the posterior distribution is no longer Gaussian. A Gaussian approximation
of the posterior can be obtained in this case by linearization of F around the maximum
a posteriori (MAP) estimate, which is inherently data dependent. For simplicity, we
will focus on linear models; however, the approach proposed in this work is not limited
to the linear case. Further analysis for nonlinear settings will follow in separate works.

In a Bayesian OED context (see, e.g., [1, 2, 3, 9, 10, 24, 25]), the observation
covariance T'jeise 18 replaced with a weighted version Wr((), parameterized by the
design (, resulting in the following weighted data-likelihood L(y|0;() and posterior
covariance I'post (€).

(2.4)

L(y]0;¢) o< exp (—; [F(0) — y%vr«)) , Tpo(¢) = (FWr(QF +T;,) ™

The exact form of the posterior covariance I'pos(¢) depends on how Wr(¢) is
formulated. We are interested mainly in binary designs ¢ € {0,1}", required, for
example, in sensor placement applications; see, for example, [1, 10]. In this case,
we assume a set of ng candidate sensor locations, and we seek the optimal subset of
locations. Note that selecting a subset of the observations is equivalent to applying
a projection operator onto the subspace spanned by the activated sensors. This is
equivalent to defining the weighed design matrix as Wr := F;;QSWI‘;}IQS, where
W := diag ({) is a diagonal matrix with binary values on its diagonal. The ith entry
of the design is set to 1 to activate a sensor and is set to 0 to turn it off.

The optimal design (°P* is the one that optimizes a predefined criterion ¥(-) of
choice. The most popular optimality criteria in the Bayesian inversion context are A-
and D-optimality. Both criteria define the optimal design as the one that minimizes
a scalar summary of posterior uncertainty associated with an inversion parameter
or state of an inverse problem. Specifically, ¥(¢) := Tr (Ipost(¢)) for an A-optimal
design, and ¥(¢) := logdet (I'post(C)) for a D-optimal design, i.e., the sum of the
eigenvalues of T’ (¢), and the sum of the logarithms of the eigenvalues of T'os (),
respectively.

To prevent experimental designs that are simply dense, one typically adds a reg-
ularization term ®(¢) that promotes sparsity, for example. Thus, to find an optimal
design (°P', one needs to solve the following binary optimization problem,

(2.5) ¢°P* = argmin J(¢) := ¥(() +a®(¢),

¢e{0,1}ns

where the function ®(¢) promotes regularization or sparsity on the design and « is a
user-defined regularization parameter. For example, ® could represent a budget con-
straint on the form ®(¢) := ||C||, < k:k € Z4 or a sparsifying (possibly discontinuous)
function, for example, ||C]|, or ||C]];-

Traditional binary optimization approaches [55] for solving the optimization prob-
lem are expensive, rendering the exact solution of (2.5) computationally intractable.
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The optimization problem (2.6) is a continuous relaxation of (2.5) and is often used
in practice as a surrogate for solving (2.5) with a suitable rounding scheme:

(2.6) P = argmin J(() = (¢) +aD().

¢el0,1]ms

In sensor placement we seek a sparse design in order to minimize the deploy-
ment cost, and thus we would utilize £y as a penalty function. Solving the relaxed
optimization problem (2.6) follows a gradient-based approach, and thus using ¢y as
a penalty function is replaced with the nonsmooth ¢; norm; see [3] for more details.
The optimal solution of the relaxed problem (2.6) provides a lower bound [16, sec-
tion 9.5] on (2.5), and because {0,1}™ C [0,1]" any binary solution (°P* € {0,1}"=
of (2.6) is also an optimal solution of (2.5). Given a solution of (2.6) that is not
binary, we can obtain a binary solution by rounding; however, there is no guarantee
that the resulting binary solution is optimal, except in special cases, such as certain
optimal control problems, where we use sum-up-rounding techniques (see, e.g., [44]).
In section 3 we present a new approach for directly solving the original OED binary
optimization problem (2.5) without the need to relax the design space or to round
the relaxations.

3. Stochastic learning approach for binary optimization. Our main goal
is to find the solution of the original binary regularized optimization problem (2.5)
without solving a mixed-integer programming problem or resorting to the relaxation
approach widely followed in OED for Bayesian inversion; see section 2. We propose to
reformulate and solve the binary optimization problem (2.5) as a stochastic optimiza-
tion problem defined over the parameters of a probability distribution. Specifically,
we assume ( is a random variable that follows a multivariate Bernoulli distribution.

3.1. Stochastic formulation of the OED binary optimization problem.
We associate with each candidate sensor location x; a probability of activation p;.

Specifically, we assume that (;, 7 = 1,2,...,ns, are independent Bernoulli random
variables associated with the candidate sensor locations x;, i = 1,2,...,ns. The acti-
vation (success) probabilities of the respective sensors are p;, i = 1,2,...,ng; that is,

P({; = 1) = ps, P(¢; = 0) = 1 —p;. The probability associated with any observational
configuration is then described by the joint probability of all candidate locations.
Assuming independent activation variables (; does not interfere with the correlation
structure of the observational errors, manifested by the observation error covariance
matrix I'poise. Conversely, setting (; to 0 removes the ith row and column from the
precision matrix I‘;&ise, while setting (; to 1 keeps the corresponding row and column,

respectively. We let P ({|p) denote the joint multivariate Bernoulli probability, with
the following probability mass function (PMF):

G PER)=]]p¢ 0-p) T Gefo 1) piel.

We then replace the original problem (2.5) with the following stochastic optimiza-
tion problem:

(3.2) PP = aé%onlﬂ]in Y(p) := Ecorcp) [T (C)] = Ecnrcp) [¥(C) +a®()].
P ,1]ms

Because the support of the probability distribution is discrete, the possible values
of ¢ € {0,1}" are countable and can be assigned unique indexes. An index k is
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assigned to each possible realization of ¢ := ({1,(z,...,(s.), based on the values of
its components using the relation

(3.3) k=1+4) G27' Ge{o1}.

i=1
Thus, all possible designs are labeled as ([k],k = 1,2,...,2". With the indexing
scheme (3.3), the optimization problem (3.2) takes the following equivalent form:

2ms

(3.4) p°P' = argmin Y (p Z J(¢ [k]lp) -
pe0,1]ms

To solve (3.4), one can follow a gradient-based optimization approach to find the
optimal parameter p°P'. The gradient of the objective in (3.4) with respect to the
distribution parameters p is

(3.5)
2775
Vp Y(P) = Vp Ecopcp) [T (O] = Vp > TP ((lp) = Z J(¢ (C[klp)
¢

where V, P (¢|p) is the gradient of the joint Bernoulli PMF (3.1) (see Appendix A
for details):

(3.6)

Ng IP) I{) Ng N V N
Ve P(ClHIP) =) W' =S (S 6 (1 - py)t e
Jj=1 J ¢=(¢[k j=1

i#j

In Appendix A, we provide a detailed discussion of the multivariate Bernoulli
distribution, with identities and lemmas that will be useful for the following discus-
sion. Clearly, (3.4) and (3.5) are not practical formula, because their statement alone
requires the evaluation of all possible designs J(¢[k]), which is equivalent to com-
plete enumeration of (2.5). We show below how we can utilize stochastic gradient
approaches to avoid complete enumeration. A practical and efficient solution of (3.2)
is discussed in subsection 3.3. We first establish in subsection 3.2 the connection be-
tween the solution of the two problems (2.5) and (3.2) and discuss the benefits of the
proposed approach.

3.2. Benefits of the stochastic formulation. The connections between (2.5)
and (3.2) and their respective solutions are summarized by Proposition 3.1 and Lemma
3.2. The relation between the objective functions and their domains and codomains
is sketched in Figure 1.

PROPOSITION 3.1. Consider the two functions J : Q¢ := {0,1}" = R and T :
Qp :=[0,1]" — R, defined in (2.5) and (3.2), respectively. Let ¢ € Q¢ be a random
vector following the multivariate Bernoulli distribution (3.1), with parameter p € Qp.
Let C :={ceR|c:=T (), ¢ € Qc} be the set of objective values corresponding to all
possible designs, ¢ € Q¢. Then the following hold:
(a) Qp is the convex hull of Q¢ in R™.
(b) The values of T (3.2) form the convex hull of C' in R, denoted by conv(C),
with points ¢ € C being the extreme points of conv(C); that is, conv(C) =

{Y(p)lp € Qp}.
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Q¢ :=A{0, 1} CETITX Qp = [0, 1]
\L Convex \1/
C:={ci,co,. .. com } — qu — conv(C) := [min{C}, max{C}]

Fic. 1. Relation between problems 2.5 and 3.2 and their respective domains and codomains.

(c) T(x)=J(x)Vx € Q.

(d) For any realization of p € Qp, it holds that min{C} <Y (p) <max{C}, and
T (p°*) =min{C} =T ().

Proof. (a) This follows from the definition of Q¢ and Qp and the fact that
)p is the hypercube in R™ whose vertices formulate the set €2¢.

(b) For any realization p, the function Y defines a convex combination of all
points in C, because the coefficients P ({|p) , ¢ € ¢ are probabilities satisfy-
ing that 0 <P ({|p) <1 and 24694 P(¢|p) = 1.

(c) Setting p to any x € )¢ yields a degenerate multivariate Bernoulli distri-
bution, which is a Dirac measure 6.({x}) defined on the set {x}. Thus,
P(¢lp =x) = dc({x}), and T(x) = denp P(Clp=x)J(¢) = degp dc ({x})
J(C) =T (x).

(d) It follows from Carathéodory’s theorem that for any realization of p € Qp, the
value of the objective T (p) falls on a line segment in R that connects at most
two points in C. This guarantees that min{C} < T(p) < max{C}. Addition-
ally, from points (a) and (b) above, it follows that T (p°P*) = min{conv(C)} =
min{C} = J(¢°P"). O

LEMMA 3.2. The optimal solutions of the two problems (2.5) and (3.2) are such
that
argmin J(¢) C arg min T(p) .
CeQe PEQp
Moreover, if the optimal solution (°P* of (2.5) is unique, then p°P' = (°P*, where p°P*
is the unique optimal solution of (3.2).

Proof. Proposition 3.1 guarantees that fip € Qp,, T(p) < J(¢°?*). Additionally,

from points (a) and (c) in Proposition 3.1, it follows that arg min 7 (¢) C argmin Y(p).
CEQ, PEQ,

Assume (°P? is the unique optimal solution of (2.5); it follows that p°Pt = (Pt
is an optimal solution of (3.2). Now assume Jp € €, such that p # p°**, T(p) =
T(p°Pt) = J(¢°PY). If p is the parameter of a degenerate Bernoulli distribution, then
p € Q¢ and J(p) = J(¢°P"), thus contradicting the uniqueness of (°P*. Conversely,
if p is the parameter of a nondegenerate multivariate Bernoulli distribution, then
there are at least two designs (,n € ¢ with nontrivial probabilities € (0,1), with
J(¢) = ¢(n), again contradicting the uniqueness assumption of (°P*. O

The stochastic formalism proposed in subsection 3.1 is beneficial for multiple rea-
sons. First, this probabilistic formulation (3.2) to solving the original optimization
problem (2.5) enables converting a binary design domain into a bounded continuous
domain, where the optimal solution of the two problems (3.2) and (2.5) coincide. Sec-
ond, the stochastic formulation (3.2) enables utilizing efficient stochastic optimization
algorithms to solve binary optimization problems, which are not applicable for the
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deterministic binary optimization problem (2.5). Third, the solution of the stochastic
problem (3.2) is an optimal parameter p°P* that can be used for sampling binary de-
signs ¢ by sampling P (¢|p°P*) , even if only a suboptimal solution is found. Fourth,
the stochastic formulation (3.2) requires evaluating the derivative of T with respect
to the parameter of the probability distribution p, instead of the design . Thus, we
do not need to evaluate the derivative of J with respect to the design ¢. In OED for
Bayesian inversion, as discussed in section 2, evaluating the gradient (with respect to
the design) is very expensive since it requires many forward and backward solves of
expensive simulation models. Fifth, because [J is not required to be differentiable with
respect to the design ¢, a nonsmooth penalty function ® can be utilized in defining
J, for example, to enforce sparsity or budget constraints, with the need to approxi-
mate this penalty with a smoother penalty approximation. Note that in this case, as
explained by (2.5) and (3.2), the penalty is asserted on the design, rather than the
distribution parameter p.

3.3. Approximately solving the stochastic optimization problem. The
objective in (3.4) and the gradient (3.5) amount to evaluating a large finite sum,
which can be approximated by sampling. The simplest approach for approximately
solving (3.4) is to follow an MC sample-based approximation to the objective T and
the gradient VT, where the sample is drawn from an appropriate probability distri-
bution. However, the objective (3.2) is deterministic with respect to p. Nevertheless,
one can add randomness by assuming a uniform random variable (an index) over
all terms of the objective and the associated gradient. This allows utilizing exter-
nal and internal sampling-based stochastic optimization algorithms; see, for exam-
ple, [20, 21, 31, 32, 35, 42, 46, 47]. These algorithms, however, are beyond the scope
of this work.

Here, instead, we focus on efficient algorithmic procedures inspired by recent
developments in reinforcement learning [15, 50, 54]. Specifically, we view P ({|p) as
a policy that describes the probability of activating each sensor: The design ( is
viewed as the state, and the action entails altering the status (turn on/off) of any
combination of sensors given an initial policy. Here, in RL terminology, one action
is allowed to reach the optimal policy from the initial policy, that is, only one time
step is assumed. Our goal is to find an optimal policy to configure the observational
grid. The reward is prescribed by the value of the original objective function, and we
seek the optimal design that maximizes the total expected reward. Note that we can
replace the maximization with minimization of the negative of the objective function,
thus enabling mapping between RL terminology and various OED objectives such as
A-optimality. This is further explained below.

An alternative form of the gradient (3.5) can be obtained by using the “ker-

nel trick,” which utilizes the fact that Vplog(PP ({|p)) = WVPP(Qp), and thus

VP (¢|p) = P({|p) Vplog(P (¢|p)). Using this identity, we can rewrite the gradi-
ent (3.5) as

(3.7)
Vo T(P) = Y (T (CIK]) Vi logP (C[K]IP) )P (C[K]IP) = Ecorieip [T () Vo log P (CIP) -
k=1

We assume, without loss of generality, that p falls inside the open ball (0,1)",
and thus both the logarithm and the associated derivative of the log-probability are
well defined. If any of the components of p attain their bound, then the distribution
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becomes degenerate in this direction, and the probability is set to either 0 or 1 and is
thus taken out of the formulation since the gradient in that direction is set to 0. This
is equivalent to projecting p onto a lower-dimensional subspace.

The form of the gradient described by (3.7) is equivalent to (3.5). However, it
shows that the gradient can be written as an expectation of gradients. This enables us
to approximate the gradient using MC sampling by following a stochastic optimization
approach. Specifically, given a sample ([j] ~ P({|p), 7 = 1,2,..., Nens, we can use
the following MC approximation of the gradient,

Nens
(38) 8= VaBraw (Ol % 8= Y TCLDTa losP(Clillp).

where Vp logP (¢[j]|p) is the score function of the multivariate Bernoulli distribution
(see Appendix A). By combining (3.8) with (A.7), we obtain the following form of the
stochastic gradient:

(3.9) g=

Nens ng s T
e DGO I e P

= — \ Pi 1 —pi

To solve the optimization problem (3.2), one can start with an initial policy,
in other words, an initial set of parameters p, and iteratively follow an approximate
descent direction until an approximately optimal policy is obtained. Because the opti-
mization problems described here require box constraints, we introduce the projection
operator P, which maps an arbitrary point p onto the feasible region described by
the box constraints. One can apply projection by truncation (see [38, section 16.7]):

0 if p;<O,
(3.10) P(p;) == min{l,max{0,p;}} =< p; if p; €]0,1],
1 if p;>1,

where the projection P(p) is applied componentwise to the parameters’ vector p.
The projection operator P is nonexpansive and thus is orthogonal, guaranteeing that
for any P(p[l]), P(p[2]) € R™: |P(p[1]) — P(p[2])]| < [[p[1] —pl2]] - A stochastic
steepest-descent step to solve (3.2) is approximated by the stochastic approximation
of the gradient (3.9) and is described as

(3.11) p(+) — p(p<n> _ 77"”@‘")) 7

where 7(™) is the step size (learning rate) at the nth iteration. Equation (3.11)
describes a stochastic gradient descent approach, using the stochastic approxima-
tion (3.9) at each iteration in place of g™, where the sample is generated from
P (C |p(")). One can choose a fixed step size or follow a decreasing schedule to guar-
antee convergence or can do a line search using the sampled design to approximate
the objective function. One can also use approximate second-order information and
create a quasi-Newton-like step.

Algorithm 3.1 describes a stochastic descent approach for solving (2.5) by solv-
ing (3.2) followed by a sampling step. As ( is sampled from a multivariate Bernoulli
distribution with parameter p, in step 5 if p; € {0,1}, then ¢; = p;. Thus the
corresponding term in the summation vanishes.

Algorithm 3.1 is a stochastic gradient descent method with convergence guaran-
tees in expectation only; see subsection 3.4. In practice, the convergence test could
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Algorithm 3.1 Stochastic optimization algorithm for binary OED.

Input: Initial distribution parameter p(®), step size schedule n(™; sample sizes
Nens, m
Output: (°Pt
: Initialize n =0
while Not Converged do
Update n < n—+1
Sample {([i];i = 1,2,...,Nens} ~ P (¢[p™)
Caleulate g = L SN (F(C7]) Kjey (S + ety e
Update p(»*+1) = p(p(n) _ T](")/g\("))
end while
Set p°Pt = p(m)
Sample {¢[j];7 =1,2,...,m} ~ P(¢|p°P"), and calculate J({[4])
10: return (°P': the design ¢ with smallest value of J in the sample.

be replaced with a maximum number of iterations. Doing so, however, might not
result in degenerate PMF. The output of the algorithm p°P* = p(®) is used for sam-
pling binary designs ¢, by sampling P (¢|p°P"), even if a suboptimal solution is found.
Another potential convergence criterion is the magnitude of the projected gradient
||P (g(k)) || < pgtol. We also note that Algorithm 3.1 is equivalent to the vanilla pol-
icy gradient REINFORCE algorithm [54]. The remainder of section 3 is devoted to
addressing convergence guarantees, convergence analysis, and improvements of Algo-
rithm 3.1.

3.4. Convergence analysis. Here, we show that the optimal solution of (3.4)
is a degenerate multivariate Bernoulli distribution and that the convergence of Al-
gorithm 3.1 to such an optimal distribution in expectation is guaranteed under mild
conditions. First, we study the properties of the exact objective defined by (3.4) and
the associated exact gradient (3.5). We then address the stochastic approximation
and the performance of Algorithm 3.1. For clarity of the discussion, the proofs of the
lemmas discussed in subsections 3.4 and 3.5 are provided in Appendix B.

3.4.1. Analysis of the exact stochastic optimization problem. Recall that
the objective function utilized in (3.4) and the associated gradient take the respective
forms

ons ons

(312) T(p) =Y JCKPCKIP) :  VpeT(p)=g=) JEK)VsP(C[K]p),
k=1 k=1

where p € Qp = [0,1]", P(¢|p) is the multivariate Bernoulli distribution (3.1),
and we use the indexing scheme (3.3). We are viewing the objective T explicitly
as a function of the PMF parameter p because all combinations of binary designs
C[k]; k=1,2,...,2™ are present in the expectation.

Here, we show that the exact gradient of T is bounded (Theorem 3.3) and that the
Hessian of YT is bounded; hence, by following a steepest-descent approach, a locally
optimal design is obtained. This will set the ground for an analysis of Algorithm 3.1.

THEOREM 3.3. Let ¢ € Q¢ = {0,1}", and let C = maxceq, {|T(¢)|}. Then the
following bounds of the gradient of the stochastic objective Y hold,
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(3.13a) Ve Y@ < \/ns %] C, ey,
(313b) [V Y(p[1]) - Vo YD < 2\/ns || €. plL,pl2] € Q.

where |Q¢| = 27 is the cardinality of the design domain. Moreover, the Hessian is
‘ 0?Y

bounded by
— | <4/IQ .
91 Op; </ 1| C

Proof. See Appendix B. 1]

Theorem 3.3 is especially interesting because it shows that the gradient of Y(p)
is bounded. On the contrary, J(¢) does not have bounded gradients for ¢y regular-
ization. Additionally, it follows from Theorem 3.3 that the entries of the Hessian are
bounded, implying that the Hessian is bounded. Thus the objective T is Lipschitz
smooth. Finding the Lipschitz constant, however, depends on the value of the func-
tion J evaluated at all possible values of (, or at least the maximum value. This
is impossible to know a priori, without any prior knowledge about the problem in
hand. Moreover, the bound given above indicates that the Lipschitz constant de-
creases for higher dimensions, since it is exponentially proportional to the cardinality
of the design space {)¢. However, one can estimate the Hessian matrix by using an
ensemble of realizations and use it to estimate the Lipschitz constant. This can be
helpful for choosing a proper step size for a steepest-descent algorithm. Alternatively,
one can use a decreasing step size sequence {n(k)}zozo such that limy_,.o 7*) = 0 and
>k n®) = 0o, which guarantees convergence to a local optimum; see [15, Proposition
4.1].

(3.14)

3.4.2. Analysis of stochastic steepest-descent algorithm. Here we show
that g(p) is an unbiased estimator of the true gradient g(p). This fact, along
with Theorem 3.3 and the fact that T is a convex combination, guarantees conver-
gence, in expectation, of Algorithm 3.1 to a locally optimal policy. At each iteration
n of Algorithm 3.1, the gradient is approximated with a sample from the respective
conditional distribution P (§|p(”)). First, we note that

(3.15)
1 Nens 1 Nens
el = |15 ZJ(C[j])VplogP(C[ij) <N Z |7 (DI Ve log P (C[ilP)Il

which shows that the magnitude of g is bounded. Moreover, we will show next that
g(p) is an unbiased estimator of g(p) and that the variance of this estimator is
bounded.

LEMMA 3.4. The stochastic estimator g defined by (3.8) is unbiased, with sam-
pling total variance var (g), such that

(3.16) Elg] =g =VpT(p); var(g)

var (J(Q)VplogP ({|p)) ,

ens

where the total variance operator evaluates the trace of the variance-covariance matrix
of the random vector. Moreover, the total variance of g is bounded, and there exist
some positive constants K1, Ko, such that

(3.17) E[g'g] = E|g|” < K1+ K: ||gl|* = K1 + Kag'g.
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Proof. See Appendix B. ]

The significance of Lemma 3.4 is that (3.17) guarantees that Assumption (d)
of [15, Assumptions 4.2] is satisfied. This, along with the fact that g is unbiased, and
given the boundedeness of entries of the Hessian (Theorem 3.3), and by complying
with the step size requirement, guarantees the convergence of Algorithm 3.1 to a
locally optimal policy p°Pt.

The sample-based approximation of the gradient described by (3.9) exhibits high
variance, however, and thus requires a prohibitively large number of samples in order
to achieve acceptable convergence behavior to a locally optimal policy. Alternatively,
one can use importance sampling [7] or antithetic variates [34] or can add a baseline
to the objective, in order to reduce the variability of the estimator. This issue is
discussed next (subsection 3.5).

3.5. Variance reduction: Introducing the baseline. The formulation of
the stochastic estimator g defined by (3.8) provides limited control over its variabil-
ity. The implication of Lemma 3.4 is that, while the gradient estimator is unbiased,
large samples are required to reduce its variability. Specifically, it follows from (3.16)
that var(g) = (’)(Ne_nls); thus, to reduce the variability of the estimator, one would
need to increase the sample size. In general, MC estimators are known to suffer from
high variance; thus this estimator, while unbiased, will be impractical especially if
ng is large and the sample size Ngpg is small. Instead of increasing the sample size,
one can reduce the estimator variability by introducing a baseline b to the objec-
tive function. The objective function T can be replaced with the following baseline

version,

(3.18) T (p) = E¢np(cip) [T (¢) — 8],

where b is a baseline assumed to be independent from the parameter p. Since b is
independent from Y and by linearity of the expectation, it follows that YP(p) =
Ecp(cip) [T (¢)] — b, and thus argmin, T® = argmin, T, and V,Y" = VT —
Vpb = VY. By applying the kernel trick again, we can write the gradient of (3.18)
as

(3.19) Ve T"(p) = Ecr(cip) (T (C) — b) Vp log P (¢|p)] .

which can be approximated by the sample estimator

(3.20)
& =y Z (T(Ch1) ~ ) ¥y log P (Clllp) = & — 5 — Z v, log P (Ci]lp)

Note that (3.19) is also an unbiased estimator since E[g"] = E[g] = g. The
variance of such an estimator, however, can be controlled by choosing an adequate
baseline b. In subsection 3.5.1, we provide guidance for choosing the baseline. In what
follows, however, we keep the baseline as a user-defined parameter, opening the door
for other choices.

3.5.1. On the choice of the baseline. We define the optimal baseline to be
the one that minimizes the variability in the gradient estimator. We provide the
following results, which will help us obtain an optimal baseline.
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LEMMA 3.5. Let d = ¢ Y25 Vplog P (¢[]lp). Then the following identities
hold:
Ng 1
Nens i—1 Pi — pg .
Proof. See Appendix B. ]

LEMMA 3.6. The ensemble estimator g° described by (3.20) is unbiased, with
sampling total variance var (gb), such that

(3.21) E[d] =0; var (d) =

(3.22)
b R N T P 1
E[g]:g:VpT(p); var(g):var(g)f2b]E[g d]JrN m—
ens ;7 Pi i
Proof. See Appendix B. 0
The variance of g” is described by Lemma 3.6. We can view (B.15) as a quadratic
expression in b and minimize it over b. Because Y .°, ﬁ > 0, the quadratic is

convex, and the min in b is obtained by equating the derivative of the estimator
variance (B.15) to zero, which yields the following optimal baseline:

NEHS
Py
i=1 p;—p?

The expectation in (3.23), however, depends on the value of the function Y and

(3.23) bt = E[g'd].

can be estimated by an ensemble of realizations g[j], d[j], j = 1,2,...,m,
1 bm
~T - ~1 1T
(3.24) E[g d] . ;zl gle] d[e],

where gle] and de] are realizations of g and d, respectively. Thus, we propose to
estimate the optimal baseline ¢°P* as follows. Given a realization p of the hyperpa-
rameter, a set of b, batches each of size Ny are sampled from P ({|p), resulting in
the multivariate Bernoulli samples {([e,j];e = 1,2,...,by; 5 = 1,2,...,Nens}t. The
following function is then used to estimate °Pt:

(3.25)
b Nens T Nens
> ( J(C[e,j])VplogP(C[e,j]|p)> <z vplogmc[e,jnp))
Ty U _/ VT .
Nens bm Z; Piipf

3.5.2. Complete algorithm statement. We conclude this section with an
algorithmic description of the stochastic steepest-descent algorithm with the optimal
baseline suggested here. Algorithm 3.2 is a modification of Algorithm 3.1, where we
only added the baseline (3.25).

Note that in both Algorithms 3.1 and 3.2, the value of J is evaluated repeat-
edly at instances of the binary design (. With the algorithm progressing, it becomes
more likely to revisit previously sampled designs. One should keep track of the sam-
pled designs and the corresponding value of 7, for example, by utilizing the indexing
scheme (3.3), to prevent redundant computations. We remark that as noted in Algo-
rithm 3.1, if p; €{0,1} in step 6 or step 7 of Algorithm 3.2, then (; =p;. Thus the
corresponding term in the summation vanishes.
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Algorithm 3.2 Stochastic optimization for binary OED with the optimal baseline.

Input: Initial distribution parameter p(®), step size schedule 1™, sample sizes
Nens, m, baseline batch size b,,
Output: (°Pt

1: initialize n =0

2: while Not Converged do

3: Update n < n-+1

4: Sample {¢[j];7 =1,2,...,Nens} ~ P (¢[p™)

5: Calculate b = OPTIMALBASELINE(p™), Neys, D)

6 Caleulate g = 1 SNy (¢ - 0) ey (S + Pt e
7: Update p"*t1) = P(p(™) — p(m)g(m)

8: end while

9: Set p°Pt = p(™
10:  Sample {¢[j];7 =1,2,...,m} ~ P ({|p°""), and calculate J(¢[j])

[y
—_

: return (°P': the design ¢ with smallest value of J in the sample.

12: function OPTIMALBASELINE(6, Nens, bin)

13: Initialize b < 0

14: for e + 1 to b,, do

15: for j < 1 to Ngys do

16 Sample C[j] ~ P (¢[p)

17: Calculate r[j] = >0, (Cp—[f] + Cﬂil;_l) e;
18: end for

19: Caleulate dfe] = 2= Y25 r[j], and gle] = & Y3 J(C[5]) vj]
20: Update b« b+ (gle])" dle]

21: end for

22 Update b ¢ bNens / (bm S pip?)

23: return b

24: end function

3.6. Computational considerations. Here, we discuss the computational cost
of the proposed algorithms and of standard OED approaches in terms of the number
of forward model evaluations. We assume 7 is set to the A-optimality criterion, that
is, the trace of the posterior covariance of the inversion parameter. This discussion
extends easily to other OED optimality criteria.

Standard OED approaches require solving the relaxed OED problem (2.6), which
requires evaluating the gradient of the objective J, namely, the optimality criterion,
with respect to the relaxed design, in addition to evaluating the objective itself J
for line-search optimization. Formulating the gradient requires one Hessian solve and
a forward integration of the model F for each entry of the gradient. The Hessian,
being the inverse of the posterior covariance of the inversion parameter in the linear
(or the linearized) inverse problem, is a function of the relaxed design; see, for exam-
ple, [9, 17] for details. Hessian solves can be done by using a preconditioned conjugate
gradient (CG) method. Each application of the Hessian requires a (linear/linearized)
forward and an adjoint model evaluation. If the prior covariance is employed as a
preconditioner, and assuming r < Ngate 18 the numerical rank of the prior precon-
ditioned data misfit Hessian (see [17, 29]), then the cost of one Hessian solve is O(r)
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CG iterations, that is, O(2r) evaluations of the forward model F. To summarize,
the cost of evaluating the optimality criterion J for a given design ¢ is O(27 Ngtate)
forward model solves. Moreover, the cost of evaluating the gradient of J with respect
to the design is O(2r nsNgtate) model solves. Note that the cost of the gradient in
the relaxed OED formulation reduces to O(2r nsNgtate) when the observation errors
are uncorrelated with identical variances, that is, when I'yoise = 02, I, where I is the
identity matrix and o2 is the variance of the observational errors; see, e.g., [3].

In contrast, with the proposed algorithms, we do not need to evaluate the gradient
of J with respect to the design. At each iteration of Algorithm 3.1, the function J
is evaluated for each sampled design to evaluate the stochastic gradient. Assuming
the size of the sample used to formulate the stochastic gradient g is Neyg, then the
cost of each iteration is O(27 NepsNgtate). The cost of evaluating the gradient of
the multivariate Bernoulli distribution (3.6) is negligible compared with solving the
forward model F. Note that unlike the case with the relaxed OED formulation, in
the proposed framework the design space is binary; and as we will show later, as
the optimization algorithm proceeds, it reuses previously sampled designs. Moreover,
the value of J can be evaluated independently, and thus evaluating the stochastic
gradient is embarrassingly parallel.

4. Numerical experiments. We start this section with a small illustrative
model to clarify the approach proposed and provide additional insight. Next, we
present numerical experiments using an advection-diffusion model.

4.1. Results for a two-dimensional problem. Here we discuss an idealized
problem following the definition of the linear forward and inverse problem described
in section 2. Python code for this set of experiments is available from [8]. We define the
forward operator F as a short wide matrix that projects model space into observation
space. Moreover, we specify prior and observation covariance matrices and formulate
the posterior covariance matrix I'yost and the objective J accordingly. The forward
operator and prior and observation noise covariances are

(4.1)

Fo— 05 05 0 O

0 0 05 05| I, :=diag(4,1,0.25,1) ; Tyoice := diag (0.25,1) ,

which result in the following form of the objective J = Tr (T'p0st(€)):

(4.2)
G+025 G 0 0 -
G G+1 0 0 81 +5 20 +20
J(C) =T 0 0 025(+4  0.25( 5 +1 G+ 16
0 0 0.25(;  0.25(s + 1

The forward operator F in (4.1) describes a simulation at four model gridpoints,
with two candidate observational sensors. The first sensor measures the average value
simulated at the first two model gridpoints, and the second sensor measures the av-
erage value simulated at the last two gridpoints. An A-optimal OED problem here
seeks an optimal design ¢ € {0,1}? that minimizes (4.2) and thus guides activa-
tion/deactivation of each of the two sensors.

Figure 2 (left) shows the surface of the two objective functions J(¢) (4.2) and
T(p) (3.4), respectively. The objective functions are evaluated on a regular grid of 15
values equally spaced in each direction. In the same plot we also display the progress
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Fia. 2. Left: Surface plot of the relazed-OED objective function J(¢) (4.2) and the objective
function Y(p) of the corresponding stochastic OED problem (3.4). In each direction 15 equally
spaced points are taken to create the surface plots. Iterations of both Algorithms 3.1 and 3.2 are
shown on the surface plot. Right: Value of the objective function Y evaluated at each iteration of
the algorithm until convergence. Brute force results are obtained by searching over all 4 possible
values of the binary design. The initial parameter p(9) of the optimizer is set to (0.5,0.5)T, and the
algorithm terminates when the magnitude of the projected gradient (pgtol) is lower than 1078,

of both Algorithms 3.1 and 3.2, where in the latter we utilize the optimal baseline
b°Pt described in subsection 3.5.1. In both cases, we set the learning rate to 0.25. The
value of the objective function T evaluated at each iteration of the optimizer is shown
in Figure 2 (right). We note that, as explained in subsection 3.2, the values of J({)
and T(p) coincide at the extremal points of the domain [0, 1]"=. Moreover, unlike the
surface of the stochastic objective T, the surface of the original objective function 7,
evaluated at the relaxed design, flattens out for values of p; greater than 0.5. This
behavior makes applying a sparsification procedure challenging when associated with
traditional OED approaches.

Figure 2 shows that the optimization algorithms move quickly toward a lower-
dimensional space corresponding to lower values of the objective T and then move
slowly toward a local optimum. We also note that since both candidate parameter
values (0,1)" and (1,1)" have similar objective values, the optimizer moves slowly
between them, since the value of the gradient in this direction is close to zero. We
note, however, that Algorithm 3.2 outperforms Algorithm 3.1 and converges faster,
in this case to the global minimum. If the optimizer is terminated before convergence
(say, after the first iteration, where p;p is set to 1 here), the returned value of pso is
in the interval (0,1), which allows sampling estimates of ¢{P* from {0,1}, and the
decision can be made based on the value of J or other decisions, such as budget
constraints. Alternatively, one could modify (4.2) by adding a regularization term to
enforce desired constraints. This will be explained further in subsection 4.2.

4.2. Experimental setup for an advection-diffusion problem. In this sub-
section we demonstrate the effectiveness of our proposed approach using an advection-
diffusion model simulation that has been used extensively in the literature; see, for
example, [3, 5, 9, 10, 40].

The advection-diffusion model simulates the spatiotemporal evolution of a con-
taminant field v = u(x,t) in a closed domain D. Given a set of candidate locations to
deploy sensors to measure the contaminant concentration, we seek the optimal subset
of sensors that once deployed would enable inferring the initial distribution of the
contaminant with minimum uncertainty. To this end, we seek the optimal subset of
candidate sensors that minimized the A-optimality criterion, that is, the trace of the
posterior covariance matrix. We carry out numerical experiments in a setup where
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only 14 candidate sensor locations are considered inside the domain D. The number
of possible combinations of active sensors in this case is 2'* =16, 384. Despite being
large, this allows us to carry out a brute force search. The purpose of the brute force
search here is to study the behavior of the proposed methodology and its capability
in exploring the design space and utilizing any constraints properly, while seeking the
optimal design. In particular, we can compare the quality of our solution with the
global minimum in this case.

Model setup: Advection-diffusion. We use the same model setup. Specifically, the
contaminant field u = u(x,t) is governed by the advection-diffusion equation

u —kAu+v-Vu=0 inD x[0,T],
(4.3) u(z, 0) =60 in D,
kVu-n=0 ondD x [0,T],

where k > 0 is the diffusivity, T" is the simulation final time, and v is the velocity
field. The spatial domain here is D= [0, 1], with two rectangular regions inside the
domain simulating two buildings where the flow is not allowed to enter. Here, 9D
refers to the boundary of the domain, which includes both the external boundary and
the walls of the two buildings. The velocity field v is assumed to be known and is
obtained by solving a steady Navier—Stokes equation, with the side walls driving the
flow; see [40] for further details. We utilize the package HippyLib [53] to solve the
advection-diffusion problem (4.3) numerically. To create a synthetic simulation, we
use the initial distribution of the contaminant shown in Figure 3 (left) as the ground
truth.

Observational setup. We consider a set of uniformly distributed candidate sensor
locations (spatial observational gridpoints). Specifically, we consider ng = 14 candi-
date sensor locations as described by Figure 3 (right), and we assume that the sensor
locations do not change over time. An observation vector y represents the concentra-
tion of the contaminant at the sensor locations, at a set of predefined time instances
{t1, ..., tn,} C [0, T:=4]. The observation times are t;+sAt, with initial observation
time ¢t; = 1; At = 0.2 is the model simulation timestep; and s = 0,1,...,20. The
result is n; =16 observation time instances, and Ngps =nsXn; is the observation space
dimension.

The observation error distribution is N(0, Tpeise), With Thoise € RNebs*Nobs de-
scribing spatiotemporal correlations of observational errors. For simplicity, we assume
that observation errors are uncorrelated, with fixed standard deviation; that is, the ob-
servation error covariance matrix takes the form IT'ppise =02, I, where I € RNobs XNobs jg

F1a. 3. Advection-diffusion model domain, discretization, candidate sensor locations, and the
ground truth, in other words, the true initial condition. Left: The physical domain D including
outer boundary and the two buildings, the model grid discretization, and the true model parameter.
Right: Candidate observational sensor locations.
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the identity matrix. Here, we set the observation error variances to oops =2.482x1072.
This specific value is obtained by considering a noise level of 5% of the maximum
value of the contaminant concentration captured at all observation points, by running
a simulation over [0, 7], using the the true model parameter; see Figure 3 (left).
Forward operator, adjoint operator, and the prior. The forward operator F maps
the model parameter 6, here the model initial condition, to the observation space.
Specifically, F represents a forward simulation over the interval [0, T] followed by ap-
plying an observation operator (here, a restriction operator), to extract concentrations
at sensor locations at observation time instances. Here, F is linear, and the adjoint is
defined as F*:=M~'FT, where M is the finite-element mass matrix. The prior distri-
bution of the parameter ¢ is modeled by a Gaussian distribution N (6, I'p,), where
T, is a discretization of A~2, with A being a Laplacian; see [17] for further details.

4.3. The OED optimization problem. Now we define the design space and
formulate the OED optimization problem. To find the best subset of candidate sensor
locations, we assign a binary design variable (; to each candidate sensor location
x;, where ¢ = 1,2,...,ns, and hence ¢ € {0,1}". We aim to find a binary A-
optimal design, that is, the minimizer of the trace of the posterior covariance matrix.
Moreover, to promote sparsity of the design, we employ an ¢y penalty term ®. We
thus define the objective function J for this problem as

(44) T =Tr ( (MUFTT, 2 diag (C) T, L2F + rp:)_1> +a®((),

where « is the user-defined penalty parameter. This parameter controls the level of
sparsity that we desire to impose on the design. Specifically, we set ®(¢) := ||(]|, to
impose sparsity. On the other hand, if we have a specific budget J, it would be more
reasonable to define the penalty function as ®(¢) := |||, = Al = a >, &G — Al
We will discuss these two cases in the following and in the numerical experiments.
The stochastic optimization problem (3.2) is formulated given the definition of J in

(4.4) as
(4.5)

-1
pPt = argmin Ecop(c|p) [Tr ( (M*lFTr;c}igfdiag (O T AP + r;rl) ) + o@(g)} :
p€e[0,1]ms

where P ({|p) is the multivariate Bernoulli distribution with PMF given by (3.1).

4.4. Numerical results with advection-diffusion model. The main goal
here is to study the behavior of the proposed Algorithm 3.2 compared with the global
solution of (4.5). Solution by enumeration (brute force) is carried out for all 24 =
16, 384 possible designs, and the corresponding value of J is recorded to identify the
global solution of (4.5). In addition, we run Algorithm 3.2 with the maximum number
of iterations set to 20. We choose this tight number to test the performance of the
stochastic optimization algorithm upon early termination. We choose the learning
rate n = 0.25 and set the gradient tolerance PGTOL to 1078, Each sensor is equipped
with an initial probability 0.5. This is employed by choosing the initial parameter p(®)
of the stochastic optimization algorithm to p(®) = (0.5,...,0.5)T. In all experiments,
we set the sample size for estimating the stochastic gradient to Neys = 32 and the
number of epochs for the optimal baseline to b,, =10.

The optimization algorithm returns samples from the multivariate Bernoulli dis-
tribution associated with the parameter p°P' at the final step. Then, it picks (°Pt as
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the sampled design associated with the smallest value of 7. We assume that the opti-
mization procedure samples 10 designs upon termination, from the final distribution.
Note that all samples will be identical if the probability distribution is degenerate.
In the numerical results discussed next, we show not only the final optimal design
returned by the optimization procedure but also the sampled designs.

4.4.1. Results without penalty term. We start with numerical results ob-
tained by setting the penalty parameter a=0. Figure 4 shows the results of the brute
force search, along with results returned by Algorithms 3.1 and 3.2. Specifically, the
value of J := Tr (T'pest (€)) is evaluated at each possible design ¢ and is shown on the
y-axis. Candidate binary designs are grouped on the x-axis by the number of entries
set to 1, that is, the number of active sensors. In this setup, we have access to the
value of J corresponding to all possible designs, and thus we can in fact evaluate
T(p) = Ecopc)p) [T (€)] exactly, for any choice of the parameter p. Of course, such
an action is impossible in practice; however, we are interested in understanding the
behavior of the optimization algorithm. Here, without any constraints on the number
of sensors, the global optimal minimum is attained by (°P*=1¢&R"s, that is, by acti-
vating all sensors. However, we note that increasing the number of sensors, say, more
than 9, would add little to information gain from data. The reason is the similarity
of the values of 7 for all designs with more than 9 active sensors.

In Figure 4, results of the brute force search are shown as light-blue dots. The
designs sampled from the final distribution obtained by Algorithm 3.1 are marked
as red x marks, which in this case are identical, showing that the final probability
distribution is degenerate. The samples generated by Algorithm 3.2 with the opti-
mal baseline estimate (3.23) are marked as green tripod-up marks; in this case, as
indicated by the three unique designs in the sample, the resulting policy is nondegen-
erate and successfully explores the space near the global optimum. Note that both
Algorithms 3.1 and 3.2 result in probability distributions (defined by p°P!) associated
with small values. However, Algorithm 3.2 with the optimal baseline (3.23) outper-
forms Algorithm 3.1 and generates designs with significantly smaller objective values.
Specifically, as shown in Figure 4, the objective value J evaluated at the designs
generated by Algorithm 3.2 fall within 1% of the global optimum.

Evaluating the optimal baseline estimate, however, requires additional evaluations
of J. We monitor the number of additional evaluations of J carried out at each
iteration of the optimizer. We keep track of the values of J for each sampled design
¢ during the course of the algorithm. By doing so, we avoid any computational
redundancy due to recalculating the objective function multiple times for the same
design. Figure 5 shows the behavior of the optimization procedures over consecutive
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F1G. 4. Results of the policy gradient procedures (Algorithms 3.1, 3.2), compared with the brute
force search of all candidate binary designs. No penalty is used here; that is, we set the sparsity
penalty parameter to a=0. Candidate designs are grouped by the number of active sensors, on the
z-azxis, with the corresponding value of J displayed on the y-azis. Brute force results are shown as
light-blue dots.
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F1G. 5. Behavior of the policy gradient procedures (Algorithms 3.1, 3.2) over consecutive itera-
tions. No penalty is used; we set the penalty parameter a=0. Left: The value of the objective T at
each iteration of the optimization procedures. Right: Number of new function J evaluations carried
out.

iterations. Specifically, Figure 5 (left) shows the value of Y evaluated at the kth step,
and Figure 5 (right) shows the number of new function evaluations carried out at
each step. In both cases, we show results obtained by Algorithms 3.1 and 3.2.

Figure 5 (left) suggests that Algorithm 3.1 moves steadily toward a local mini-
mum and converges in a small number of iterations (see Figure 5 (right)) but it fails
to explore the space near the global optimum. This action is expected because of
sampling error and the high variability of the estimator. Conversely, Algorithm 3.2
with optimal baseline estimate (3.23) moves steadily toward the global minimum.
The results in Figure 5 (right) indicate that the computational cost, explained by the
number of function evaluations, is not significantly different.

4.4.2. Results with sparsity and fixed-budget constraints. To study the
behavior of the optimization procedures in the presence of £y sparsity constraints, we
set the penalty function to ®(¢) := |||, and the regularization penalty parameter to
a = 1.0. Here we do not concern ourselves with the choice of «, and we leave it for
the user to tune based on the application at hand and the required level of sparsity.
Furthermore, to study the behavior of the optimization algorithms in the presence
of an exact budget constraint [|([|, = A, we carry out the same procedure, with the
penalty function set to ®(¢) := [||(||, — A| and the regularization penalty parameter
set to a = 1.0, and we set the budget to A = 8 sensors. Results are shown in Figures 6
and 7, respectively.

In the case of sparsity constraint, as suggested by Figure 6 (left), there is a unique
global optimum design with only three active sensors. Both Algorithms 3.1 and 3.2
result in degenerate probability distributions. The global optimal design, however,
is attained by utilizing the optimal baseline estimate as shown in Figure 6. In the
case of a fixed-budget constraint, as suggested by Figure 6 (right), the two algorithms
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F1G. 6. Similar to Figure 4. Left: We use a sparsity constraint, defined by ®(¢) =||¢||,. Right:
We use budget constraint, defined by ®(¢) == ||[¢llo—A|, where A =8. In both cases, we set the
sparsity penalty parameter to a=1.0.
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FiG. 7. Similar to Figure 5. Top: We use a sparsity constraint, defined by ®(¢) = ||C]|,-
Bottom: We use budget constraint, defined by ®(¢):=||[¢|lq—A|, where A=8. In both cases, we set
the sparsity penalty parameter to a=1.0.

(Algorithms 3.1 and 3.2) produce similar policies, but the result of Algorithm 3.2
with optimal baseline estimate (3.23) is significantly better as it produces designs
that satisfy the budget constraint. The evolution of the optimization algorithms and
the associated computational costs explained by the number of objective function
evaluations are shown in Figure 7.

The performance of both Algorithms 3.1 and 3.2 is consistent with and with-
out sparsity constraints. By including the optimal baseline estimate (3.23) in Algo-
rithm 3.2, at slight additional computational cost, the global optimum is more likely
to be discovered by the algorithm.

4.4.3. The initial policy and the optimality gap. Both Algorithms 3.1
and 3.2 require setting an initial policy by choosing the initial parameter p(® of
the optimizer. In the results above, we set p(®) := (0.5,...,0.5)". Here, we show
the results of carrying out the optimization procedure with different initial policies.
Specifically, we choose 10 different randomly sampled initial policies (each p; is ran-
domly sampled for a uniform distribution #[0,1]). For each initial policy, we run
Algorithms 3.1 and 3.2. The resulting policy is then used to sample 10 different de-
signs. Figure 8 shows results obtained by setting the sparsity penalty parameter to
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Fic. 8. Results of the policy gradient procedures (Algorithms 3.1 and 3.2). The optimization
procedures are run 10 times from different (random) initial policies, and 10 designs are sampled from
the policy returned by each algorithm in each experiment. Left: The 10 experiments are grouped by
the initial policy on the z-axis. Right: The results of the 10 experiments, each with different initial
policy, are grouped by the algorithm used, over all experiments. Here, the penalty parameter is set
to o = 0.
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Fic. 10. Similar to Figure 9. Here we set the sparsity penalty parameter to « = 1.0 and use
the penalty constraint defined by ®(¢) := |||C||0 — >\‘, where A = 8.

a=0. Similarly, Figures 9 and 10 show results obtained in the presence of sparsity
and fixed-budget constraints, respectively. These results suggest that Algorithm 3.2
exhibits much lower variability than Algorithm 3.1 and tends to significantly decrease
the optimality gap, and hence is more reliable for exploring the probability space near
the global optimal policy. We note, however, that global optimality is not guaranteed
by the policy gradient algorithms presented in this work.

4.4.4. Performance and scalability. The cardinality of the design space ||
grows exponentially with respect to the number of candidate sensors ng, which may
bring significant variance for the stochastic optimization with a large ng as shown
in Theorem 3.3. The proposed formula for variance reduction via optimal baseline
estimation (3.25), however, is developed to reduce the variance numerically. Here
we investigate the scalability of the proposed approach compared to relaxed OED
formulations (see, e.g., [3, 10]), by numerically analyzing the performance for an
increasing number of candidate sensors ns.

In this set of experiments, we use the same setup as in subsection 4.4.2, that is,
we assume an exact budget of A = 8 sensors and enforce it by setting the penalty
function ®(¢) := [||¢]|, — A| and the penalty parameter a=1. The budget A =8 is
enforced in the relaxed approach by using an ¢; penalty function with the penalty
parameter value tuned by an L-curve approach: using 20 values of a to approximate
the L-curve and selecting the best value; see [9] for details.

We start by analyzing the accuracy and the performance of the proposed ap-
proach. The total variance of the gradient estimator is estimated using an ensemble
of 32 gradient evaluations. That is, we evaluate the gradients ((3.8) and (3.20),
respectively) using 32 different initial random seeds and calculate the sum of the
sample variance of these gradient approximations. To analyze the redundancy (re-
utilization of function J evaluations), we study the total redundancy ratio defined
as 1 — N%’ﬁﬁ;féﬁ?ﬁ‘*&iii“;‘fiﬁd dizisg:s. More computational savings are achieved for a
redundancy rate closer to 1. As before, and for a fair comparison, we fix the maximum
number of iterations of the optimization algorithm to 20 iterations.
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Figure 11 shows the total variance and the redundancy incurred by the gradi-
ent estimators (3.8) and (3.20) with optimal baseline estimate (3.25), respectively,
for an increasing number of candidate sensor locations ng. Figure 11 (left) shows
that the variance reduction—here the baseline (3.25)—is effective even for large num-
bers of candidate sensors ns =~ 120 and in fact is necessary for the success of the
proposed approach. Figure 11 (right) shows that in this approach, previously evalu-
ated J values are effectively utilized, thus considerably reducing the computational
cost.

Next, we study the accuracy and the computational cost of the proposed approach
compared to relaxed OED. Figure 12 (left) shows the value of the objective J(()
evaluated at the optimal design obtained by each approach, for an increasing number
of candidate sensors. Figure 12 (right) shows the total number of model evaluations
(number of F calls) incurred by the optimization procedures. While the relaxed OED
approach can produce designs with reasonably small values of the objective J, it
is much more computationally demanding, and it is outperformed by the proposed
approach.

We conclude this section by showing the values of the activation probability p and
the sampled designs ¢ generated by the policy gradient procedures (Algorithms 3.1
and 3.2) in the present set of experiments. Figure 13 shows the optimal parameter
value obtained by Algorithm 3.1 (top) and the designs sampled from the corresponding
optimal observational policy (bottom) for an increasing number of candidate sensor
(as shown in Figure 12). Corresponding results obtained by Algorithm 3.2 are shown
in Figure 14. These results show that (a) the policies returned by the optimization
procedures are not always degenerate (not all activation probabilities are set to 0
or 1), and in this case an estimate of the optimal design is generated by comparing
the values of J(¢) associated with the sampled designs; (b) the baseline introduced
to reduce the variability of the stochastic gradient estimate is crucial for the perfor-
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F1G. 11. Results of (Algorithms 3.1, 3.2) for an increasing number of candidate sensor locations.
Left: Total variance of the gradient estimators averaged over optimization iterations. Right: Total
redundancy ratio.
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Fi1G. 12. Left: Value of the £o-weighted objective function J(C) evaluated at the optimal design
¢°Pt obtained by (a) applying relazed OED followed by thresholding (here we choose the highest
A=8 weights); (b) the policy gradient approach, that is, Algorithms 3.1 and 3.2, respectively. Right:
Number of forward model F evaluations.



B418 AHMED ATTIA, SVEN LEYFFER, AND TODD S. MUNSON

o X X o 0 0 o X

S
o
°
o
o
S X o o X o o

o ¥ o o o o o
o X X X o o o

o X o o

Fic. 13. Values of the optimal activation parameters/probabilities p (top) and the sampled
designs (bottom) obtained by the policy gradient procedure Algorithm 3.1 for an increasing number
of candidate sensor locations (as shown in Figure 12). The designs sampled from the optimal policy
are marked by circles, and the sampled optimal design (the design achieving the smallest value of J
in the sample) is highlighted by red cross marks.
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Fic. 14. Similar to Figure 13. Here, we show a result for the policy gradient procedure Algo-
rithm 3.2.

mance of the optimization routine especially for large cardinality, i.e., large ns); (c)
Algorithm 3.1 achieves reasonable behavior for small cardinality, but, its performance
degrades for increasing cardinality, which is also noted from Figure 12 (left); and (d)
the optimal baseline estimate (3.25) enables Algorithm 3.2 to produce a policy that
reduces the value of J by both reducing the OED criterion and by better respecting
the budget constraint imposed by the £y penalty. Note that for ng~120, Algorithm 3.2
still achieves considerably better performance than Algorithm 3.1, but it converged
to a suboptimal policy. This can be enhanced by optimizing the learning rate, by in-
corporating antithetic variates [34], and by utilizing importance sampling [7]. These
approaches will be further investigated in future works.

4.4.5. Results with various learning rates. We conclude this section of ex-
periments with results obtained by different learning rates. We use the setup in sub-
section 4.4.2 and assume an exact budget of A\ =8 sensors and enforce it by setting
the penalty function ®(¢) := |||(||, — A| and the penalty parameter a=1. Figure 15
shows results obtained by varying the learning rate n in Algorithm 3.2, with the op-
timal baseline estimate (3.23), and note that similar behavior was observed for the
other settings used earlier in the paper.

Figure 15 (left) shows the value of the stochastic objective function corresponding
to the parameter p'*) at the kth iteration of the optimization algorithm for various
choices of the learning rate. Figure 15 (right) shows the number of new calls to the
function J made at each iteration. By increasing the learning rate 7, the algorithm
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Fic. 15. Similar to Figure 7. Here, we set the sparsity penalty parameter to a = 1.0 and use
the budget constraint defined by ®(¢) := |[ICllg — A|, where XA = 8.

tends to converge quickly and explore the space of probability distributions near the
global optimal policy very quickly. However, this action is also associated with the
risk of divergence. Among the tested values, n = 0.5 is the best learning rate.

In general, one can choose a small learning rate or even a decreasing sequence and
run the optimization algorithm long enough to guarantee convergence to an optimal
policy. Doing so, however, will likely increase the computational cost manifested in
the number of evaluations of 7. This problem is widely known as the exploration-
exploitation trade-off in the reinforcement learning literature. Finding an analytically
optimal learning rate is beyond the scope of this paper.

5. Discussion and concluding remarks. In this work, we presented a new
approach for binary optimization that is suitable for optimal design of experiments
in Bayesian inverse problems constrained by expensive mathematical models, such
as partial differential equations. The regularized utility function is cast into a sto-
chastic objective defined over the parameters of multivariate Bernoulli distribution.
A policy gradient algorithm is used to optimize the new objective function and thus
yields an approximately optimal probability distribution, that is, policy from which
an approximately optimal design is sampled. The proposed approach does not re-
quire differentiability of the design utility function nor the penalty function generally
employed to enforce sparsity or regularity conditions on the design. Hence, the com-
putational cost of the proposed methods, in terms of the number of forward model
solves, is much less than the cost required by traditional gradient-based approach
for optimal experimental design. The decrease in computational cost is due mostly
to the fact that the proposed method does not require evaluation of the simulation
model for each entry of the gradient. Sparsity-enforcing penalty functions such as £,
can be used directly, without the need to utilize a continuation procedure or apply a
rounding technique.

The main open issue pertains to the optimal selection of the learning rate parame-
ter. While a decreasing sequence satisfying the Robbins—Monro conditions guarantees
convergence of the proposed algorithm almost surely, such a choice may require many
iterations before convergence to a degenerate optimal policy. The proposed stochastic
formulation can also be solved by other sample-based stochastic optimization meth-
ods, including sample average approximation [37, 43, 48]. The learning rate and
performance of sample-based methods will be considered in future works.

In sensor placement problems, soft constraints are used to enforce sparsity or a
budget on the design, and both classes of constraints have been used in this work.
Accommodating hard-constraints, for example, to enforce a maximum number of sen-
sors, has proven to be challenging because one has to map the constraint space to the
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space of the policy parameters (i.e., parameters of the Bernoulli distribution). The
multivariate Bernoulli distribution was an intuitive choice to define the probability
of sensor activation. Other distributions can be employed to define an observational
policy. For example, one can consider a mixture distribution to define optimal ex-
perimental design in a continuous spatial domain. This, however, requires different
formulation of the Bayesian OED problem, the underlying observation error models,
and the associated probability measures. These extensions will be considered in future
works.

We note that utilizing traditional cost-reduction methods, including random-
ized matrix methods [13, 45], and other reduced-order modeling approaches (see,
e.g., [12, 18, 23, 49]), to reduce the cost of the OED criterion J apply to both the
relaxed approach and our proposed approach equally. This shows that the proposed
algorithms introduce massive computational savings to the OED solution process,
compared with the traditional relaxation approach.

Appendix A. Multivariate Bernoulli distribution. The probabilities of a
Bernoulli random variable ¢ € {0,1} are described by

(A1) PUp)=p1-p)* O =p(+1-p)(1-¢); ({01}, pe0,1],

where p can be thought of as the probability of success in a one-trial experiment.
Moreover, the following identity holds:

IP (¢|p) 1-
A2 —2 = (=1)C.
(42) o2 = (1)
Assuming (;, i = 1,2, ..., ng are mutually independent Bernoulli random variables
with respective success probabilities p;, ¢ = 1,2,...,ng, then the joint probability

mass function (PMF) of the random variable ¢ = ((1,(a, - . ., (n.)T, parameterized by
p = (P1,P2,---,Pn.)", takes the form

Ng

(A3) P((lp) = Hp; -p) O =[](pG + (1 -P) (=), Gefo1}.

i=1

By using (A.2), the first-order derivative of (A.3) with respect to the parameters
p: is described by

(A4)
OP (¢|p 0 : - . G P . ¢
ZR) 2 ps (1 py) ¢ [ (1m0 | = (- T[S 1 p)
Pj P; i—1 i=1
i£j i#]

Thus, the gradient can be written as

(A5) iap (¢|p) i ) CJﬁPJ )i,

op;
1 J =1
= = Z;éj

Note that the derivative given by (A.4) is the (signed) conditional probability of
¢ conditioned by (; and pj, respectively. The second-order derivatives follow as

0P (C‘p) = ) 2—¢i—Ck I i NG
(A.6) Dprop, L Ok)(D) IT o —p)' ™,

i=1
i¢{j.k}
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where Jy; is the standard Kronecker delta function. The gradient of the log-probabilities,
that is, the score function of the multivariate Bernoulli PMF (A.3), is given by

(A7)
VplogP (¢|p) = Vp long/ 1—p)™¢ ZV logpll—i-ZV log (1 —p;)' ¢
i=1 i=1 i=1
=3 plogpit 3 (1-C) Vplog (1-py) —Z Soazlye
i=1 ’ i=1 ? — \Pi 1—Pz
It follows immediately from (A.7) that
(A.8)
— (G 1-G ) T
VpVplogP = - | ee,;,
pVploal(Cp) ;(pf (1—p;)?
Ns Ng Cl 1_4-1) (CJ 1_CJ> T
V, logP VplogP — 2= — —= | gje;.
P 102 F () (Voo P (o) = D3 (8 - =8 ) (9= 129 ) e

=1 j=1

In the rest of this appendix, we prove some identities essential for convergence
analysis of the algorithms proposed in this work. We start with the following basic
relations. First note that E[(;(;] = cov((;, (;)+E[GIE[(] = 6;5p:(1—p;)+pip;. This
means that E[¢?] = E[(;] = p; and E[(;(;] = pip; Vi # j. Similarly, E[G;(¢; — 1)] =
E[G¢] — E[G] = 0ipi(1 — pi) + Pip;j — Pi» and E[(G — 1)(G — 1)] = E[G¢;] — pi —
pj +1=206;pi(l —pi) +pPiP; —Pi —P; +1.

LEMMA A.l. Let ¢ € Q¢ := {0,1}" be a random wvariable following the joint
Bernoulli distribution (A.3) and assume that var(C) is the total variance operator that
evaluates the trace of the variance-covariance matrix of the random variable . Then
the following identities hold:

Ns

(A9)  EIVplogP(p)] =0 var(VplogP(Clp) = Y. oo
=1t 4

Proof. The first identity follows as

(A.10)
E[Vp logP (¢|p)] ZV log P (¢[p)P (¢[p) = D> VpP (¢Ip) = Vp > P (¢|p) =0.
¢ ¢

By definition of the covariance matrix, and since E[V logP (¢|p)] = 0, then

(A.11)
var (Vplog P (¢|p)) =Tr (E |(Vplog P (¢[p)) (Vplog P (¢p))" | )

—E|Tr ((Vplog P (¢[p)) (VplogP (¢Ip)) ) | =E[(Vplog P (¢[p)) (VplogP (CIp))] .

where we utilized the circular property of the trace operator and the fact that the
matrix trace is a linear operator. Thus,
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(A.12)

var (Vp log P ((|p)) = E (Vi log P (¢[p)) (Vi logP (¢[p))]

Z alog@ <|pz ) ]

7

=E i(9+fi_1)2]_z( [1] E[CE}(12E)Q]+1>
S P ST =\ P —Ppi
-2 (B ) 2 o ame) ~ Sae

where we used the fact that E[¢?] = p;, as discussed above. This is also obvious
since ¢% = (. 0

LEMMA A.2. Let ¢ € Q¢ := {0,1}" be a random wvariable following the joint
Bernoulli distribution (A.3). Then for any ¢ € Q¢, the following bounds hold:

(A.13) Ve P (Clp)| < s max — min P (Glpi),

s Tis

2
= < .
(A1) Ec[|VplogP (p)]*] = var (VplogP (Clp)) < o 4+

Proof.
(A.15)
2 2
IV P (¢Ip)ll Z DS s (1—po)' eyl <D {09 | [[pria—p)*
j=1 i=1 j=1 =1
k#j k#j
Z P (¢i[pi))* <ms jzllnaxn Z.:Ilninn U (C1|pz))2 )
— k,#, T

which prove the first inequality (A.13). By utilizing (A.7), we have

(GG C_E (G, 61y

Y (i) - x )
(o)

B p% (1- Pz) 7

where the last relation follows given the fact that ¢; € {0,1}, and hence ¢(;(1—¢;) =0,
and (? = (; Vi=1,2,...,ns. Taking the expectation of both sides, we get

(A.17)
o] G G-1 = (E[¢] | E[G]—1
Ec[IIVplogP(Clp)ll ] =E, ; <p3 +(1—p1)2>] —;( p? + (1_pi)2>
P _1 B s l 1
_Z< pi)>_;(pi+(1—pi)>

Ng Ng
= g g S + ;
17pl m_mp 1 —maxp
K3 1

which completes the proof of (A.14). d

(A.16) IVplogP (¢|p)||* =
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Appendix B. Proofs of theorems and lemmas discussed in subsec-
tion 3.4.

Proof of Theorem 3.3. The first bound is obtained as follows:

Ve T ZJ < Z 17(¢ p P (C[K]|p)II®
(B.1) > .
Z IV PCEIP)IP < C* Ve P (C[KIP)I
k=1 k=1

Lemma A.2 provides a bound on the gradient of log probability of the multivariate
Bernoulli distribution (3.1) as |V P (¢|p)|| < /75 I{laX . Ilnln P (¢k|pk). It then
j

cey Mg k;éj,ns
follows from (B.1) that
2"
IV Y(P)* < s CQZ max  min P (G[i]|pk) ,
1,...ns k=1,...,ns
k£
and hence
(B.2) IVp Y(P)|* < ns27C®  max jmax  min P (Grldlpe) -
o2t =lme k=l e

Because P (¢|p) < 1, it follows immediately that ||VpT(p)||2 < ng2™ C?, and
the bound (3.13a) follows by taking the square root on both sides. The second
bound (3.13b) follows by noting that

(B3) Ve T(p[1]) = Vp T(p2DII < Ve T(PD] + [[Vp T(P2DI < 24/ns [€%|C.
The second-order derivative of the objective T is

2ns
(BA4) Hessp¥ = VoVpY =Y J(()VpVpP(¢lp) = ZJ )VeVp P (C[E]p) -
¢

Equation (B.4) shows that the (7, j)th entry of the Hessian (B.4) is iisl J(C[k)])

9*P(¢lp)
opi 0p; *

detail in Appendix A, and it follows from (A.6) that 2 (Clp) < 1. This means that
the entries of the Hessian (B.4) are bounded as follows

The second-order derivative of the Bernoulli distribution is discussed in

(B.5)
P\ V) i (0P ClHIp)
(5] - ooz < £ (5 <o
Ipi Op; 0pz Ip; =\ Opidp;
and the bound in (3.14) follows by taking the square root of both sides. 0

Proof of Lemma 3.4. For any realization of the random design ¢ ~ P (¢|p), it
holds that
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E[J(()VplogP (¢|p)] ZJ )V log P (([p)P (¢|p) = ZJ VP (¢[P)

(B.6)
=Vp ZJ P (¢lp) = VRE[T(Q)] = VpY(p).

Thus, the unbiasedness of the estimator g follows because

(B.7)
Nens Nens
Blg) = £ | x> Iy (i) | X S VTR = T (0),

The total variance var (g) follows by the definition of g as

(B.8)
var (g) = var (Nl fz(dﬂ)vplogwjnp)) = —var (T (O VplogP (CIp)) -
ens j:1 ens

To prove (3.17), we rewrite (B.8) as follows,

£[g78) = var (8) + EI&E[g] = ;—var (J(()Vplog P (Clp) + &g

02
var (CVplogP (¢|p)) + g'g = S

<
(B.9) ~ Nens

C?n 1 1
< : — + +g'g,
Nens minp 1- max p
7 7

where the last inequality follows by (A.14), and, as before, C' = max¢ca, {|J(¢)[}
Czns( 1 1 )

Nens “min p; 1—max p;

var (VplogP (¢|p)) + g'g.

From Theorem 3.3, the gradient is bounded. By setting K7 =
and K, = 1, one can guarantee that E[g'g] < K1 + K.g'g.

Proof of Lemma 3.5. The first identity follows from

enb ] 1

(B.10) E[d [ fv logP (¢ )] N iﬂsEV logP (¢[j]lp)] =

where the last equality follows from (A.9). Because E[d] = 0, and by utilizing
Lemma A.1, the second identity follows as

Nens
(B.11) var(d) =E[d"d] —E[d]'E[d] = E[d"d] = i > var (Vplog P (¢[j]Ip))

ens j=1

Nens ns

— XY o Z 0

ens j—1 =1 ens i—1

Proof of Lemma 3.6. The estimator is unbiased because V,YP(p) = V,Y(p),
and



STOCHASTIC LEARNING FOR BINARY OPTIMIZATION B425

(B.12)

B[e"] = E| < Y TCUI-DVelog P (Chllp) | = 1 > BT (-6 ValogP (CLillp)
= = Y BT ValogP Clillp)] -~ 5 > EBValogP Clilp)
= VT(p) ~ 5 > E[Valog P (CLilIp)] = VaT(p)

where the last step follows by Lemma A.1. The total variance of the estimator gP is
given by

(B.13) var (8") =E[(8")' 2’| - E[8"]'E[e"] —E[@") &"| - &'s.
where g = Vpr =V, Y. The first term follows as
E|(8") "] =E|@- ) - bd)| = E[g7g] - 2E[gbd] + E[bd"bd]
= var (8) + E[g]'E[g] — 20E[g"d] + b*var (d) + b*E[d]' E[d]
(B.14) =var(g) +g'g — 2bE[g'd] + b*var (d)

Poes 1
Nens i—1 pPi — p12 .

=var (g) + g'g — 2bE [gTd] +

From (B.13), (B.14), the total variance follows as

Poes 1
Nens i—1 pi — p? )

(B.15) var (g7) = var (g) — 20E [g'd] +

Acknowledgment. We thank three anonymous referees and the associate editor
for their detailed and insightful comments that helped us improve our manuscript.

REFERENCES

[1] A. ALEXANDERIAN, Optimal experimental design for infinite-dimensional Bayesian inverse
problems governed by PDEs: A review, Inverse Problems, 2021.

[2] A. ALEXANDERIAN, P. J. GLOOR, AND O. GHATTAS, On Bayesian A-and D-optimal experimen-
tal designs in infinite dimensions, Bayesian Anal., 11 (2016), pp. 671-695.

[3] A. ALEXANDERIAN, N. PETRA, G. STADLER, AND O. GHATTAS, A-optimal design of exper-
iments for infinite-dimensional Bayesian linear inverse problems with regularized £g-
sparsification, STAM J. Sci. Comput., 36 (2014), pp. A2122-A2148.

[4] A. ALEXANDERIAN, N. PETRA, G. STADLER, AND O. GHATTAS, A fast and scalable method
for A-optimal design of experiments for infinite-dimensional Bayesian nonlinear inverse
problems, SIAM J. Sci. Comput., 38 (2016), pp. A243-A272.

[5] A. ALEXANDERIAN, N. PETRA, G. STADLER, AND I. SUNSERI, Optimal design of large-scale
Bayesian linear inverse problems under reducible model uncertainty: Good to know what
you don’t know, STAM/ASA J. Uncertain. Quantif., 9 (2021), pp. 163-184.

[6] A. ALEXANDERIAN AND A. K. SAIBABA, Efficient D-optimal design of experiments for
infinite-dimensional Bayesian linear inverse problems, SIAM J. Sci. Comput., 40 (2018),
pp- A2956-A2985.

[7] B. AROUNA, Adaptative Monte Carlo method, a variance reduction technique, Monte Carlo
Methods Appl., 10 (2004), pp. 1-24.



(30]
(31]
32]
(33]

34]

<

~ =

AHMED ATTIA, SVEN LEYFFER, AND TODD S. MUNSON

AtTIA, DOERL: Design of Experiments Using Reinforcement Learning, 2021, https:
//gitlab.com/ahmedattia/doerl.

. ATTIA, A. ALEXANDERIAN, AND A. K. SAIBABA, Goal-oriented optimal design of experiments

for large-scale Bayesian linear inverse problems, Inverse Problems, 34 (2018).
ATTIA AND E. CONSTANTINESCU, Optimal Experimental Design for Inverse Problems in the
Presence of Observation Correlations, preprint, https://arxiv.org/abs/2007.14476, 2020.

. ATTIA AND A. SANDU, A Hybrid Monte Carlo sampling filter for non-Gaussian data assim-

ilation, AIMS Geosci., 1 (2015), pp. 41-78.

. ATTIA, R. STEFANESCU, AND A. SANDU, The reduced-order hybrid Monte Carlo sampling

smoother, Internat. J. Numer. Methods Fluids, 83 (2017), pp. 28-51.
AVRON AND S. TOLEDO, Randomized algorithms for estimating the trace of an implicit
symmetric positive semi-definite matriz, J. ACM, 58 (2011), pp. 1-34.

. BANNISTER, A review of operational methods of variational and ensemble-variational data

assimilation, Quart. J. Roy. Meteor. Soc., 143 (2017), pp. 607-633.
P. BERTSEKAS AND J. TSITSIKLIS, Neuro—Dynamic Programming, Athena Scientific,
Belmont, MA, 1996.

. P. BRADLEY, A. C. Hax, AND T. L. MAGNANTI, Applied Mathematical Programming,

Addison-Wesley, Reading, MA, 1977.

. Bul-THaNH, O. GHATTAS, J. MARTIN, AND G. STADLER, A computational framework for

infinite-dimensional Bayesian inverse problems part 1: The linearized case, with applica-
tion to global seismic inversion, SIAM J. Sci. Comput., 35 (2013), pp. A2494-A2523.

. Cul, Y. MARZOUK, AND K. WILLCOX, Scalable posterior approximations for large-scale

Bayesian inverse problems via likelihood-informed parameter and state reduction, J. Com-
put. Phys., 315 (2016), pp. 363-387.

. DALEY, Atmospheric Data Analysis, Cambridge University Press, Cambridge, 1991.
. DEFAZIO, F. BACH, AND S. LACOSTE-JULIEN, SAGA: A fast incremental gradient method

with support for mon-strongly conver composite objectives, in Proceedings of Advances in
Neural Information Processing Systems, 2014, pp. 1646-1654.

. DurpacovA AND R. WETS, Asymptotic behavior of statistical estimators and of optimal

solutions of stochastic optimization problems, Ann. Statist., 16 (1988), pp. 1517-1549.

. FEDOROV AND J. LEE, Design of experiments in statistics, in Handbook of Semidefinite

Programming, R. S. H. Wolkowicz and L. Vandenberghe, eds., Internat. Ser. Oper. Res.
Management Sci. 27, Kluwer Academic Publishers, Boston, 2000, pp. 511-532.

. P. Frary, L. C. WiLcoX, V. AKGELIK, J. HiLL, B. VAN BLOEMEN WAANDERS, AND O. GHAT-

TAS, Fast algorithms for Bayesian uncertainty quantification in large-scale linear inverse
problems based on low-rank partial Hessian approximations, STAM J. Sci. Comput., 33
(2011), pp. 407-432.

. HABER, L. HORESH, AND L. TENORIO, Numerical methods for experimental design of large-

scale linear ill-posed inverse problems, Inverse Problems, 24 (2008), pp. 125-137.

. HABER, L. HORESH, AND L. TENORIO, Numerical methods for the design of large-scale

nonlinear discrete ill-posed inverse problems, Inverse Problems, 26 (2010), 025002.

. HABER, Z. MAGNANT, C. LUCERO, AND L. TENORIO, Numerical methods for A-optimal

designs with a sparsity constraint for ill-posed inverse problems, Comput. Optim. Appl.,
52 (2012), pp. 293-314.

. HuAN AND Y. MARZOUK, Gradient-based stochastic optimization methods in Bayesian ex-

perimental design, Int. J. Uncertain. Quantif., 4 (2014).

. HuaAN AND Y. M. MARZOUK, Simulation-based optimal Bayesian experimental design for

nonlinear systems, J. Comput. Phys., 232 (2013), pp. 288-317.

. Isaac, N. PETRA, G. STADLER, AND O. GHATTAS, Scalable and efficient algorithms for

the propagation of uncertainty from data through inference to prediction for large-scale
problems, with application to flow of the Antarctic ice sheet, J. Comput. Phys., 296 (2015),
pp. 348-368.

. KA1rP10 AND E. SOMERSALO, Statistical and Computational Inverse Problems, Appl. Math.

Sci. 160, Springer, New York, 2006.

. J. KING AND R. T. ROCKAFELLAR, Asymptotic theory for solutions in statistical estimation

and stochastic programming, Math. Oper. Res., 18 (1993), pp. 148-162.

. J. KLEYWEGT, A. SHAPIRO, AND T. HOMEM-DE MELLO, The sample average approximation

method for stochastic discrete optimization, STAM J. Optim., 12 (2002), pp. 479-502.

. KovAL, A. ALEXANDERIAN, AND G. STADLER, Optimal experimental design under irreducible

uncertainty for linear inverse problems governed by PDEs, Inverse Problems, 36 (2020).

. L’ECUYER, Efficiency improvement and variance reduction, in Proceedings of the Winter

Simulation Conference, IEEE, 1994, pp. 122-132.


https://gitlab.com/ahmedattia/doerl
https://gitlab.com/ahmedattia/doerl
https://arxiv.org/abs/2007.14476

(35]

(36]

[54]
[55]

[56]

STOCHASTIC LEARNING FOR BINARY OPTIMIZATION B427

W.-K. Mak, D. P. MorTON, AND R. K. WooD, Monte Carlo bounding techniques for deter-
mining solution quality in stochastic programs, Oper. Res. Lett., 24 (1999), pp. 47-56.

I. M. NAVON, Data assimilation for numerical weather prediction: A review, in Data Assimi-
lation for Atmospheric, Oceanic and Hydrologic Applications, Springer, New York, 2009,
pp. 21-65.

A. NEMIROVSKI, A. JUDITSKY, G. LAN, AND A. SHAPIRO, Robust stochastic approximation

approach to stochastic programming, STAM J. Optim., 19 (2009), pp. 1574-1609.
NOCEDAL AND S. WRIGHT, Numerical Optimization, Springer, New York, 2006.

. PAzMAN, Foundations of Optimum Ezperimental Design, D. Reidel, Boston, 1986.

. PETRA AND G. STADLER, Model Variational Inverse Problems Governed by Partial Differ-
ential Equations, Technical report 11-05, The Institute for Computational Engineering and
Sciences, The University of Texas at Austin, 2011.

F. PUKELSHEIM, Optimal Design of Experiments, John Wiley & Sons, New York, 1993.

S. J. REpDpI, S. SrRA, B. P6czos, AND A. SMOLA, Fast Incremental Method for Nonconvex

Optimization, preprint, https://arxiv.org/abs/1603.06159, 2016.

H. ROBBINS AND S. MONRO, A stochastic approzimation method, Ann. Math. Statist., 22 (1951),
pp. 400-407.

S. SAGER, H. G. Bock, AND M. DIEHL, The integer approzimation error in mized-integer
optimal control, Math. Program., 133 (2012), pp. 1-23.

A. K. SAIBABA, A. ALEXANDERIAN, AND I. C. IPSEN, Randomized matriz-free trace and log-
determinant estimators, Numer. Math., 137 (2017), pp. 353-395.

M. ScumipT, N. LE ROUX, AND F. BACH, Minimizing finite sums with the stochastic average
gradient, Math. Program., 162 (2017), pp. 83-112.

A. SHAPIRO, Asymptotic analysis of stochastic programs, Ann. Oper. Res., 30 (1991), pp. 169
186.

J. C. SpPALL, Introduction to Stochastic Search and Optimization: Estimation, Simulation, and
Control, Wiley Ser. Discrete Math. Optim. 65, John Wiley & Sons, New York, 2005.

A. SPANTINI, A. SOLONEN, T. Cui, J. MARTIN, L. TENORIO, AND Y. MARZOUK, Optimal low-
rank approzimations of Bayesian linear inverse problems, SIAM J. Sci. Comput., 37 (2015),
pp. A2451-A2487.

R. S. SurToN, D. A. MCALLESTER, S. P. SINGH, AND Y. MANSOUR, Policy gradient methods
for reinforcement learning with function approzimation, in Proceedings of Advances in
Neural Information Processing Systems, 2000, pp. 1057-1063.

A. TARANTOLA, Inverse Problem Theory and Methods for Model Parameter Estimation, SIAM,

Philadelphia, PA, 2005.

. UcIiNsK1, Optimal sensor location for parameter estimation of distributed processes, Internat.
J. Control, 73 (2000), pp. 1235-1248.

U. ViLLA, N. PETRA, AND O. GHATTAS, hIPPYlib: An extensible software framework for large-
scale inverse problems governed by PDEs: Part 1: Deterministic inversion and linearized
Bayesian inference, ACM Trans. Math. Software, 47 (2021), pp. 1-34.

R. J. WiLL1AMS, Simple statistical gradient-following algorithms for connectionist reinforce-
ment learning, Mach. Learn., 8 (1992), pp. 229-256.

L. A. WoLsSEY AND G. L. NEMHAUSER, Integer and Combinatorial Optimization, Wiley Ser.
Discrete Math. Optim. 55, John Wiley & Sons, New York, 1999.

J. Yu, V. M. ZAVALA, AND M. ANITESCU, A scalable design of experiments framework for
optimal sensor placement, J. Process Control, 67 (2018), pp. 44-55.

Z =

o


https://arxiv.org/abs/1603.06159

	Introduction
	OED for Bayesian inversion
	Stochastic learning approach for binary optimization
	Stochastic formulation of the OED binary optimization problem
	Benefits of the stochastic formulation
	Approximately solving the stochastic optimization problem
	Convergence analysis
	Analysis of the exact stochastic optimization problem
	Analysis of stochastic steepest-descent algorithm

	Variance reduction: Introducing the baseline
	On the choice of the baseline
	Complete algorithm statement

	Computational considerations

	Numerical experiments
	Results for a two-dimensional problem
	Experimental setup for an advection-diffusion problem
	The OED optimization problem
	Numerical results with advection-diffusion model
	Results without penalty term
	Results with sparsity and fixed-budget constraints
	The initial policy and the optimality gap
	Performance and scalability
	Results with various learning rates


	Discussion and concluding remarks
	Appendix A. Multivariate Bernoulli distribution
	Appendix B. Proofs of theorems and lemmas discussed in subsec:convergenceanalysis
	Acknowledgment
	References

