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Abstract

In multi-agent coverage control problems, agents navigate their environment to reach loca-
tions that maximize the coverage of some density. In practice, the density is rarely known a
priori, further complicating the original NP-hard problem. Moreover, in many applications,
agents cannot visit arbitrary locations due to a priori unknown safety constraints. In this
paper, we aim to efficiently learn the density to approximately solve the coverage problem
while preserving the agents’ safety. We first propose a conditionally linear submodular
coverage function that facilitates theoretical analysis. Utilizing this structure, we develop
MACOPT, a novel algorithm that efficiently trades off the exploration-exploitation dilemma
due to partial observability, and show that it achieves sublinear regret. Next, we extend
results on single-agent safe exploration to our multi-agent setting and propose SAFEMAC
for safe coverage and exploration. We analyze SAFEMAC and give first of its kind results:
near optimal coverage in finite time while provably guaranteeing safety. We extensively
evaluate our algorithms on synthetic and real problems, including a bio-diversity monitoring
task under safety constraints, where SAFEMAC outperforms competing methods.
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1. Introduction

In multi-agent coverage control (MAC) problems, multiple agents coordinate to maximize
coverage over some spatially distributed events. Their applications abound, from collabora-
tive mapping [1], environmental monitoring [2], inspection robotics [3| to sensor networks [4].
In addition, the coverage formulation can address core challenges in cooperative multi-agent
RL [5], e.g., exploration [6], by providing high-level goals. In these applications, agents often
encounter safety constraints that may lead to critical accidents when ignored, e.g., obstacles

|7] or extreme weather conditions |8, 9].
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Deploying coverage control solutions in the real world presents many challenges: (7)
for a given density of relevant events, this is an NP hard problem [10]; (4i) such density is
rarely known in practice [2| and must be learned from data, which presents a complex active
learning problem as the quantity we measure (the density) differs from the one we want
to optimize (its coverage); (iii) agents often operate under safety-critical conditions, |7-9],
that may be unknown a priori. This requires cautious exploration of the environment to
prevent catastrophic outcomes. While prior work addresses subsets of these challenges (see
Section 7), we are not aware of methods that address them jointly.

This work makes the following contributions toward efficiently solving safe coverage
control with a-priori unknown objectives and constraints. Firstly, we model this multi-agent
learning task as a conditionally linear coverage function. We use the monotonocity and the
submodularity of this function to propose MACOPT, a new algorithm for the unconstrained
setting that enjoys sublinear cumulative regret and efficiently recommends a near-optimal
solution. Secondly, we extend GOOSE |[11], an algorithm for single agent safe exploration,
to the multi-agent case. Combining our extension of GOOSE with MACOPT, we propose
SAFEMAC, a novel algorithm for safe multi-agent coverage control. We analyze it and show it
attains a near-optimal solution in a finite time. Finally, we demonstrate our algorithms on a
synthetic and two real world applications: safe biodiversity monitoring and obstacle avoidance.
We show SAFEMAC finds better solutions than algorithms that do not actively explore the
feasible region and is more sample efficient than competing near-optimal safe algorithms.

2. Problem Statement

We present the safety-constrained multi-agent coverage control problem that we aim to solve.
Coverage control. Coverage control models situations where we want deploy a swarm of
dynamic agents to maximize the coverage of a quantity of interest. Formally, given a finite!
set of possible locations V, the goal of coverage control is to maximize a function F : 2" — R
that assigns to each subset, X C V, the corresponding coverage value. For K agents, the
resulting problem is arg maxy.|x|<x F(X).

Sensing region. Depending on the application, we may use different definitions of F'. Here,
we model cases where agent i at location ¢ covers a limited sensing region around it, D".
While D? can be any connected subset of V, in practice it is often a ball centered at z°.
Given a function p : V' — R denoting the density of a quantity of interest at each v € V,
our coverage objective is

P V)= 3 3 pw)/N, 1)

rie X veDi—

where D~ := D*\ D¥~! indicates the elements in V covered by agent i but not by agents
1:4—1, and N is the largest number of elements in V' covered by a sensing region.

Safety. In many real-world problems, agents cannot go to arbitrary locations due to safety
concerns. To model this, we introduce a constraint function ¢ : V' — R and we consider safe all
locations v satisfying g(v) > 0. Such constraint restricts the space of possible solutions of our
problem in two ways. First, it prevents agents from monitoring from unsafe locations. Second,
depending on its dynamics, agent ¢ may be unable to safely reach a disconnected safe area

1. Continuous domains can be handled via discretization



(a) Disconnected safe regions (b) Hlustration of multi-agent GOOSE

Figure 1: a) Agents are partitioned into two batches. Agent 1 cover D*(green), 2 cover D>~
(orange) & 3 cover D3~ (yellow). b) SAFEMAC sets a goal x{"'Vi in the optimistic set. It forms
a expander region (dark blue) to safely expand the pessimistic safe set, S¥, towards the goal.

starting from z, see Fig. la. We denote with REq({xé}) the largest safely reachable region
starting from z§), and with B a collection of batches of agents such that all agents in the same
batch B share the same safely reachable set, Vi, j € B : Req({xé}) N Req({xé}) # (), see Ap-
pendix B for formal definitions. Based on this, we define the safely reachable control problem

max  F(XPp, R, (X3)), (2)
%XBERSq(Xf) g\ 0

where, X = {z}}icp are the starting locations of all agents in B and Req(XéB) =
Use BREq({xB}) indicates the largest safely reachable region from any point xy for all 7 in B.
Unknown density and constraint. In practice, the density p and the constraint ¢ are
often unknown a priori. However, the agents can iteratively obtain noisy measurements of
their values at target locations. We consider synchronous measurements, i.e., we wait until all
agents have collected the desired measurement for the current iteration before moving to the
next one. Here, we focus on the high-level problem of choosing informative locations, rather
than the design of low-level motion planning. Therefore, our goal is to find an approximate
solution to the problem in Eq. (2) preserving safety throughout exploration, i.e., at every
location visited by the agents, while taking as few measurements as possible in case the
dynamics of the agents are deterministic and known as in [11].

3. Background

Submodularity. Optimizing a function defined over the power set of a finite domain, V,
scales combinatorially with the size of V' in general. In special cases, we can exploit the
structure of the objective to find approximate solutions efficiently. Monotone submodular
functions are one example of this.

A set function F : 2V — R is monotone if for all A C B C V we have F(A) < F(B). It
is submodular if Yv € V'\ B, we have, F(AU{v}) — F(A) > F(BU{v}) — F(B). In coverage
control, this means adding v to A yields a larger or equal relative coverage improvement
than adding v to B, if A C B. Crucially, [12] guarantees that the greedy algorithm produces
a solution within a factor of (1 — 1/e) of the optimal solution for problems of the type
argmax x| x|<x £’ (X;p, V), when F is monotone and submodular. In practice, the greedy
algorithm often outperforms this worst-case guarantee [13|. The coverage function in Eq. (1)
is a conditionally linear, monotone and submodular function (proof in Appendix C), which
lets us use the results above to design our algorithm for safe coverage control.



Assumptions. We make regularity assumptions for p and ¢, which let us model them using
Gaussian Processes (GP) [14]. For details, see Apx. A.1. In the next sections, we discuss
MACOPT and defer the algorithm, analysis and results of SAFEMAC to the Appendix A.

4. MaCOpT: unconstrained multi-agent coverage control

Greedy sensing regions. In sequential optimization, it is crucial to balance exploration
and exploitation. GP-UCB [15] is a theoretically sound strategy to strike such a trade-off that
works well in practice. Agents evaluate the objective at locations that maximize an upper con-
fidence bound over the objective given by the GP model such that locations with either a high
posterior mean (exploitation) or standard deviation (exploration) are visited. We construct
a valid confidence upper bound for the coverage F'(X) starting from our confidence intervals
on p, by replacing the true density p with its upper bound u in Eq. (1). Next, we apply the
greedy algorithm to this upper bound (Line 3 of Algorithm 1) to select K candidate locations
for evaluating the density. Unfortunately, this exploration strategy may perform poorly. This
is because, to reduce the uncertainty over the coverage F' at X, we must learn the density p at
all locations inside the sensing region, U{ilDi, rather than simply at X. We say ours is a par-
tial monitoring problem, where the objective F' differs from the quantity we measure, i.e., the
density p. Next, we explain how to choose locations where to observe the density for a given X.
Uncertainty sampling. Given the next locations for the agents, X, we measure the density
to learn efficiently about F'(X). Intuitively, agent 7 learns the density where the uncertainty is
highest within the area it covers that is not covered by agents {1,...,i—1}, i.e., Di_ (Line 4).
Stopping criterion. The algorithm should terminate when a near-optimal solution is
achieved. Intuitively, this occurs when the uncertainty about the coverage value of the
greedy recommendation is low. Formally, we require the sum of the uncertainties over the
sampling targets, w, = Efil uf (") =17 (2"), to be below a threshold, €, (Line 2).
Importantly, this stopping criterion requires the confidence intervals to shrink only at regions
that potentially maximize the coverage.

MACOPT. Now, we introduce MACOPT (Algorithm 1). At round ¢, we select the sensing
locations for the agents, X;, by greedily optimizing the upper confidence bound of the
coverage. Then, each agent i collects noisy density measurements at the points of highest
uncertainty within th‘—. Finally, we update our GP over the density and, if the sum of
maximum uncertainties within each sensing region is small, we stop the algorithm.

5. Analysis

MaCOpPT. To measure the progress of MACOPT, we study its regret, i.e., the difference
between its solution and the one we could find if we knew the true density. Since control
coverage consists in maximizing a monotone submodular function, we cannot compute the
true optimum even for known densities. However, we can efficiently find a solution that is
at least (1 — 1/e) within the optimum. Thus, we quantify performance using the following
notion of cumulative regret,
1 I T
Regar(T) = (1= =) Y _F(Xu5p,V) = > F(Xip,V), (3)

e
t=1 t=1

where F(X,; p, V) is the optimal coverage. We now state one of our main results, which guaran-
tees that the cumulative regret of MACOPT grows sublinearly in time (proof in Appendix E).
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Algorithm 1 MACOpT

1: Inputs Xo, ¢,, V, GP,,t + 1
2: while w; > ¢, do
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(a) Gorilla Nests  (b) Coverage MACOPT VS UCB

Figure 2: a) Contours show the Gorilla nests dist-
ribution with weather constraints marked by the
black dashed line, and its contours with grey dash-
ed line. b) MACOPT in the Gorilla environment.

WD, up_y (z]") =17 (=)
Vi, b, = p(x{")+1,, Update GP
t+—t+1

: Recommend X;

Theorem 1 Let § € (0,1) and B° as in [16], i.c., B{** = B, + 40,0/ V5, +1n(1/6). With
probability at least 1 — §, MACOPT s regret defined in Eq. (3) is bounded by O(/TByhr),

8T BP.~F
Prl Regua(T) < 6\ | —2000kr Loy g ©
log(1+ Ko, ~)

The proof of 1 builds on two key ideas. First, we exploit the conditional linearity of the
submodular objective to bound the cumulative regret defined in Eq. (3) with a sum of per
agent regrets. Secondly, we bound the per agent regret with the information capacity V5,
a quantity that measures the largest reduction in uncertainty about the density that can
be obtained from KT noisy evaluations of it. Since ¥4 [17| grows sublinearly with T for
commonly used kernels, so does MACOPT’s regret in Eq. (6). The immediate corollary of
the above theorem, when the MACOPT stopping criteria is reached (Line 2 of Algorithm 1)
guarantees a near optimal solution up to €, precision.

*

* : th 8K?
Corollary 1 Let ty be the smallest integer, Bires < g1t ko2

such that w.h.p, MACOPT terminates and achieves, F(Xy;p, V) > (1 — %)F(X*; p, V) —e€p.

>, then there exists a t < t*
€ p

6. Experiments

We compare MACOPT and SAFEMAC (Appendix A) to existing methods on synthetic and real-
world problems. We validate our theoretical claims and observe their superiority. We briefly
discuss the Gorilla environment and refer reader to Appendix A, H for the synthetic, the
obstacle and the constrained Gorilla experiment setups along with extended empirical analysis.
Gorilla nest environment. We simulate a bio-diversity monitoring task, where we aim
to cover areas with high density of gorilla nests with a quadrotor in the Kagwene Gorilla
Sanctuary (Fig. 2a). The nest density is obtained by fitting a smooth rate function [18] over
Gorilla nest counts [19]. We perform our experiments with K = 3 agents in a 34 x 34 grid
world. Each agent’s disk is defined as the region an agent can reach in » = 5 steps in the
defined grid. We normalize coverage with a maximum value > ¢ g (x,) P(v)/N.

MACOPT. We compare MACOPT to UCB, a baseline that skips the uncertainty sampling step
from Section 4 and obtains measurements at locations as per GREEDY sensing region. Fig. 2b



shows comparison in the gorilla environment on a day of good weather, i.e., when everywhere
is safe. We see that UCB gets stuck in a local optimum as it does not reduce the uncertainty
of the density, whereas MACOPT explores more and achieves a higher coverage value.

7. Related work

Our work is at the intersection of multiple fields. This section highlights the most relevant con-
nections to them but is not an exhaustive overview (we reference surveys whenever possible).
Bayesian optimization. In BO, an agent evaluates an objective at a sequence of inputs to
maximize it [20]. In contrast, in our setting the quantity we measure differs from our objective.
Partial monitoring [21| addresses this kind of issues with randomized algorithms rooted in
information theory [22, 23]. In coverage control with unknown density, this challenge is often
addressed by learning the density uniformly over the domain |24, 25|. In contrast, MACOPT
learns the density only at promising locations.

Coverage control. MaC with known densities is a well-studied NP hard [26] problem.
Many algorithms use efficient heuristics to converge quickly to a local optimum. One popular
strategy is Lloyd’s algorithm [27]|, which has been studied in different settings, e.g., with
known densities |28, 29|, a-priori unknown densities |25, 30-32], taking into account agent’s
dynamics and constraints [33], or in case of non-identical robots [34]. These methods apply
to continuous state and action space and show convergence to a local optimum but lack
optimality guarantees |24, 25, 33| and do not provide sample complexity bounds. Moreover,
their extension to non-convex, disconnected domains is not trivial [35].

Submodular optimization. Online submodular maximization aims at optimizing unknown
submodular functions from noisy measurements. It has multiple applications, including
optimization of numerical solvers [36] and information gathering [37]. Mainly related to ours
is the work in [38]|, which proposes an algorithm for contextual news recommendation for
linear user preferences with strong regret guarantees. In contrast to that setting, we consider
dynamic agents and have access to partial feedback.

Safety. Depending on the safety formulation and the assumptions, many algorithms have
been proposed for safe learning in dynamical systems [39-48|. In the setting related to us, i.e.,
one with a-priori unknown constraints, there exists safe exploration algorithms that leverage
regularity and establish safety and optimality guarantee for the BO case [49, 50| and further
extended to the MDP case [51, 52|. All these approaches may be sample inefficient as they
may explore the constraint in regions not relevant to the objective. GoOSE [11] addresses this
problem for both BO and MDP cases. The only work in this context that addresses multi-agent
problems is [53]. However, they have a different objective and do not have safety guarantees.

8. Conclusion

We present two novel algorithms for multi-agent coverage control in unconstrained (MACOPT)
and safety critical environments (SAFEMAC). We show MACOPT achieves sublinear cumulative
regret, despite the challenge of partial observability. Moreover, we prove SAFEMAC achieves
near optimal coverage in finite time while navigating safely. We demonstrate the superiority
of our algorithms in terms of sample efficiency and coverage in real-world applications such as
safe biodiversity monitoring. We dedicated this paper to choosing informative goal locations.
In future, we plan to extend this work to plan informative trajectories as well.
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Appendix A. SAFEMAC
A.1 Background

Goal-oriented safe exploration. GOOSE [11] is a single-agent safe exploration algorithm
that extends unconstrained methods to safety-critical cases. Concretely, it maintains an
under and an over approximation of the feasible set, known as the pessimistic and optimistic
safe sets. It preserves safety by restricting the agent to the pessimistic safe set. It efficiently
explores the objective by letting the original unconstrained algorithm recommend locations
within the optimistic safe set. If such recommendations are provably safe, the agent evaluates
the objective there. Otherwise, it evaluates the constraint at a sequence of safe locations
to prove that such recommendation is either safe, which allows it to evaluate the objective,
or unsafe, which triggers the unconstrained algorithm to provide a new recommendation.
Assumptions. To guarantee safety, GOOSE makes two main assumptions. First, it assumes
there is an initial set of safe locations, Xj, from where the agent can start exploring. Second,
it assumes the constraint is sufficiently well-behaved, so that we can use data to infer
the safety of unvisited locations. Formally, it assumes the domain V is endowed with a
positive definite kernel k9(-,-), and that the constraint’s norm in the associated Reproducing
Kernel Hilbert Space |54] is bounded, ||g||za < B;. This lets us use Gaussian Processes
(GPs) [|14] to construct high-probability confidence intervals for q. We specify the GP
prior over ¢ through a mean function, which we assume to be zero everywhere w.l.o.g.,
wu(v) =0,Vv € V, and a kernel function, k, that captures the covariance between different
locations. If we have access to T measurements, at Vi = {v;}]_; perturbed by i.i.d. Gaussian
noise, yr = {q(v¢) + n}l_, with n ~ N(0,0%), we can compute the posterior mean and
covariance over the constraint at unseen locations v, v’ as uz(v) = kg (v)(K7 +02I) " 'yr and
ki(v,0") = k(v,0') — ki (v) (K7 + 021) Yk (v'), where kr(v) = (k(v1,v), ..., k(vr,v)), K7 is a
the positive definite kernel matrix [k(v,v)]yvrevy and I € RTXT denotes the identity matrix.
In this work, we make the same assumptions about the safe seed and the regularity of ¢ and p.
Approximations of the feasible set. Based on the GP posterior above, GoOSE
builds monotonic confidence intervals for the constraint at each iteration ¢ as If(v) =
max{ll, (), il (v) — Bo?, (v)} and ul(v) == min{ul_ (z), uf_,(v) + Blo?_ (v)}, which
contain the true constraint function for every v € V and ¢ > 1, with high probability if 8} is
selected as in [16] or Section 5. GOOSE uses these confidence intervals within a set S C V
together with the Lipschitz continuity of ¢ to define operators that determine which locations
are safe in a worst and best case scenarios,

p(S)={v eV, |3z € S:1%z) — Lgd(v, z) > 0}, (4)
0,°(S) ={veV,|3z€ 8 :ul(z) — e, — Lyd(v,2) > 0}. (5)

Notice the pessimistic operator relies on the lower bound, 19, while the optimistic one on the
upper bound, u?. Moreover, the optimistic one uses a margin ¢, to exclude "barely" safe
locations as the agent might get stuck learning about them. Finally, to disregard locations
the agent could not safely reach or from where it could not safely return, GoOSE introduces
the Re&°dic(. ) operator. Re&°dic(p (S), S) indicates locations in S or locations in p,(S)
reachable from S and from where the agent can return to S along a path contained in p,(.5).
Combining p,(S) and Re"#°dic(. ) GoOSE defines the pessimistic and ergodic operator P,(-),
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which it uses to update the pessimistic safe set. Similarly, it defines O,(-) using o0;"(-) to
compute the optimistic safe set.

A.2 SAFEMAC: safety-constrained multi-agent coverage control

Intuition. We adopt a perspective similar to GOOSE as we separate the exploration of the
safe set from the maximization of the coverage. Given an over and under approximation
of the safe set (whose computation is discussed later), we want to explore optimistically
optimal goals for each agent, similar to MACOPT. To this end, we find the maximizers of
the density upper bound in the optimistic safe set with the GREEDY algorithm. Then, we
define sampling goals to learn the coverage at those locations.

Phases of SAFEMAC. Coverage values depend both on the density and the feasible region
(Eq. (2)). Thus, there are two sensible sampling goals given a disk assignment: i) optimistic
coverage: if we are uncertain about the density within the disks, we target locations with the
highest density uncertainty (Line 6 of Algorithm 2); ii) optimistic exploration: if we know
the density within the disk but there are locations under it that we cannot classify as either
safe (in SP) or unsafe (in V' \ S%), we target those with the highest constraint uncertainty
among them (Line 8). If all the goal locations are safe with high probability, which can only
happen during optimistic coverage, we safely evaluate the density there (Line 19). Otherwise,
we explore the constraint with a goal directed strategy that aims at classifying them as either
safe or unsafe similar to GOOSE (Line 9-12). In case this changes the topological connection
of the optimistic feasible set, we recompute the disks as this may change GREEDY’s output
(Line 15-17). We repeat this loop until we know the feasibility of all the points under the
disks recommended by GREEDY and their density uncertainty is low (Line 4). Next, we
explain how the multiple agents coordinate their individual safe regions to evaluate a goal
(MACOPT in batches), how the agents progress toward their goals (safe expansion) and finally
we describe SAFEMAC convergence.

MACOPT in batches. In the multi-agent setting of GoOSE (see Fig. 1b), each agent 4
maintains Sf’i a pessimistic (or S;"”" an optimistic) belief of the safe locations, obtained
by iteratively applying P;(-) the pessimistic ( or O,(-) the optimistic) ergodic operators
(see Section 3) to the previous pessimistic belief Sffl (Line 11 of Algorithm 2). Since the
agents cannot navigate to an arbitrary location in the constrained case, SAFEMAC computes
coverage maximizers on a restricted region, obtained by ignoring the known unsafe locations.
To denote such a restricted region, we define a union set S;"* := S;"“”* U S/**, which is the
largest set known to be optimistically or pessimistically safe up to time t. Moreover, if the
agents are topologically disconnected, they cannot travel from one safe region to another and
the best strategy for any batch of agents is to maximize coverage locally. For this, we form a
collection of batches By, such that any batch B € B; contains agents that lie in topologically
connected regions determined by the union set (Line 13-14 ). SAFEMAC computes a GREEDY
solution for each B € B; in their corresponding S;“"B = UiGBSf’i. This is the largest set
where the agents can find an optimistically safe path to travel. Analogous to B, we define BY
as collection of batches where any B € B! contains agents which are topologically connected
in pessimistic set and Sf’B = UieBSf’i.

Safe expansion. Safe expansion is the sub-routine inspired by GoOSE for goal-oriented
exploration of the safe set that we use to learn about the feasibility of sampling targets.
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It uses a heuristic h to assign priority scores p to points that are optimistically but not
pessimistically safe. Those determine locations whose feasibility is relevant to learn that
of the sampling targets ( Line 2 of Algorithm 4). A simple and effective choice for the
heuristic is the inverse of the distance to the targets. Then, it identifies safe locations where
the constraint is not yet known ej-accurately (Line 3). Among them, it determines the
a-immediate expanders, i.e., those that could potentially add locations with priority « to the
pessimistic set, G}*(a) = {v € W/*|3z € Ay(a) : uf — Lyd(v,x) > 0}. In Line 4, it selects
the non-empty a-expander set with the highest priority. In Line 6 - 7, the agent evaluates
the constraint at the location with the highest uncertainty in this set (see |11] for details).

SAFEMAC convergence. The optimistic coverage phase switches to optimistic exploration
phase, when density uncertainty is under the disks is low (w; < €,). In the exploration, either
the topological connection of the optimistic feasible set changes or will classify the uncertain
region as pessimistically safe. In the former case, SAFEMAC will recompute a new coverage lo-
cation and switch to the coverage phase. Alternatively, if the uncertain region is pessimistically
safe, SAFEMAC is said to be converged since the density uncertainty in the exploration phase
is already low. The phases show an interesting dynamics; SAFEMAC continuously iterates
between the optimistic exploration and the optimistic coverage phase until we know about the
feasibility of the disk and their uncertainty is low. In the worst case, SAFEMAC might explore
the entire environment. In this case the sample complexity will be similar to a two-stage
algorithm, where we explore the whole domain and then optimize coverage in the resulting
known environment.However, in practice, SAFEMAC is much better than this worst case.

A.3 Analysis

SAFEMAC. This section presents our main result for safety-constrained multi-agent coverage
control. In particular, Theorem 2 (proof in Appendix F) guarantees that SAFEMAC safely
achieves near-optimal safe coverage in finite time.

Theorem 2 Let § € (0,1) and B as in [16], i.e., Bfl/2 =B, + 4ap\/’yf<t +1+1In(1/9)

and t7 be the smallest integer such that ﬁt;;frpm;, > 1og(1ff<(2—2)eg- Let B3} and ty be defined
analogously. Then, there exists t <ty + 7, such that with probability at least 1 —§
_ 1 _
> FXFip Ro(Xg)) = (1= 2) Y F(X75p, B, (X)) = €. (7)
BeB; BeB

The theoretical analysis has two components: (i) we show SAFEMAC’s coverage is near-
optimal at convergence (Lem. 12), and (i) we prove it converges in finite time. Since
SAFEMAC learns the constraint and the density, we must bound the sample complexity for
both to prove (ii). For the constraint, we extend the results for single-agent GoOSE to our
multi-agent setting (Appendix G).

For the density, we use results from Theorem 1 to show that, within a coverage phase,
the cumulative regret is sublinear. Next, we use additivity of the information gain (Lem. 16)
between any pair of coverage phases to bound the sample complexity of density for the
subsequent coverage phases. Combining these results, we obtain Theorem 2.
Intermediate recommendation. Theorem 2 guarantees SAFEMAC converges to a safe
and near-optimal solution. Can it also make sensible recommendations before the stopping
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Algorithm 2 SAFEMAC Algorithm 3 Greedy UCB (GREEDY)

1: IHPUtS X07 Lq> €p7 V GPp7 GP 1: Inputs Utpil, ltp,p B, SZJ'
2 Vi, SP — Xo, SOV, £+ 0 2: for i =1,2,...,|B| do
30 Xj,wy GREEDY(UO,lp (K], V) 3 zisarg max Z uf 1 (v)
4: while Vi, (S)“""\SP') N Di#£0 or w, > ¢, - P weDI\DyTInsy
do 4 aP' arg max uf (v) =171 (v)
5 if w, > ¢, then ”EDZ\D sy
6: Vi, "« argmaxu ;(v) — 18 {(v) 5: wy <— Zl L up_y (z gz) — 1 (x f’ )
z€Di™ 6: Return X7, w,
7 else

Vi, 2 arg max uf_y(v) =1 (v)
2E (50057 le

9:  if for anyi e [K] 9! & S then

Algorithm 4 Safe Expansion (SE)
. Inputs S;"¢, SP xf

0,60, Gy g i !
0 SRS S ) 2 Au(p) — {(vES;“\p,(57)|(v) = p}
11: Sy %Pt(Sf’ 1), SO (SP) 3 Wi {v e SPlul(v) — 19(v) > eg}
12: tt+1 ‘ ‘ 4: o + max, s.t. |G (a)] >0
13: Vi, Bi(i) = {j € [K]|S;"" NS # 0} 5. if Optimization problem feasible
4 By = Ui Bid) then
15: if for any B € By, S;" B + Su | then 6:  v—arg maxveG:q(a*)ug(v)—lg(v)
16: X,, w;, < GREEDY(u!_,,ul_|, B, S"P) 7. Update GP with y = q(vt) + g
17: Vi, z0"—argmax uf_|(v) — 17| (v)

z€D;~

18 if Vi, 29" € S and w, > ¢, then
19: Vi,yzt = p(z") + 1n,, Update GP
20: update GP i.e, compute u?,I{
21: t+—1t+1
22: X,w, — GreEDY(ul_ |, uf_|,B,S"%)

23: Recommend X;
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criteria are met? Ideally, such recommendations should (7) be safely reachable and (i) ensure
a minimum coverage. To satisfy (i), they should be in the pessimistic safe set, S?. To satisfy
(i7), their coverage should be computed according to F(-;1f_;, S?), i.e., assuming a worst-case
density, I ;, and a worst-case feasible set, S}. If the greedy recommendation X; is in S?, we
can recommend it at intermediate steps. However, this is not always the case and we need
an alternative. To this end, we compute Xf’B, i.e., the greedy solution w.r.t. the worst-case
objective, F (17, Sf’B) VB € BY. At any time T', SAFEMAC recommends the best of either
strategy up to time T according to the worst-case objective.

In Appendix F.1, we show that such recommendation is also near optimal at convergence.

A.4 SAFEMAC experiments

Environments. Below, we present the 3 environments we consider.

i) In synthetic data, both the density p and the constrain ¢ are sampled from a GP
with zero mean and Matérn Kernel with v = 2.5, scale o = 1, and lengthscale [ = 2. The
observations are perturbed by i.i.d noise N(0,1073).

ii) In obstacles, we sample maps with several block-shaped obstacles (Fig. 5a) and we
alm to maximize coverage while avoiding dangerous collisions. At v, each agent senses the
distance to the nearest obstacle d,,(v), which could be given by sensors such 1D-Lidars. We
use ¢'(v) = 1/(1 + exp(—1.5d,,(v))), to map the distance between [0, 3] and saturate the
constraint value for large distances, and we set ¢(v) = ¢’(v) — 0.5 to avoid collisions. The
density is sampled from the same GP as the synthetic case.

iii) In gorilla nest, the Kagwene Gorilla Sanctuary (Fig. 2a) has regions affected by

adverse weather (e.g. rain and storms) which are unsafe for the drone due to higher chances
of crashes and should be avoided. This forms a constrained case of gorilla nest environment
explained in Section 6. As a proxy for bad weather, we use the cloud coverage data over the
KGS from OpenWeather [55].
SAFEMAC. We compare SAFEMAC with two baselines, i) a two-stage algorithm [52|, that
first fully explores the feasible region, and then uses MACOPT to maximize the coverage
ii) PAsSIVEMAC, a baseline inspired by [49] that runs MACOPT in the pessimistic set and
passively measures the constraint in the process. Figs. 3a and 3b show the coverage at
convergence and the number of samples to converge for SAFEMAC and the two baselines across
all the environments. PassSIvVEMAC converges quickly but gets stuck in a local optimum as it
does not actively explore the constraint. SAFEMAC and Two-Stage converge to much higher
coverage values. However, SAFEMAC is more sample efficient thanks to its goal-oriented
exploration. The results are averaged over 50 instances produced using different seeds and
samples for every environment. Fig. 3¢ shows the coverage value of the intermediate safe
recommendations (Section 5) in the gorilla environment as a function of the number of
samples. It confirms the previous results: SAFEMAC finds solutions comparable to Two-Stage
more efficiently and PasstvEMAC gets stuck in a local optimum.
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Figure 3: Comparison of SAFEMAC with PassivEMAC and Two-Stage in all environments at
convergence (a) and (b) and during optimization for the gorilla environment in (c).

Appendix B. Definitions
B.1 Notations

Problem Formulation

F £ Submodular function, F': 2V = R
V 2 Domain
v 2 An element in the domain V'
F(X;p,V) £ Coverage objective defined in Eq. (1)
i £ Agent index
p £ Density function, p: V — R
¢ £ Constraint function, ¢: V — R
D’ £  Sensing region around agent i
Dl £ U§'=1Dj , union of sensing regions of agents 1 : ¢
D= & D'\ DY region occupied by agent i, but not by 1:i —1
agents
D' 2  Sensing region occupied by greedy optimal location of agent
Di— A I})z \ pli—1
N £ Largest number of elements in D? for any z' € V/
K £ Total number of agents
Batch Operation
B £ A batch of agents, {1,2...|B|}
(i) 2 {je[K]|S" NS + 0}, agents connected in union set with
agent 7
B, = Uier Bi(@). Collection of batches sharing the union set.
B £ Collection of batches sharing the largest reachable set
(R, (XE)
BY £  Collection of batches sharing the pessimistic set
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lI>

(1>

X Notations
Planned location of agent ¢ at time ¢
Goal of agent ¢ at time ¢, defined by Line 6 and Line 8 in
Algorithm 2
Greedy optimal location of agent ¢, Eq. (19)
Uieig){t}, A set of agents at time ¢
Uiep{x}}, A set of agents in batch B at time ¢
Optimal location of agents in batch B
UpeX?P
A set of agents 1 to ¢
A set of 1: K agents’ goal locations up to time T'

Density (p) and Constraint (¢) GP
Lower confidence bound of the constraint at time ¢

Upper confidence bound of the constraint at time ¢

Scaling, defined as per [16]

Lipschitz constant

Statistical confidence up to which constraint function ¢ is
learnt

Distance metric

Standard deviation of constraint observations noise
Posterior standard deviation of constraint GP

Norm bound of the constraint function, ||¢||xe < By

Noise in constraint observations

Lower confidence bound of the density at time ¢

Upper confidence bound of the density at time ¢

Scaling, defined as per [16]

S uf (@) =17 (x2"), sum of highest uncertainty below
disks

Accuracy threshold for learning the density, w <,
Posterior standard deviation of denisty GP

Standard deviation of density observations noise

Norm bound of the density function, ||p||z < B,

€ (0,1) for high probability argument

Shannon entropy

H(ya) — H(ya|p), Information gain

Information capacity

supacyI(Ya;p), A is set of KT obs. vppi= VKT, p is clear
inT.

supacy I (Yasq), A is set of KT obs. %= vkr,,q is clear
inT.

Trace of a Matrix
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Posterior kernel matrix with density observations
Eigenvalue of the kernel matrix
Noise in the density observations

Time
Any round of the algorithm
Time at which the algorithm gets terminated
Maximum number of constraint observations
Maximum number of density observations
Maximum number of density observations for the first cover-
age phase
Maximum number of density obs. from (n — 1) to n'"
coverage phase
Number of density obs. from (n — 1) to n!* coverage phase
Number of density obs. till nt* coverage phase

GoOSE and Safe Expansion
pessimistic operator {v € V, |3z € S : [{(z) — Lyd(v,z) > 0}
optimistic operator {v € V, |3z € S : uf(2) — e, — Lyd(v, 2) >
0}
Pessimistic expansion operator
Optimistic expansion operator

Maximum safely reachable set up to €;, Eq. (12)
Uies R, ({20})

Pessimistic set of agent i, P,(S""))

UieB Sy !

Pessimistic set of all K agents

Optimistic set of agent 1, O:q(Sffl)

UieB Sy ot

Optimistic set of all K agents

Union set, S U P

Uien S

Union set of all K agents

True safety constraint operator, Eq. (8)

n step reachability in the graph, Eq. (9)

limy, oo RE€2N(S)

n step safely reachable set in the graph, Eq. (12)
limy, 00 Ry (5)

Set of locations whose safety is not e;,-accurate, Algorithm 4
A set of potential immediate expanders, Algorithm 4
Priority, Algorithm 4

Heuristic function, Algorithm 4

Subset of locations with equal priority, Algorithm 4
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Regret

F(X) % F(X;p,V), short notation when p and V are obvious
Az XY=L p V) £ Marginal coverage gain by agent i, Eq. (17)
Al XN & A2 XL p V), short notation when p and V' are obvious
Regact(T) £ Actual regret in unconstrained case, Eq. (3)
OPT} £ Per agent cumulative optimal, Eq. (21)
Reg'(T) £ Per agent regret, Eq. (22)
orT & Y F(X,)
ract £ Simple actual regret, constrained case, Eq. (29)
r® £ Simple actual regret in union set, constrained case, Eq. (29)
r, = Simple per agent regret, constrained case, Eq. (29)
RegQ,(T) £ Cumulative actual regret, Eq. (30)
RegP(T) = Sum of cumulative per agent regret, Eq. (30)

B.2 GOoOSE operators

We denote with G = (V, €) the undirected graph describing the dependency among locations,
V indicates the vertices of the graph, i.e., the state space of the problem and £ C V x V
denotes the edges. In our setting, there are K identical agents having the same transition
dynamics. Each agent can have a separate f%eq({q:%)})

The baseline as per true safety constraint operator:

Rijfe(S) =SU{veV\S,|3z€ S:q(2) — e — Lgd(v,z) > 0} (8)

Now, we define reachability operator as all the locations that can be reached starting from
set S.

R (S) = SUu{v e V\S,|Fz € S: (2,v) € &},

Ry (8) = Ry (R0 (8)) with R (S) = R**M(S) ©)
Rreach(s) = ]1_>m R;each(s)’ (10)

For defining Req (9),

R (8) = RE%() 0 B (S)
R2(S) = R (REN(S)) with R (S) = R, (5) (1)
R.,(9) = lim R2(S) (12)

Optimistic and pessimistic constrain satisfaction operators:

0,/ (S) ={v eV, |3z € S:uf(2) — e — Lyd(v,2) > 0}
P (S)={v eV, |3z € S:1{(z) —e; — Lyd(v,2) > 0}

In this section, for simplicity, we have considered an undirected graph. This results in the
same reachability and returnability operators since the edges are bidirectional. The extension
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to the directed graph is easy by using the reachability, the returnability and the ergodic
operator. (Appendix A of Turchetta et al. [11] does it for the directed graph, so we did not
repeat it here)

The optimistic and pessimistic expansion operators are given by,

O} (8) = o;*(S) N R<h(S)
0;""(8) = 0)"(0;"(5)) with Of"(5) = O*(S)
Op"(S) = lim Oy"(S)

n—oo
Pessimistic expansion operator
P{*(S) = p,*(S) N R'*M(S)
P{*"(S) = P (P71 (9)) with P{"'(S) = P{*(S)
Pf(S) = lim P"™(S)

n—o0

This gives the optimistically and pessimistically, safe and reachable set respectively as:
S = 0y (S.1)
0
Sf = b (55—1)

Now in our setting with K agents, we denote with Sf “o! and SP ’i, the optimistic and the
pessimistic set respectively of agent 7. The union set for any agent ¢ is defined as,

Spt = Syt gpe (13)

B.3 Batching operation

For a set of agents, we partition them in batches, such that each batch B contains the agents
that share at least a node in the union set. The total collection of batches, B, is defined as,

By =,y Bil0) where Bi(i) = {j € [K]| S} N5 £ 0} (14)

Analogous to B, we define BY (or B) as collection of batches where any B € BY (or B)
contains agents which are topologically connected in the pessimistic (or maximum safely
reachable) set. Precisely,

BY =, Bili) where Bi(i) = {j € [K]| $P* 0 Sp7 # 0} (15)
B=UJ, g B(0) where B'()={j & [K]| R, ({=p}) 0 B, ({=0}) # 0} (16)

The resulting batch collection are mutually exclusive that is V By, By € B, By #
By, B1 N By = and also, ) pcp, |B] = K.
For any batch B we can define their combined union set, pessimistic set and the maximum
safely reachable set as

SiP = UiepSt, SPP = UiepSP', R, (X§) =UienR,, ({zh}).

€q
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Appendix C. Disk Coverage as a submodular function

Set functions Function F : 2" — R that assign each subset A C V a value F(A).
Discrete Derivative For a set function F : 2¥ — R, A C V, and e € V, let

Arp(elA) := F(AU{e}) — F(A) is discrete derivative of F' at A with respect to e.
Submodular functions A function F(.) is a submodular if, VA C B C V and Ve € V\B

(AU{e}) F(A) > F(BU{e}) — F(B),
Ap(e|A) > Ap(e|B).

For the disk coverage function F(A), defined in Eq. (1),

F(Xip V)= 3, D ol

rie X veDi—

We can write marignal gain as,

F(AU{e}) - = > D pw)/N=3 > p)/N

zte AU{e} veDI— i€ AveDi-
- Z Z v)/N + Z Z p(v)/N — Z Z p(v)/N
i€ AveDi~ ri€{e} veDi\ DAl ricAveDi—

=Y > /N

zie{e} ve DI\ DAl
Z Z p(v)/N  (Since, A C B, |D'\ D"4| > |D?\ DVIB]|
zie{e} veDi\ DI BI
= > D pw)/N=> > p)/N
zie BU{e} veDi~ rte BveDi—
— F(BU{e}) - F(B)
— F(AU{e}) — F(A) > F(BU{e}) — F(B)

Vv

This shows that the coverage function defined in Eq. (1) is a Submodular function.
Monotonicity is directly implied by the definition of F'(A), as an additive function of p.
Since, p(v) >0,Yv € V = F(A) < F(B),if AC B.
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Appendix D. Agent wise regret bound

In this section, we upper bound the actual ("greedy") regret with the per agent regret in the
unconstrained and the constrained case. The proof methodology to bound with per agent
regret is motivated from [38]. We first define marginal gain and agent-wise regret. Then we
give a proposition for the submodularity rate equation, which will be central to our lemmas.
Finally, we bound the actual regret with the sum of per agent regret for unconstrained and
then constrained case in

Marginal coverage gain:

A2y XY p, V) = F(X[ U e} 0, V) = F(X 5 p,V)

=D D pw/N= > > p)/N

zieX} veDi™ ziex}tveDi™

= 3 p)/N (7)

veD,ff

Using, X0 = {0}, F(X!9) = 0, it follows that,

K
S OA@XT Y p, V) = F(XFRp,V) (18)
i=1
Tilde Notations:
7 = argmax A2} X5, V) (19)

¥
Tt

Proposition 1 (Eq. (3-7), [56], Submodular rate equation) For a monotone Submod-

ular function F the following holds,

F(X*) _ F(Xlzi—l)
K )

max F(XH7H U {2'}) - F(XH7) > (20)

where X1 is the set of i agents being picked greedily and K is the number of agents in X,.

Proof Let X, = {z},..., 25}

F(X,) < F(X,uxt (With monotonicity of F)
K
= F(X¥h 4 Z INCAD G UR /el S (Telescopic sum)
F(xtth Z Az| X (Follows by Submodularity of F)
reX,
F(Xlzifl) + Z (F(Xlz) . F(Xlzifl))
xGX*
(since, 2* is added greedily to maximize A(z|X1471))
(X1 4 K(F(XY) — F(XT) (K agents in X,)
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N F(Xy) —E(Xlzi_l) < P(X") — F(XY)

The proposition follows directly since z* is added greedily to X1, |

D.1 Unconstrained case

Note that for unconstrained case domain V' and utility p is obvious, so for convenience we
use short hand notation, i.e, F'(-;p, V) = F(-) and A(-;p, V) = A(+).

Locally optimal gain. Let us define OPTli as the local optimal coverage gained by agent ¢,
given all the locations of agents 1 : 7 — 1, formally given by,

T
OPT;‘:Z(maxF(X“ LU {af}) — F(XE- 1) ZA (@)X (21)
t=1 Ty

We denote with OPT, the optimal coverage, precisely OPT = ZtT 1 F(Xy).
Per agent regret. Let us deﬁne local regret, as the difference in coverage gain in picking
state 7} vs the picked location x! (this disparity is due to not knowing the actual density)

T T
Reg'(T) = 3" A@IXFY) - Y A@i| X} = OPT} - ZA AXFTY (@22
t=1 t=1

Actual regret. The actual regret is given by,

T T

T
Regout(T) = (1 - 1) Z F(X,)— Z F(Xy)=(1- E)OPT — Z F(Xy) (23)

t=1

To prove. In this section we aim to show that actual regret bounded by sum of per agent
regret, precisely,

K
Reguet(T) < ZRegZ(T)
i=1
K ' 1 T
Z Reg"(T) > (1 — E>OPT - Z F(X}EY  (Using defi. of Regae(T) from Eq. (23))
i=1 t=1

Lemma 2 For all K agents’ local per agent regret Reg'(T), we have,

T T
S A@IXI > o (0PT 37 F(X[F) - Reg/(T) (24)
t=1 t=1
Proof
A@E) XY = max F(X}F 7 u{a')) — F(XFY (Using definition)
z
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Vv

(Using Eq. (20) from Lem. 1)

K
. T T
OPT] > — ( SR - R ) (Surm over time)
t=1 t=1
1 d :
=% (OPT - Z F(Xtm_l)) (Using definition of OPT)
t=1
T . . 1 T . 4
> AEIXY) = = (OPT = Y F(X)™Y)) = Reg!(T)
t=1 t=1

(Using def. of Reg*(T) Eq. (22))

|
Lemma 3 For any time t, Xy being the recommended location by MACOPT, we have
T 1 K ‘
Y F(X}")> (1-=)OPT = > Reg'(T) (25)
t=1 € i=1
And using definition of Regact(T') from Eq. (23), this further implies that,
K
Regaet(T) < ZR@ (26)
i=1
Proof The proof is similar to the Lemma 2 from [38]. We begin to prove by induction,
T ' 1\ i
OPT - Y F(X}) < (1 - E) OPT + Y Reg"(T) (27)

t=1 m=1

Our main goal, i.e, Eq. (25) can be proved by substituting ¢« = K and using the inequality
(1—-1/K)X <1/ein Eq. (27).

For i = 0, corresponds to no agent case. So it’s trivial.
Let’s consider gap to optimal value, when i elements are already selected,

T
§'=O0PT - F(X}7) (LHS of Eq. (27))
t=1

T i

=OPT — Z Z Az | xfmh (Sum marginal gain; Using Eq. (18))
t=1 m=1
T i-1

8l =0PT - ) A( X

t=1 m=1
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T
— Si=g"1_ Z A(xﬂth:i_l) (Subtract 6°~! from 4%)
t=1
= ) A@jXhH =61 -4 (28)
t=1

This says that the gap to optimal reduces by Zle A(wHth:i_l) after adding element x% V ¢.

zT: Az X1 > %(6"_1) — Reg'(T) (From Eq. (24) and §° definition)
t=1
— 5> %(5"—1) — Reg'(T) (From Eq. (28))
— i< (1 g)al !4 Reg'(T)
§<1 %) (512+ZReg T)

m=1

(Subs 6°~1, Doing the telescopic bound)

<(1- %)’60 + Z Reg'(T)

m=1

(1 - %)iOPT + Z Reg!(T)

m=1
T ' 1\ %
OPT - F(X}7) < (1 - E) OPT + Y Reg/"(T) (Using &' definition)
t=1 m=1
Hence proved. |

D.2 Constrained case

Simple regret. We define for a particular ¢, simple regret ¢ and per agent local regret r,
respectively as:

act 1 J— Z F ,p, XOB)) _ Z Z:A(xi’)(tlsi—l;p7 Stu,B)’

BeB BEB, i€B
1 B il B
=(1=2) > F(XZ5p. 507 = > Y AWl Xy e, 517)
BeB; BeB: i€B
=) A@X T p,50) — A X p, SF) (29)
BeEB; i€B
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Cumulative regret. The actual cumulative regret Reg®,(T) and the per agent cumulative
regret Reg?’(T) are respectively given by,

T

T
Regon(T) = Y ri and Reg?(T) =) _r, (30)
t=1 t=1

On bounding per batch regret.
Optimal coverage in a batch B

OPT, = F(XB; p, 5P
OPTti = max F(th”;1 U {:ch}, 0, SZL’B) - F(Xtm*l; 0, SZL’B)
IZ

— max A X p, §17) = A X p, 5

rip(t) = A@ X0, 50T) = Al X p,510) (31)
To prove:
u 1 7
F(xPip,5%) 2 (1= 2)OPT, = 3~ rig(t) (32)
i€EB

Proposition 4 Let Kg be the number of agents in batch B and for all such agents per agent
regret is r'z(t). Then the following holds,

L 1 . u A
AE|XF T p.517) 2 1 (OPT = PO 5p.517) ) — () (33)

Proof
A@y| XY p,8) = max F(XF U {a'}p, 5177) = F(X 0, 877)
Ty
(Using definition)

L F(XapSpP) = F(XEp,517)
> =

(Using Eq. (20) from Lem. 1)
. 1 .
OPT} > FB(OPE - F(Xt1'1_1§/)a SZL’B))
(Using definition of OPT; and OPT})
. . 1 S . ;
A X p, 51 2 g (OPTL = F(XI 0, 517) ) = ()

(Using def. of 75(¢) Eq. (31))

|

Lemma 5 For any time t, XP being the recommended location by SAFEMAC in the union
set S™P | we have

U 1 7
F(XP:p.5"7) 2 (1= )OPT, = ) rip(t), (34)
i€EB
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Proof The proof is similar to the Lemma 2 from [38]. We begin to prove by induction,

OPT, — F(X}*; p, 5"F) < (1 - K—) OPT, + Z rip(t (35)

m=1

For i = 0, corresponds to no agent case. So it’s trivial.
Let’s consider gap to optimal value, when i elements are already selected,

§' = OPT; — F(Xt ' p, 1P (LHS of Eq. (35))

= OPT; — Z Az XL p, 5B (sum of marginal gain)

5! = OPT, — ZA mx Y p, S

= §i=g"1_ (xt|Xt1'l Lo, SZL’B) (Subtract 6°~! from 4%)
—  A@@X}p, 5Py =5t — 6 (36)

This says that the gap to optimal reduces by A(zi X}~ 1; p, SZJ’B) after adding element z¢.

A(Ii‘thsifl;p’ SZMB) > %(61_1) — riB(t) (From Eq. (33) and 5Z deﬁnition)
B

— §l o> KL((SFI) — i (t) (From Eq. (28))
B

— 5 < <1 - KlB)é“ + iy (t)

1N2, ., o
g(l—K—B) 5 +Z_WB(75)

m=1
(Subs 61, Doing the telescopic bound)

< (1 - I§3>i50 + ) k()

m=1
- (1- i)iopT 4 Z L (t)
= KB t 2 B
OPT; — F(X}" p, S, By < (1 — —) OPT; + Z rg(t) (Using 6" definition)
KB m=1

Our main goal, i.e, Eq. (34) can be proved by substituting i = K and using the inequality
(1-1/K)X < 1/ein Eq. (35). Hence proved. [ |

On combining all the batches.
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Lemma 6 For any time t, Xy being the location recommended by SAFEMAC, we have
aCt < Tt <1y (37)
This further implies that,

Regau(T) < RegP(T) (38)

Proof For a batch B of agents, using Eq. (35) from Lem. 5 and substituting r%(¢) from
Eq. (31) we know that,

1
(172)F(X*B? ) z:A‘TtL)(lZ 17 7SZLB)
i€EB
<D OAEIXFTp.ST) = A X, 5)7)
i€B

By summing over all the B € B;, we get

1 PR u
= (1= 0) Y F(XZp857) = 3 D AN p,57)

BeB: BeB; ieB

< DD A@IXTT 0, 80) = Al X 0, 51T)(39)

BeB:ieB

Note that in Eq. (29) both the XB represents optimal agent’s location in thelr respective
coverage set i.e, R (T ¢) and S;" B hence both the X2 are different. Since, Uien B, ({zh}) C

,€ 7B 7B B
Sy C S = Y e F(Xf,p, R, (X$)) <Y pen, F(XE;p,5/7),
Moreover on using Eq. (29), Eq. (39) and we can conclude,

act (0]
" <rg <y

This further implies Eq. (38) using definition in Eq. (30). Hence Proved |
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Appendix E. Proof. for Theorem 1 (MaAaCOPT)

Theorem 1 Let § € (0,1) and B° as in [16], i.c., B{** = B, + 40,1/ Vo, +1n(1/6). With
probability at least 1 — §, MACOPT s regret defined in Eq. (3) is bounded by O(/TByhr),

{T P AP
Prl Regoa(T) < 16\ | —LP00kr Loy g ©
log(1+ Ko,~)

Proof The proof for Theorem 1 goes in the following steps:

1. We first exploit the conditional linearity of the submodular objective to bound the
cumulative regret defined in Eq. (3) with a sum of per agent regrets (Zfil Reg'(T)).
Precisely, we show Regqe(T') < Zfi 1 Reg*(T) in Lem. 3.

2. We next bound the per agent regret with the information capacity 745, a quantity that
measures the largest reduction in uncertainty about the density that can be obtained
from KT noisy evaluations of it.

e For this, We quantify the information MACOPT acquires through the noisy density
observations in Lem. 7, through the information gain I(ya;p) = H(ya) — H(yalp),
where H denotes the Shannon entropy and A is the set of locations evaluated by
MACOPT.

e Next we bound the per agent regret Reg’(T) with the information gain Lem. 8-9
which is in turn bounded by the information capacity.

Finally, Theorem 1 is a direct consequence of Lem. 3 and Lem. 9. |

In the end of the section, we proof Corollary 1 which guarantees near optimal result in finite
time.

Proposition 7 The information gain for the points observed by MACOPT can be expressed
as:

T T K
1 _ 1 _
I(Y,gx:0) = 5 > log(det(I + o, 2K§§,1:K)) =3 D0 Tlog(1 40,7 M),
t=1 t=1 i=1
where x?%pK is the set of goal locations set by MACOPT for all 1 : K agents up to time

T. K”, .« is the positive definite kernel matriz formed by the observed locations and \;;
Ty

represents eigenvalue of the matriz.

Proof We can precisely quantify this notion through the information gain
I(Y g, 1K} ,0) = H(Ymg,lzK) — H(ng,lzK ‘p) (40)
:T 1.T 1.7

where H denotes the Shannon entropy. It can be defined as,

K K.
H (Y, g00) = HYp™ Y g ) + H(Y 1) (Defined YA = {y}, y7, ..., y* })
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log(det(2me(a®l + K”, . ))) + H(YTlfﬂYx?,; )t (41)
T T—
5 K log(2mea®) + - log(det (7 + 0,2 K", 1)) + HYFHY o)+ ... (42)
Ty 1:T—2
1 T
=3 Z K log(2med?) Zlog det(I + o, 2KP 7t %)) (43)
t=1

For Eq. (41), we used that, Y% ~ N (uf._ | (25 B AR W) R K’ k) is jointly a multivariate
Tr
Gaussian. Eq. (42) follows by simplifying det, precisely, %log(det(27re(a2l + K’ 1)) =
Tr
1 log((27r602)K det(I + U_QK’)Q .x)) and finally Eq. (43) by recursively repeating above 2

steps till t = 1. H(Y, o1 K|p) 3 Zt | K log(2mea?) is the entropy because of the noise. On
substituting this, w1th Eq (43) in Eq. (40) we obtain,

(Y15 p) Zlog (det(I + 0,2 K" Lyxc))
1 T
=5 Zlog H 1+ 0,2 Ai4)) (Using Eq. 45)
1 T K
52210g (1+o, Nit) (44)
t=1 i=1
Hence Proved. u
Log mat inequality:
log(det(I + 0, 2K")) = log(det(RR" + 0, >RAR")) (KP = RART,RRT =1)

— log(det(R(I + o, 2A)RT))

= log(det(RR")) + log(det(I + U;2A)) (k is dimension of K7)
k

= log(H(l + 0;2)\i)) (45)

=1
Lemma 8 Till any time T, if |p(v) — uf_,(v)] < @1/205_1(11) for allv € V', then the agent
wise cumulative regret Reg'(T), is bounded by Zthl 2./ max, . i o} 1 (v) for agent i.
t

Proof For notation convenience: D!~ := D)\ D}*~! and DI~ := Di\ D} !
In MACOPT 2! is defined such that,

zl = arg max Z Wy (v) + 1/ Brot 1 (v) (46)

vED’_
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Due to our picking strategy,

Do op) < D () + Bl () < Y () +/Bol(v) (4T

veDI™ veDi™ veDI™

This first inequality follows due to upper bound and the second one follows based on how x
is picked (Eq. (46)).

Reg'(T) =

Mﬂ

A(F X ZA (zi| X1 (with definition Eq. (22))

t=1

Il
M=

(> o) = > p))/N  (Using defi. A(IX}) Eq. (17))

1 ’UED}‘;_ UEDf_

t

M=

(> @)+ /Bt ) = 3 pw))/N (From Eq. (47))

t=1 veD;” veD!™
T

SZ( Z w1 (v) Brop_y( Z 11t ( \/57505—1(1)))/]\7
t=1 veDj~ veD!™

(Since, p(v) = pf_y (v) — /Bl o]y
2\/E Z af 4 ( /N<Z2 Bt max af 1 (v) (48)

vED“

I
M=

The last inequality follows since Y- - of_;(v) < N max, - of_(v) and IDIT|<N. &
t t

Lemma 9 Let 6 € (0,1) and let 6”1/2 =B, + 40,,\/7;7“ +1+1n(1/d). Then for K agents,
VT > 1 the following holds with probability 1 — 9,

8TK2BPI(Y g,1;K;p) STKZ243P
(> Regi(m))? < —— e 2 STR Drw
P log(1+ Ko,<) log(1+ Ko, <)

Proof By sum over all the K agents from Lem. 8, we get

K
ZRegi ) < ZZQ ﬁt max of 1(v) (49)
i=1

i=1 t=1

Let’s consider,

wy =24/ 87 Z max o} ( (part of Eq. (49))
—] vE eDi™
2
w? = 467 (Z max o} (v )) (Square operation)
-1 veD!™
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2 .
< 4ﬁfKZ (at (af Z)) (Cauchy-Schwarz inequality, 27" = argmax o2, (v))

= ’UGD27

=455KZAZ-¢ (R (ofy (27))? = Tr(KP) = X5 Aiy)
=1

K K
= 4651(2030;2/\1',1& < 455K20§Cl log(1 + U/?QAM)
i=1 i=1
(Since, s < Cylog(1 + s) for s € [0, KO'_Q] where Cy = KU_Q/log(l + KO'p_Q) )

> 1

(Here, s = o, >\zt <o, 2 A max < o, Z it =0, 2Tr(KP) < o, 2K, (wlog k(v,v) < 1))
8K28 < )

— —log(l+o0, "\ 50

~ log(1 4 Ko, ?) Z 5 1081 +0,"Air) (50)

=1

From Eq. (49) and r; definition,

K T T
. 2 2
< Z Reg’(T)) < < Z wt> <T Z w? (Using Cauchy-Schwarz inequality)
i=1 =1 t=1
T K

8K?2p¢ 1
STY s ) loa(l+0,%\ Using Eq. (50
- tz_‘:log(1+Kap—2);2 g(1+0,"Ais) (Using Eq. (50))

8TK?j.

el Ay S VAR
log(1 + Ko, ?) ( i 2

(Since ff is non-decreasing, using Eq. (44))

8T K 25%%{7‘
— iR ) < Z TZ 1/2 \/ 8TK2B§)~’7KT o
eg'( w, < ( w? ) < STRPrKT_
i=1 log(1 + Ko, 2)
Hence Proved. .

Theorem 1 follows from Lem. 8, Lem. 9 and Eq. (26),

K
, 8T
Rl < 3 ) < [0
i= P

Proof for the corollary 1:
) 8K?
*'th* < log(1+ Ko

such that w.h.p, MACOPT terminates and achzeves F(Xip,V)> (1= HF(Xep, V) — €.

Corollary 1 Let t* be the smallest integer, 3 =7y then there exists at < t;
P

Proof The proof for the corollary goes in the following 2 steps. First, we show that once

w, < €, implies F(Xy;p,V) > (1—-1)F(X,; p, V) —€,. Secondly, in Lem. 10 we show MaCOPT
t; < 8K2

VKRS T log(1+Ko~2)e?

achieves wy < €, at ¢ < ¢ where 7 be the smallest integer satisfying 7
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Similar to steps in Lem. 8 for a fix t, (Eq. (48)), we get

AE X = Al XY < 20/8, max op_1(v)
veli

From Eq. (37) (for constrained case) one can show for unconstrained case,
1 K o K o o
(1 - E)F(Xﬂp, V) - Z A(xﬂth:zil) < ZA(qutl”*l) _ A($z|Xt1:zfl)
i i

K
< ZQV ﬂt mgx Upt—1(v) < €p
5 veD;™

1
— F(Xtapv V) > (1 - E)F(X*7p7 V) — €

Lemma 10 Let § € (0,1) and B¢ as in [16], i.e., BY? = B, +4ap\/7§(t +1+41n(1/4) and

* - . t SK?2 . ..
ty, is the smallest integer such that Bt;"/pm;; > Tog(1+ Ko=) 2 then with probability 1 — 6 that

there exists t, <t} such that w, 1 < €y, where w, = 3, >, 2\/@ max of 1 (v) <ep.

BeB: ieB
Proof Since,
tr . 8K?
/Bt*fYKt* log 1 + KO'_Q) ,0
Sﬁ *’yK *
— \/ Floa( I " It(cr*Q) <e, (Rearranging terms)
iy SB
- *’yK *
2l W <K to TR <e, (From Eq. (51) in Lem. 9)
t [ log(1+ Ko—2)
BT 5
— min " < ¢, ( €[1,t5] < Zt?*l wt)

te([1,t5] t;

Hence there exists t, < t7, such that w, ; <e,.
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Appendix F. Proof. for Theorem 2 (SAFEMAC)

Theorem 2 Let 6 € (0,1) and B? as in [16], i.c., BY? = B, + 4ap\/’y§(t + 14 1n(1/4)

and ty be the smallest integer such that 5t§?Kt; > log(lfﬁz,g)eg. Let B} and ty be defined
analogously. Then, there exists t <ty + 7, such that with probability at least 1 —§
_ 1 _
> FOXFip Ro(X§)) 2 (1= =) Y F(XT5p, B, (X)) = € (7)
BeB; BeB

Proof The proof for Theorem 2 goes in the following two steps:

1. SAFEMAC’s coverage is near-optimal at the convergence

We first bound the actual regret with the sum of per agent regret in Lem. 6.
Precisely, we show the following (Eq. (38)),

Reg(?ct(Tp) < ReglO(Tp)

Next, we establish in Lem. 11 that the Regy(T},) grows sublinear with the density
measurements.

Next, we show that if w, < €,, the coverage is near optimal (Lem. 12). The
condition w, < €, will eventually happen since Reg?’(T},) is sublinear and hence
over time will shrink to zero.

Finally using Lem. 17, the near optimality in the pessimistic set can be estab-
lished at convergence when the 27 termination condition is satisfied, precisely
{Sy\sy*)n Dy, Vi€ [K]} =0

2. SAFEMAC converges in a finite time ¢ < t7+¢7, where 7 be the smallest integer such that

*
o

8K?

>
ﬁt;’YKt; = log(1+Ko=2)e2

S C1lRo(Xo)|
€

) .
= and ¢7 be the smallest integer such that Bk = 2

)

with Cy = 8/log(1 + 01;2).

Since SAFEMAC runs by iterating between the coverage and the exploration phase,
we decouple it and analyze both the phases separately. Starting with the coverage
phase, In Lem. 13, we establish a bound on density samples required to terminate
the first coverage phase

Next, in the Lem. 14, we show that cumulative regret grows sublinear with the
density measurements for any coverage phase and utilizes this to bound the density
samples between two consecutive coverage phases in Lem. 15

Utilizing the above two statements, we present the sample complexity bound to
terminate the n*" coverage phase till convergence, using that the information gain
is additive for consecutive coverage phases in Lem. 16

For the exploration phase, the worst case time complexity bound is given by the
multi-agent version of the GOOSE in Lem. 22 when the agents safely explore the
complete domain. The resulting worst case time bound for SAFEMAC is sum of
the time bound of the coverage and the exploration phase.
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So, near optimality at convergence in Theorem 2 is a direct consequence of Lem. 12 and
Lem. 17 and the finite time argument of Theorem 2 is a direct consequence of Lem. 16 and
Lem. 22. |

Lemma 11 Let § € (0,1) and B° as in [16], i.e., B0Y? = B, + 40/ +1+1n(1/6).
With probability at least 1 — §, SAFEMAC’s sum of per agent regret ReglO(Tp) s bounded by

O/ T,B5~%r). Precisely,

8T IBP,YP
Reg? (T)) < K \/ og(1 + Ko ?)

where T, is density samples per agent and Reg? (T),) = ZtTil Ty wherery =Y pcp, D icn AF X p, SZL’B)—
INCD G

Proof Given.

Reg? (T, p) Zrt
— Z Z ZA z|Xlz 1 uB) A(Iﬂth:i_l;p, SZL,B)

t=1 BeB; i€B

WLOG, every batch B, is indexed by iterator i = 1to |B | sequentially.
Let 7' = arg max A(z}| X1 p, SZ"B) and D! is a disk around #'. For notation convenience:
DI~ := DI\DF~'n 8" and DI~ .= Di\D}~' n §P

SAFEMAC picks the agent at ¢ greedily in the set B. Following the steps in Lem. 12 we
can bound simple agent-wise local regret as r;, or simply from Eq. (56) by summing over all
the B € By, we get,

= > A@EX T p, ST — Al X p, S0P
BeB: ieB

< Z 22 Bt max of (v) =w, (From Eq. (56))

BeB: ieB

On bounding simple regret.

r, <w, = Z ZQ Bt max ot ( —QN/BtZUt 1 2 (z f’—argmaxaf_l(v))

BeBt i€B veD;”
w? < 48K Z (of | (z9"))? (Using Cauchy—Schwarz inequality)
=1
K
=4B/KY i (S0 (of_y (@f)? = Tr(K?) = 3575, Aiy)
i=1
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K
= 4ﬁfKZ 02072/\”

K
<4B/K D o?Calog(l+ o Aiy)
i=1
(Since, s < Cylog(1 + s) for s € [0, Ko—2], where Cy = Ko~ 2/log(1 + Ko=2) > 1)
(Here, s = 072X\t < 0 2 Apax <0 2> Niy = 0 2Tr(KP) < 02K, (wlog k(v,v) < 1))
8K

1
_ —log(1 2\, 2
~ log(l+ Ko—2) Zz; 2 og(l +o ) (52)

On bounding cumulative regret with mutual information.

T, 9 Ty
(Zwt) < Tpr? (Using Cauchy—Schwarz inequality)
t=1 t=1
T, 9 K
8K23¢ 1 L .
<T —log(1 A Using Eq. (52
ST e g A £ ) (g B (52)
_ 8T,K*Bp
71 (1 2\
- ot zz 081+ 0700

(Since (¢ is non-decreasing & S, := ﬂ:’;p)
8TpK26§I(Yx%;K; p)

= = Using Eq. (44
log(1+ Ko—2) (Using Eq. (44))
8T, KBl ger o
= g1+ Ko-2) (Ykr = subxpr, cv 1Yy, 3 0))
TP
{T K2BP7P
— < | SLePTRT. 53
2o \/bg(l + Ko~?) (53)
8T, K2307" . . .
—> RegP(T,) < \/M (Since Regp (Tp) = >22yr < 2202y wy)

This lemma nicely connects the near optimal coverage in the reachable set i.e, (1 —
D) Y pes F(XE; p, Req(XéB)), with the coverage in a possibly disjoint optimistic sets. (Note
that the only requirement is that the optimistic set needs to always superset R (Xo).

The agents observe the location only if all the agents can reach the max uncertain point
under their disk i.e, 24/8/ max, epi- o} 1 (v). (Accordingly, information gain is defined, and
T, above is a counter when all the agents obtain density measurements).

Lemma 12 (SAFEMAC Near-Optimality) For any t > 1, if w, < €, at SAFEMAC'’s
recommendation Xy then with high probabz'lity,

ZFXt ,p,SUB Z 1_7 ZF 7p7 (XO))
BeB:; BeB
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where wy = Y pep, Yiep 2V 67 Max, ¢ pi- of 1 (v).

Proof Given. SAFEMAC recommends a location for the agent ¢ € B greedily in the Sf’B
set as per,

:1:2 = arg max Z ,uf_l(v) + ﬁf”f—l(“) (54)
Y veDI™

Let & = argmax A(z}| X1 p, $1°P) and DI~ := DI\D}F =1 1 SP where Di is a disk
around z'. Based on this picking strategy,

Z p(v) < Z (1f_1(v) +1/Blol_1(v))  (Follows due to upper confidence bound)

’uef)i_ UED;’I_
< Z (1h_y(v) + 1/ Blot 1 (v)) (Since, Eq. (54), 2! is greedily picked)
UEDz_
> P Y (W) + 1/ Blol(v) (55)
veDi™ vEDI™

On bounding simple regret. With definition r, =Y 5.5 > icp A(F X} p, 58P —
A(.’I}“th:i_l; p’ S;L,B)
Consider,

A@XS 0, 500 = Al X[ 0, 507)
:( INOEDY p(v)) /N (Note DI~ and Di™)

veDI™ vEDI™
< (X (M) +y/Bola) = 3 o)) /N
veDi™ veD;~

(Using Eq. (55))
< (Xt ) + 50081 0) = (01 (0) = /B0t () ) /N

UED§7

(Since, p(v) > f_y(v) = \/Bof_1(v) V¥ v)

=280 Y of )/

veDf

< 24/B max of_;(v) (56)
veD;™

The last inequality follows since ZveDz‘ ol 1 (v) < NmaxveDz_ of ;(v) and ]Di_] < N.Now,

re= Y CA@EIXTp,80) — A X p, S
BeB: i€B
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< Z 22 ﬁt max af 1 (v) (from Eq. (56))

BeB; ieB
=w; < €

= u,B ac
From Eq (37 ( )EBEB ( * 7/07 Req(X[)B)) - ZBEBt F(XtB5pv St ) =T t S Tt

= Z t7p7 1_7 ZF 7p7 (XO))_GP

BeB: BeB

Proposition 13 Let § € (0,1) and 8¢ as in /16], i.e., BPY/* = Bp+4ap\/7[p<t + 1+ 1n(1/4)
*1

x1 ; t 8K2
and t7;" is the smallest integer such that t*II(Y ) > Tog(1+ Ko~2)eZ then with probability

1t*1

a1 S <€, wherew, = > > 2\/@ rnax o 1(v) <
BeB:ieB

1—46 that there exists t}) < tzl such that w

€p-
Proof Since,

t*l > 8K2
/J’t*J(Yxm p) ~ log(l+ Ko=?)e

(57)

8/5};1 (Yxrm 15p)
tp

= K <e Rearranging terms
\ t;l log(1+ Ko=2) = ° ( S8 )
tp! 867 1(Yxm 5p)

21 W K v Ly <e (From Eq. (53) in Lem. 11)

et T\ gL+ Ko2)

tx1 rnin1 wy 1
— min w, <e ( te[l’?] < > 1wz)
te(1,ts!] r ts

Hence there exists t}, < t;l, such that Wit < €. |

For notation convenience we denote with Reglo(étl*)”) := Regp (tz_lJr(;t;")fReglo(tg_l) =

typotam
th—t’:l LT and I(Y(;t*n7 p) =I(Y o1:x ip).
=tp + Tin—1y14n =1 e
Lemma 14 Let the coverage phase be terminated for the (n — 1)th time at tgfl, and 6t3" be

the maximum number of density measurements required to terminate coverage phase for the
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nth time. Let § € (0,1) and B as in [16], i.e., BPY? = B, —|—40'p\/’th + 1+ 1n(1/4), then
with probability at least 1 — § the following mequalzty holds,

tp Hoty" 8ot5" K2 p", I(Yspens p)
1/2 n 1+6t*n 5tp 3P
Regp (3t3") < (93" w?) <
g0 (0t,") = (9t Zl t - log(l + Ko2)
t=t; " 41
Proof With definitions,
tprotan tpotan
Regp (6t5") = Z r, < Z wy
t=tp 141 t=tp 141
tptotan ty T potam
— (Reglo(ét;"))zg Z w, < 6t3" Z w?

t=tn 11 t=tn 141

(Using, Cauchy-Schwarz inequality)
Now, the RHS of the inequality can be simplified as,

tp ot tp ot

2 SK2Bf -1 2
675;” Z w; < (5t;" Z W Z 3 log(1+07"X;t) (using Eq. (52))
t=tp =141 t=tp 41 i=1

86t*nK2B o ) ty~ 1+6t*"

+tE™
log(1 Z)
10g(1—|—Kg 2) Z Z 0g(1+ 07" i)
t=th 11 =1

(since, (¢ is non-decreasing and using definition of mutual information we get,)

t? 1+§t*n tZ 1+5t*” 851:*”[(26 I(Y N )
2 - 1+5t*" ty 3P
—> Reg?(5t5") < Y w ( oty Y wt) = log(1 + Ko—2) (58)
t:t2‘1+1 t=tp '+

Lemma 15 Let § € (0,1) and 37 as in [16], i.e., p1/2 = Bp+4ap\/'y§<t +1+1n(1/6) and
§t*" 8K2

(5t*” 1s the smallest integer after t” L such that — I(Y6 ™ > Tog(1+ Ko—2)e2
t*n,

n—1 *n
tp +5ip

know with probability 1 — § that there exists 515" < 5t*” such that w 1

then we

atn < €,, where
wy =Y pes, 2ien 2V B max, e pi- i 1(v) < €.
Proof Given,
n 2
oty S 8K
Bty Votgms p) — log(1+ Ko~=2)e]
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. 85 n 1+5t*n (nt;”up) <
5t;" log(l+ Ko—2) — ‘r
tn71+(5t*n
Ztg‘lﬂp Wt . .
e <e¢ (Using Eq. (58) in Lem. 14)
_— min w, < €

t=€p
e[ty 1,6 ot

3 n *M
Hence there exists dt;; < t7", such that wt§*1+6tg+1 < ¢€p.

Lemma 16 Let ¢ € (0,1) and Bp1/2 =B, + 40,,\/7?“ +1+1n(1/8) and t} is the smallest

t 2 _
integer such that ” fﬁ* > 1Og(1_§f§r2)€%, then for anyn > 1, ty 1y oty < tj.

Proof

2
S P Iy 30) SIC280 T (Vi)

log(1+KU 2)e2 * log(1 + Ko=2)e2
(using Eq. (57), since tll, < t;l)

n—1 n
tp + (5tp

2
8K 5:&7; Lot

log(l + Ko=2)e2

([(Ymg,lzKl ip) + I(Y;;,ypz;p)
1:t’z7

(Since, (¢ is non decreasing function)
2 .
8K ﬁtg 1+6tnI(Yx;}jtl;ffl+§tn ) p)
= log(l - KU; 2”) o (Since mutual info is additive)

2

(59)
log(1 + KO'_2) €2
KQﬁt*'YKt*
Using Eq. (59) and since, tj > m, we get ¢~ 4 oty < . [ |

Lemma 17 When SAFEMAC converges, i.e, U = {S”““\SP) N Di Vi € [K]} = 0, then
the following inequality holds,

Y F(XFip PP =Y F(XPip,S17)

BeB: BeB;

Proof Since, U = 0,

{(S7"\SP*) N D}, Vi € [K]} = 0
— (SY“'N D) C (8" N DY) Vie K]
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= (SN DY) VielK Since S = §P 1y §7
t t t t t
Based on the last equality, it directly follows,

> F(XPp,80P) = > F(XP;p, 57,

BeB; BeB:

F.1 Intermediate recommendation is near-optimal at SAFEMAC’s convergence

Lemma 18 Let 6 € (0,1) and B as in [16], i.e., B°/* = B, + 40p\/vf<t+ 1+ In(1/4)
and t7; be the smallest integer such that &;?m; > log(lfgj,g)eg. Let B} and ty be defined
analogously. Then, there exists t <ty + 7, such that with probability at least 1 — &

Z F(XQB;,O? RO(XO 2 1 - Z F ’p7 (XO )) — € (60)
BeBr BeB

where,
Xp= argmax < Y F(XFilf_,S%5), > F(xp%. 1,5543)} st.XpeSP

1
X, Xy, Te[L,t] BeBh, BeBl,
(61)

and Xﬁ’B, i.e., the greedy solution w.r.t. the worst-case objective, F(-;1f_ l,Sp’ )VB € BY.

Proof We prove the lemma in two parts. First, we prove the near optimality of SAFEMAC’s
solution X; but evaluated using lf_l instead of p. This will imply the near optimality at

t B. p p7B 31 .
convergence of the 1% term (ZBGB’% F(X7;U_1,877)) in the above recommendation rule.

Secondly, due to the arg max operator, the near optimality of the 1%¢ term is sufficient to
establish the optimality of the recommendation rule in Eq. (61).

Notations. X; = Ugep, X2, A(+;p, V) as defined in Eq. (17).

Given. From Theorem 2, for ¢ <t + ¢} with probability at least 1 —4 ,

Z F(XP:p,Ro(XP)) > (1 - = Z F(XP;p, R (Xo ) — (62)
BeB:; BeB

and

222 By maXUt 1(v) <€

BeB; ieB

Near-optimality of SAFEMAC’s X, evaluated using I/ ;.

~7 i— u,B i - u,B
A(»’Ut‘th 13/07515 )_A(xt|Xt1 1;lf_1,St )
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= < Z p(v) — Z lfﬁl(v))/N (Note D{™ and Di™)

vef)f veDif
< (Y0 0) + /BP0t (0) = (ufa (0) = /Bt () ) /N
veD;"

(Using Eq. (55) and definition of f_, (v))

= 2\/57) Z o) 4(v)/N

veDi_
< 2\/8 max of, (v) (63)
veD;™
» e B
Z ZA(acﬂXt“ Lo SET) = Al X 11,8 Z ZQ 51; max op_1(v)
BeB; ieB BeB; ieB
Sfp

Using the following two statements,

o (1-HF(Xuip,SP7) < Siep AEX}Y p,8°7) from Eq. (39)

— i U,B = U, B
* Uien Req({xo}) €S = YpesF(Xip, R, (Xo)) < ZBeBt F(Xy;p,87)
we get,
= Z XtB7 t— 17 1_7 ZF 7pv (XO )) (64)
BebB; BeB

Near-optimality of recommendation as per Eq. (61).
Let’s consider the following recommendation rule,

X7 = arg max { Z F(XB,lg'v 15 Sgﬂ’B)} st. Xt e Sgw (65)
X7, T€(1,t] BeB..

At convergence, Sf’i N D} = Sf’i ND = (SO’€q\Sf’i) N D = (), using this SAFEMAC
recommendation Xy can be written as,

uB - ? )
ZF(valf I ZAxt’Xl 1lt 175p) ZF(Xf’ltp 1’Sp )
BeB; 1€[K] BeB?

,B B
> F(XF31h 4,807 > Y F(XPiIE,, S77)

BeBf, BeBY
(since, XB = argmax ZBGB” F(XE18 1,S%HJB))
XE Te[1]
’ 7B
= Y FXFilh_, S50 > > F(xPip 8P
BeBh, BeB;

(Combining the above 2 equations)
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= Y F b, 805 1—7 S F(XPip R (X)) —€, (using Eq. (64))
BeBh, BeB

Hence, the recommendation of Eq. (65) evaluated with lower bound is near optimal
(at convergence Xp € S%). Further, due to argmax operator Eq. (65) also implies near-
optimality of recommendation rule in Eq. (61) evaluated with the lower bound. So now using
X7 chosen as per Eq. (61) and at convergence, Vi, (S*' N Di) C (Ro({x}}) N D), we get,

S FCFn ™) > (1= ) S RGP Ry () e (1f4(0) < plu)0)
BeBY, BeB
Z F(X'IBi’pa RO(XO ]- - Z F ,P, (XO )) — €
BeBh, BeB
Hence Proved. [ |
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Appendix G. Multi-agent GoOSE version

This section presents our fundamental lemma for the multi-agent version of goose. The result
is built upon Theorem 1 of [11|. Since agents are sharing the observations among all in our
case, we first derive a finite time bound for learning constrained function up to eg-accuracy
under the cooperative sharing setting. Later, we present our key Lem. 22, which guarantees
complete exploration by each agent under finite time while preserving safety.

Lemma 19 Let§ € (0,1) and let (31)1/? = Bq+4aq\/’y}1<t +1+41n(1/5). Then the following
hols with probability at least 1 — 9,

> wi < CiBII(Yaiq) < CrB8{vkr,
t

where Cy = 8/log(1+ 0, %), w, = 2y/Blof_(x}), and x} is the location visited by some agent
i at time t. A is the set of locations visited by agents to collect constraint observations.
I(Ya;q) is information gain due to these interactions and Yj.p is the information capacity.

Proof Using w, = 2/B{of_,(z1),

%2:4621(‘7?—1( )) _4@ q9%¢ (Ut 1(%))2
< 4BfogColog(1 + o (o], (21))?)
(Since, s < Cylog(1 + s) for s € [0, Jq_g}, where Cy = 0q_2/log(1 + aq_Q) >1)

(Since, s = 0, %0¢_1(v)? < 0%k (v,v) < 0,2, (wlog k(v,v) < 1))

1 - i
< G135 log(1 + o (o1 (2))?) (C1 = 802Cy)
K
1 - i - i i
< Oiff5log(1+0,2 Y (o 4(2)?)  (Since, (o (a})* < S5, (of 1 (a1)°)
i=1
1 K
= 15 log(L+0,° Y Niv) (i (071 (2)))* = Tr(K7) = 35 Mig)
US|
< Clﬁg Z 5 log(l + O'q_Q)\i’t)
i=1
(log(1 + z1 + x2) <log(l + z1) + log(1 + z2), for 1,72 > 0)
= C1881(Ya;q) (I1(;q) is defined analogous to I(;p) in Eq. (44))
< C1B{vkr (Vi = suWPacvya=xr 1(Ya; q))
Hence Proved. |

Similar to Lem. 8 of Turchetta et al. [11], Let us denote 7;¥ = {71, ...,7;} the set of steps
where the constraint ¢ is evaluated at v by step t.

q.49
Lemma 20 For any t > 1 and for any v € V, it holds that wi(v) < Cﬁ]‘m, with

t
C1=8/log(1+0,?).
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Proof
7 w7 (v) < D wi(v) (66)

TETY
< Y ABN o] (af))?
TETY

< 4By (x)))?

TEL
S Cl @qﬁ(t

Eq. (66), follows due to intersection of confidence interval arguments, Lemma 1 of Turchetta

et al. [11] and the inequality follows due to Lem. 19. [ |
Let us denote with T}, the smallest positive integer such that # > %1, with
t+Ty VK t+Ty €q

Cy =8/log(1+ 0(1_2) and with #* the smallest positive integer such that t* > |Ro(Xo)|T}+.
Lemma 21 For any t < t*, for any x € V such that |T,"| > Ty, it holds that w(v) < €.

Proof Since T; is an increasing function of ¢ |49|, we have |7,”| > T+ > T;. Therefore using
Lem. 20 and the definition of T, we get,

q.4q q.49 2 q.4q
< C1Bi Vi < C15¢ Trt€q < B Vict <
wi(v) < T =1\ 042 gl = q 3 € = €q-
t 1VK 4+ Ty P T, VK 4+T, Pt+T,

The last inequality follows from the fact that both 37 and ~{ are non-decreasing function of
t. |

Lemma 22 Assume that q(-) is Ly-Lipschitz continuous w.r.t d(.,.) with ||q||lx < Bg, Xo # 0,
q(zh) > 0 for all i € [K]. Let (BH)Y? = B, + 4aq\/'y;1(t+1—|—ln(1/5), then, for any

heuristic hy : V. — R, with probability at least 1 — §, we have q(x) > 0, for any x visited
by any agent in SAFEMAC. Moreover, let v}, denote the information capacity associated

with the kernel k7 and let t; be the smallest integer such that e > Cl‘sz(XO)l, with
q

5t§7Kt§ -
Cy = 8/log(1 + O'q_g), then there exists t < ty such that, with probability at least 1 — 9,
Req({xf)}) C §ocat C SP¢C Ro({zd}) for alli € [K].

Proof In SAFEMAC, each agent have a record for its optimistic and pessimistic set.The lemma
is similar to K instances of Theorem 1 of Turchetta et al. [11]; each instance corresponds
to per agent case. Safety is a direct consequence of Theorem 2 of Turchetta et al. [51].
Finite time bound while agents are sharing information is consequence of Lem. 19-21. The
convergence of the pessimistic and optimistic approximation of the safe sets for each agent is
a direct consequence of Lemmas 16-18 of Turchetta et al. [11]. [ |

For a detailed discussion, we refer the reader to Appendix D Completeness of Turchetta
et al. [11].
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Figure 4: Compares MACOPT and UCB on the Gorilla (a) and the GP (b,c) environment.
a,b) Compares simple regret r, Eq. (29) in the unconstrained case (domain V). c) Plots total
coverage achieved by both the algorithms.
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Figure 5: a) The contours show the synthetic density and the obstacles marked by the black
blocks. b,c) Comparison of SAFEMAC with PassiveMAC and Two-Stage in the Obstacle and
the GP environment during optimization

Appendix H. Experiments

Implementation details. We implemented all our algorithms with BoTorch [57| and
GPyTorch [58] frameworks, built on top of Pytorch [59]. The code for both the algorithms
will be made public along with the competitive baselines. We limit the maximum number
of rounds to 300, and with the selected hyperparameters and the given environments, it
terminates before that. This roughly takes 10 min of training for SAFEMAC on a single core
CPU. The code is written for running a single instance of the experiment. In practice, we
launch nearly 1000 such instances simultaneously on the cluster in parallel to get results
about different environments, noise realizations and initializations.

Gorilla Environment. The gorilla environment (Fig. 2a) is defined in a grid of 34 x 34,
with each grid cell being a square of length 0.1. The K = 3 agents perform the coverage
task, with each having a sensing region defined as a set of locations agents that can travel
in 5 steps in the underlying transition graph (Precisely, D' = Ri*h({x'}), Eq. (9)). We
considered 10 gorilla environments each differ in the initial location of the agents. The nest
density is obtained by fitting a smooth rate function [18] over Gorilla nest site locations
which were provided by the Wildlife Conservation Society Takamanda-Mone Landscape
project (WCS-TMLP) Funwi-gabga and Mateu [19]. As a proxy for bad weather, we use
the cloud coverage data over the Kagwene Gorilla Sanctuary from OpenWeather |55]. The
density and the constraint function used are available in our code base. The code for fitting a
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rate function is available here (https://github.com/Mojusko/sensepy) under the MIT license.
We used a lengthscale of 1 for the density and of 2 for the constraint function. The noise
variance is set to 1073 and 7 x 1073 for density and the constraint respectively. However,
the performance in the experiments is not sensitive to the hyperparameters and is easily
reproducible with other sensible parameters as well.

Obstacles Environment. The obstacle environment (Fig. 5a) is defined on a grid of 30 x 30,
with each grid cell being a square of length 0.1. The sensing region and number of agents
are defined similarly to the Gorilla environment. The obstacle is completely defined by the
location of its top right corner and the bottom left corner. The obstacle environment is
generated by combining a set of such obstacles. The density is directly sampled from a GP
with the parameters same as synthetic data. We produced ten instances of environments, each
having a different set of obstacles and GP sample and initialization. We used a lengthscale
of 2 for both density and the constraint function. The noise variance is set to 1072, Similar
to earlier environments, performance is not sensitive to hyperparameters.

Experiment results.

Unconstrained case Fig. 4a and Fig. 4b plots the simple regret r, for each round t, precisely,
defined as S5 A(Z| X171 p, V) — A(i| X~ 1; p, V). This quantity upper bounds the
actual regret and provides intuition for the convergence rate. We see in the plots that the
simple regret goes to zero for MACOPT, but gets stuck for the UCB algorithm. Due to this,
we also observe that MACOPT can achieve higher coverage value as compared to UCB in
Fig. 4c.

Constrained case Fig. 5b and Fig. bc compares coverage of area attained by SAFEMAC,
PassivEMAC and the two stage algorithm. Precisely the intermediate locations are recom-
mended as per Eq. (61). We see that SAFEMAC finds a comparable solution to two stage
more efficiently without exploring the whole environment, where as PASSIVEMAC gets stuck
in the local optimum.
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