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Abstract—We consider the problem of decentralized multi-
agent environmental learning through maximizing the joint
information gain among a team of agents. Inspired by subsea
applications where bandwidth is severely limited, we explicitly
consider the challenge of restricted communication between
agents. The environment is modeled as a Gaussian process (GP),
and the global information gain maximization problem in a GP
is a set-valued optimization problem involving all agents’ locally
acquired data. We develop a decentralized method to solve
it based on decomposition of information gain and exchange
of limited subsets of data between agents. A key technical
novelty of our approach is that we formulate the incentives
for information exchange among agents as a submodular set
optimization problem in terms of the log-determinant of their
local covariance matrices. Numerical experiments on real-world
data demonstrate the ability of our algorithm to explore trade-
off between objectives. In particular, we demonstrate favorable
performance on mapping problems where both decentralized
information gathering and limited information exchange are
essential.

I. INTRODUCTION

We consider the problem of decentralized multi-agent
environmental learning. Our work is motivated by the specific
challenges of underwater applications where extremely low
bandwidth acoustic signals are typically used for communi-
cation between agents [1]. Communication constraints pose
a challenge for decentralized learning, namely, agents are
hampered in their ability to construct a global model due to
only knowing a subset of their neighbors’ measurements. In
addition, limited knowledge about their neighbors’ measure-
ments affects an agent’s decision-making when attempting to
optimize for the objective of information gathering. Because
agents make decisions based on information communicated
by other agents, we desire agents’ local models be sta-
tistically close to each other. We approximate this as an
additional criterion such that each agent must consider the set
of shared data between it and its neighbors when selecting
new measurement locations. The problem is posed as a
multi-objective submodular set maximization problem, and
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it is addressed using a greedy algorithm. Our approach is
illustrated using simulations on real world data.

We model the environment f as a Gaussian process (GP).
Our focus on GP models are due to their ability to model
probabilistic hypotheses efficiently in that their posterior
parameters admit a closed-form update [2] and they define a
natural notion of uncertainty associated with the environment.
GP models for environmental characteristics that are approx-
imately spatially continuous, such as water temperature [3],
salinity [4], etc., are fairly common in the literature.

The question of where to sample data to train the GP
most efficiently has been explored in the related problem
of sensor placement [5], [6]. These studies seek to maximize
information gain at a fixed set of locations, which can be
derived from the GP posterior covariance. In the frequentist
setting, one can solve the GP mean representation and
learning problem through suitable modifications of stochastic
gradient iteration together with consensus protocol [7]–[9].
We focus on Bayesian settings due to their more natural
representation of parameter uncertainty conditioned on past
information. In applied settings, online distributed learning
using GPs have been successfully applied to autonomous air
and ground robots [10]–[14], as well as exploration problems
for single agent surface vehicles [15].

When resource constraints on communication between
agents are present, periodic network disconnection has been
put forth as an initial solution [16], [17]. Alternatively, coding
schemes that reduce the number of bits needed for fusion of
local Gaussian process models have been developed [18], but
mandate that periodic synchronization of each local machine
to a centralized node is required.

Few works consider bandwidth limitations when exchang-
ing information between decentralized Gaussian process
models. Towards allowing full decentralization, a dissimilar-
ity measure is devised in [19] to select which subsets of
data agents must communicate in their GP models, but this
does not address multi-agent control. Others have developed
communication criteria in service of multi-agent objectives
outside of exploration. In both [20] and [21], Euclidean
distance is used as a criterion for selecting subsets of
measurements to communicate in distributed mobile sensor
networks. However, their objectives were to minimize predic-
tion error at fixed locations of interest and to aid multi-agent
coordination for patrolling missions, respectively.

By contrast, our work considers the setting where agents
collaboratively learn an environmental map by selecting
measurement locations that seek to maximize information
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gain. We introduce a constraint on the difference between
neighboring agents’ statistical models, then employ results
from [22] and [23] to further develop the constraint as a
submodular set function on the agents’ shared measurement
data. We develop an algorithm allowing agents to make
decisions by jointly optimizing for information gain and
statistical model similarity based on locally acquired infor-
mation and information that is exchanged with neighbors.
The contributions of this work are (1) the formulation of the
decentralized exploration problem subject to communication
and model similarity constraints, (2) the approximation of
the aforementioned problem as a multi-objective submodular
optimization problem, and (3) an algorithm to solve the
optimization problem.

In Section II, we describe the mathematical background
necessary for formulating the problem. In Section III, we
describe the multi-agent setting considered, and then we
formulate the exploration problem under bandwidth limita-
tions. In Section IV, we derive a local penalty functional
for approximating the problem, and provide an algorithm
addressing the approximated problem. Experimental results
are given in Section V, and concluding remarks are provided
in Section VI.

II. PRELIMINARIES

In this section, we summarize the mathematical back-
ground needed to formulate our problem. For additional de-
tails on Gaussian process regression and information theory,
please refer to [24] and [25], respectively.

A. Gaussian Processes

We consider the problem of learning a spacial field f :
Rd → R from a sequence of measurement pairs (xt, yt)
such that xt ∈ X ⊂ Rd and yt ∈ R, where yt = f(xt) + ε
and ε ∼ N (0, σ2) is the measurement noise. We assume
that the latent function f is a Gaussian process denoted by
GP (f̄(x), k(x,x)) where f̄ : X → R denotes the mean
function and k : X × X → R describes the covariance
(kernel) function. GPs are collections of random variables,
any finite number of which form a joint Gaussian distribu-
tion. Therefore, a GP evaluated at a finite set of locations
X = {x1, . . . ,xN} ⊂ X induces a multivariate normal
distribution and with a slight abuse of notation, we can write
f(X) ∼ N (f̄X,KX). The mean vector f̄X ∈ RN and the
covariance matrix KX ∈ RN×N are defined element-wise as
[f̄X]i = f̄(xi),xi ∈ X and [KX]i,j = k(xi,xj),∀xi,xj ∈
X.

Gaussian process regression begins by specifying a prior
distribution GP (f̄0(·), k0(·, ·)). The mean function f̄0 is
typically selected to be zero-mean [24], while we choose
the covariance kernel to be the squared exponential

k0(x,x
′) = σ2

f exp{−(1/2)(x− x′)TΛ−1(x− x′)}. (1)

Here, σ2
f denotes the signal variance, while Λ =

diag(λ21, . . . , λ
2
d) contains the length-scale parameter asso-

ciated with each input dimension 1, . . . , d. Consider a set of
training data S := {(xn, yn)}Nn=1. In this work, we will use

the shorthand x ∈ S to denote (x, y) ∈ S. Under iid assump-
tion of data points in S, the Bayesian update produces the
predictive posterior process as f(x) ∼ GP (f̄S(x), kS(x,x′))
where

f̄S(x) = kT
N (x)(KN + σ2I)−1y, (2)

kS(x,x
′) = k0(x,x

′)− kT
N (x)(KN + σ2I)−1kN (x′). (3)

Here, kN (x) ∈ RN ,KN ∈ RN×N , [kN (x)]n = k0(x,xn)
for xn ∈ S, [KN ]n,m = k0(xn,xm) for all xn,xm ∈ S, and
x,x′ ∈ X [24]. The posterior mean f̄S in (2) can be viewed
as an approximation of f using a finite sum of kernel function
evaluations over the training data S

f̄S(·) =
N∑

n=1

αnk0(xn, ·) (4)

where α = [α1, . . . , αN ]T ∈ RN is a set of coefficients.
From (4), it is clear that α = (KN + σ2I)−1y in the GP
setting. Further, we assume that f belongs to reproducing
kernel Hilbert space (RKHS) induced from our selection of
covariance kernel, and ∥f∥ denotes the RKHS norm.

B. Information Gain

One measure of how informative the set of training data
S is in learning f is the information gain, or the mutual
information between observations yS = {y | (x, y) ∈ S}
and f defined as

F (S) = I(yS ; f) = H(yS)−H(yS |f), (5)

where H(yS) is the entropy of random variables yS and
H(yS |f) is the conditional entropy given f . For a Gaussian
distribution, the difference in entropy terms simplifies to

F (S) =
1

2
log det(I+ σ−2KS), (6)

where [KS ]i,j = k0(xn,xm), ∀xn,xm ∈ S [26]. The
squared exponential covariance function satisfies the locality
property, i.e. if measurement locations x,x′ ∈ X are far from
each other, then k0(x,x′) ≈ 0. If we assume all measurement
locations in S are far enough apart, then the information gain
can be written as the sum of the information gain of each
location

F (S) = I(yS ; f) =
1

2
log det(I+ σ−2KS)

≈ 1

2

N∑
n=1

log(σ−2k0(xn,xn) + 1) ≈
N∑

n=1

F (xn). (7)

III. PROBLEM FORMULATION

In this section we define our multi-agent streaming setting,
and the optimization problem we seek to solve.

A. Problem Setting

We assume a multi-agent setting which consists of V
agents. The communication network of the agents forms
an undirected graph G defined by a finite set of nodes
V = {1, 2, . . . , V } and an edge set E ⊆ V × V indicating
communication between agents. The neighbors of agent i are
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denoted as Ni = {j ∈ V : (i, j) ∈ E} and let |Ni| = Ni

where | · | denotes cardinality. We consider fixed edges in
this work, but analysis for time-varying graphs are potential
topics for future work.

We consider a streaming setting, where agents acquire se-
quential batches of measurements every iteration. The control
variables for the agents are the locations at which to sample
the next batch of measurements. For each agent i, at the end
of iteration t, let So

i,t denotes all measurement pairs {(x, y)}
agent i has not shared with other agents in its neighborhood,
S̃i,t denotes all measurement pairs agent i has shared, define
Si,t = So

i,t∪S̃i,t as set of measurements agent i has acquired,
and define Sc

i,t = Si,t ∪
⋃

j∈Ni
S̃j,t as the complete set of

measurements agent i knows from itself and its neighbors.
At iteration t, each agent does the following: (1) selects the
next set of m locations So

i(new) to collect new measurements,
(2) updates So

i,t ← So
i,t−1 ∪ So

i(new), (3) communicates a
subset of its measurements S̃i(new) ⊂ So

i,t, to other agents in
its neighborhood such that |S̃i(new)| ≤ m̃ < m, and (4)
updates its GP models with measurements acquired from
sampling and received from neighbors. We remark that after
communicating its measurements, agent i removes S̃i(new)

from So
i,t and adds it to S̃i,t so that So

i,t has only unshared
measurements at the end of iteration t. Because agents
cannot move arbitrarily far during an iteration, we enforce
So
i,(new) ⊂ Bi,cl where Bi,cl := {x ∈ X | ∥x−xi,cl∥2 ≤ R}

is a ball centered at agent i’s current location xi,cl.

B. Constrained Maximization of Information Gain

At the beginning of iteration t, we are given the set of
new measurements So

i,(new) acquired by each agent i, the
measurement pairs Si,t−1 acquired by each agent i in all
previous iterations, and the complete set of measurement
pairs Sc

i,t−1 each agent knows from sharing data with its
neighbors. Additionally, agents can compute the information
gain F and function f̄ given any of the aforementioned
known sets of measurements. The set optimization problem
we wish to solve at each iteration t is

arg max
{So

i(new)
}i∈V⊂{Bi,cl}i∈V

V∑
i=1

F (Si,t−1 ∪ So
i(new)) (8)

subject to |S̃i,(new)| ≤ m̃ (9)
∥f̄Sc

i,t
− f̄Sc

j,t
∥ ≤ ε, ∀(i, j) ∈ E ,

(10)

where the optimization is over the set of new locations
So
i,(new) to acquire measurements for each agent. The sum

in (8) arises from our assumption that measurements from
any location x sampled by agent i and those from any
location x′ sampled by agent j are sufficiently distant such
that k0(x,x′) ≈ 0. Generally, locality holds when the spatial
scale of the data is much larger than the kernel bandwidth, or
length scale. Measurements acquired by the same agent, how-
ever, need not be uncorrelated. This assumption of locality
holds for many multi-agent mapping settings from modeling
wind fields [17] to plankton density [27] and our numerical

experiments in Section V suggest that agents tend to explore
disjoint areas for efficient maximization of information gain.

Information gain has been shown to satisfy the sub-
modularity property for set functions [5]. Although maxi-
mization of monotone submodular functions under certain
classes of constraints is generally a NP-hard problem [28],
results from the seminal work of Nemhauser et al. [29]
have shown that sequentially selecting elements to compose
S using the greedy algorithm efficiently produces a near
optimal solution. Specifically, the set SG generated by the
greedy algorithm maximizing a submodular function F under
cardinality constraints |S| ≤ m satisfies F (SG) ≥ (1 −
1
e )maxS:|S|≤m F (S).

Due to bandwidth limitations in the underwater environ-
ment, the rate at which agents acquire measurements is
much higher than the rate at which agents can communicate
measurements. The constraint in (9) limits agents to commu-
nicating at most m̃ measurements per iteration.

A key novelty in the problem we consider in (8) lies in in-
troducing the RKHS norm constraint in (10). This constraint
allows us to select the next location in a manner that the
local estimates of the global spatial field by each agent are
similar. Enforced consensus (ε = 0) in multi-agent networks
can be solved by methods such as distributed gradient descent
[7], [9], [30]–[32], but we do not seek consensus due to
the bandwidth being severely constrained. Instead, we seek
to share only enough data so that environmental models
onboard each agent are statistically similar in a useful way.
This distinguishes our problem from multi-agent exploration
settings considered in works such as [8], [11].

The problem in (8) is challenging because the objective is
a submodular set function, but (10) is not a constraint on a
set function. Therefore, we next derive an approximation of
(8) and provide a solution to the approximate problem.

IV. PROPOSED SOLUTION

In this section, we show that the norm constraint (10) can
be represented by a constraint on a submodular function of
S̃i,t ∪ S̃j,t.

A. Submodular Representation

An agent i and its neighbors seek to communicate a subset
of their measurements to satisfy the constraint

∥f̄Sc
i,t
− f̄Sc

j,t
∥ ≤ ε. (11)

Using the triangle inequality, we can write∥∥∥f̄Sc
i,t
− f̄Sc

j,t

∥∥∥ ≤ ∥∥∥f̄Sc
i,t
− f̄S̃i,t∪S̃j,t

∥∥∥+
∥∥∥f̄Sc

j,t
− f̄S̃i,t∪S̃j,t

∥∥∥ .
(12)

Note that S̃i,t ∪ S̃j,t is a subset of both Sc
i,t, and Sc

j,t.
The communication problem for agent i is to minimize∥∥∥f̄Sc

i,t
− f̄S̃i,t∪S̃j,t

∥∥∥ by selecting measurements from So
i,t

to share. For example, the constraint in (8) is satisfied if∥∥∥f̄Sc
i,t
− f̄S̃i,t∪S̃j,t

∥∥∥ ≤ ε
2 and

∥∥∥f̄Sc
j,t
− f̄S̃i,t∪S̃j,t

∥∥∥ ≤ ε
2 .
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To obtain a submodular representation of the norm con-
straint (10), we utilize a result from [22], which is restated
as follows.

Lemma 1: Given a finite set of training data S, and function
f̄S =

∑|S|
i=1 αik(·,xi), then any subset S̃ ⊂ S satisfies the

criterion
∥∥f̄S − f̄S̃∥∥ ≤ ε if S̃ satisfies the inequality

log det(KS̃ + δI) ≥ log

[∫
X
dx− ε

]
. (13)

Using Lemma 1, we conclude that any set S̃i,t∪S̃j,t satisfying

log det(KS̃i,t∪S̃j,t
+ σ2I) ≥ log

[∫
X
dx− ε

2

]
, (14)

also satisfies
∥∥∥f̄Sc

i,t
− f̄S̃i,t∪S̃j,t

∥∥∥ ≤ ε
2 and∥∥∥f̄Sc

j,t
− f̄S̃i,t∪S̃j,t

∥∥∥ ≤ ε
2 . At every iteration t, agent i

selects data measurements (x, y) ∈ So
i,t to share, such that

(14) is satisfied when (x, y) is appended to S̃i,t−1 ∪ S̃j,t−1.
We subtract the term log det(2πeσ2I) from (14) to obtain
the equivalent inequality

log det(σ−2KS̃i,t∪S̃j,t
+ I) ≥ log

[∫
X
dx− ε

2

]
− log det(2πeσ2I), (15)

where the left side of (15) can be interpreted as the informa-
tion gain given the set S̃i,t ∪ S̃j,t. Therefore, the problem in
(8)-(10) can be rewritten as

arg max
{So

i(new)
}i∈V⊂{Bi,cl}i∈V

V∑
i=1

F (Si,t−1 ∪ So
i(new))

subject to |S̃i,(new)| ≤ m̃
log det(σ−2KS̃i,t∪S̃j,t

+ I) ≥

log

[∫
X
dx− ε

2

]
− log det(2πeσ2I),∀(i, j) ∈ E ,

(16)

where we now have a constraint on a submodular function
instead of a constraint on the norm difference.

B. Information Sharing as Submodular Optimization

Because measurement pairs in S̃i,t are selected from So
i,t,

we must consider the subset S̃i,t ∪ S̃j,t when selecting loca-
tions of measurement pairs to add to So

i,t. Additionally, there
is no guarantee that a feasible subset S̃i,t−1∪S̃j,t−1∪S̃i,(new)

satisfying the last inequality in (16) exists for arbitrary ε > 0.
Therefore, we aim to solve (16) approximately by moving the
constraint (15) into the objective function via penalty method.
The penalty functional is

ψt(S) =

V∑
i=1

F (Sc
i,t) +

∑
j∈Ni

log det(σ−2KS̃i,t∪S̃j,t
+ I)


(17)

Algorithm 1 Decentralized Multi-agent Exploration with
Limited Communications (DME-LC)

Require: T number of total iterations
1: Sc

i,0 ← ∅ for each agent i ∈ V; t← 1;
2: while t ≤ T do
3: Loop in parallel for agent i ∈ V
4: Compose So

i,(new) by greedily selecting m locations
according to argmaxx∈Bi,cl

wT
i ψi,t(S

c
i,t∪{x}), append

locations So
i,t ← So

i,t−1 ∪ So
i(new);

5: Select m̃ points to share
S̃i(new) ⊂ So

i,t using criterion
argmaxx∈Si,t

∑
j∈Ni

wj log det(σ
−2KS̃i,t∪S̃j,t∪{x} +

I);
6: Share S̃i(new) with neighbors, receive S̃j(new) from

all neighbors j;
7: S̃i,t ← S̃i,t−1∪ S̃i(new); S̃j,t ← S̃j,t−1∪ S̃j(new)∀j ∈
Ni;

8: So
i,t ← So

i,t\S̃i,t; Si,t ← So
i,t ∪ S̃i,t;

9: Sc
i,t ← So

i,t ∪ S̃i,t

⋃
j∈Ni

S̃j,t;

10: Update f̄Sc
i,t

and posterior covariance with Sc
i,t using

(2),(3);
11: t← t+ 1;
12: end while

where we are summing the term log det(σ−2KS̃i,t∪S̃j,t
+ I)

for each neighbor of agent i. The local penalty functional is

ψi,t(S
c
i,t) =F (S

c
i,t) +

∑
j∈Ni

log det(σ−2KS̃i,t∪S̃j,t
+ I)

(18)

where it follows that ψt(S) =
∑V

i=1 ψi,t(S
c
i,t). The local

penalty functional creates a multi-objective maximization
problem for each agent i. A user defined weight wk is
commonly appended to each kth objective to control the
priority of each objective and enable trade-off analysis [33].
Appending weights wi =

[
wi,1 . . . wi,Ni+1

]T
to each

objective in the local penalty functional, we obtain

wT
i ψi,t(S

c
i,t) =wi,1 log det(I+ σ−2KSc

i,t
) (19)

+
∑
j∈Ni

wi,j log det(I+ σ−2KS̃i,t∪S̃j,t
),

where

ψi,t(S
c
i,t) =

 log det(I+ σ−2KSc
i,t
)

log det(I+ σ−2KS̃i,t∪S̃j,t
)

...

 .
Because each term in (19) is submodular, then the sum of
the terms is submodular as well. As noted in [28], there exist
branch and bound algorithms for maximizing submodular
functions, but their scalability is limited. Therefore, we
choose the greedy algorithm to solve (19) because of its
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(a) Weights maximizing information gain (b) Equal weights (c) Weights minimizing model differences

Fig. 1: Measurement locations taken by three agents with (a) weights biased towards information gain, (b) balanced weights,
and (c) weights biased towards reducing model difference. The choice of weights affects DME-LC performance as expected,
e.g. in (a) and (b), the agents have sampled more locations than in (c).

efficiency and near optimal guarantees. The greedy criterion
for selecting measurements to compose So

i,(new) is

xl =arg max
x∈Bi,cl

ψi,t(S
c
i,t ∪ {x1, . . . ,xl−1})

= arg max
x∈Bi,cl

w1 log det(I+ σ−2KSc
i,t∪{x1,...,xl−1})

+
∑
j∈Ni

wj log det(KS̃i,t∪S̃j,t∪{x1,...,xl−1} + σ2I),

∀l = 1, . . .m.
(20)

Although Bi,cl is infinite, in practice the agent will select
from a finite set of candidate locations within Bi,cl based on
the agent’s real world dynamics.

The key steps in our method are summarized in Algorithm
1, which we refer to as DME-LC. In line 4 of DME-LC,
we utilize the greedy selection criterion from (20). In line
5, agent i greedily selects measurements to share from So

i,t.
Note that we are jointly optimizing for both information gain
and model difference when selecting locations to sample in
line 4, but only optimize for model difference when selecting
measurements to communicate in line 5. Because we consider
log det(KS̃i,t∪S̃j,t

+ σ2I) in (19), we expect the difference
between local models to not increase dramatically per iter-
ation. In the remaining lines 7-10, the agents update their
respective sets from acquired and received measurements.

V. EMPIRICAL ASSESSMENT

In this section, we evaluate the performance of DME-
LC across two numerical experiments over a bathymetric
dataset collected from Claytor Lake (CL), Virginia, USA
(shown in Fig. 1). First, we demonstrate how selection of
weights in DME-LC affects the joint objective of maximizing
information gain and minimizing model difference. In the
second experiment, we benchmark our method by comparing
it with a distance-based data exchange selection criterion.
Note that in practice, our assumption of locality may be
occasionally broken. However, this occurrence is infrequent
as agents gravitate to disjoint regions after receiving data

from neighbors and thus, the total information gain can still
be reasonably approximated as a sum.

A. Real World Bathymetric Data

We run simulations with three agents acquiring measure-
ments over the CL dataset. For the communication network,
we choose V = {1, 2, 3} and E = {(1, 2), (2, 3)}. The radius
of Bi,cl is 10 meters, and we choose a finite number of
candidate locations, including the agent’s current location,
within Bi,cl at which to evaluate wT

i ψi,t. At each iteration,
agents collect m = 5 measurements and share m̃ = 1
measurement with their neighbors. The hyperparameters are
{σ2 = 0.2, σ2

f = 0.36,Λ = 190Id} where Id is the d-
dimensional identity matrix. The hyperparameters λ2 = 190
and σ2

f = 0.36 ensure that pairs of measurements are approx-
imately uncorrelated when distances between measurement
locations increase beyond 30 meters. We consider three
sets of weights for each agent k. The first set prioritizes
maximizing information gain by setting w1 = 0.99, wj =
0.1, ∀j = 2, . . . , Nk + 1, the second contains equivalent
weights, i.e. wi = wj , ∀i, j = 1, . . . , Nk + 1, and the
third prioritizes minimizing model difference, setting w1 =
0.1, wj = 0.99, ∀j = 2, . . . , Nk + 1.

Comparing Fig. 1a, 1b with 1c, we note that the total
number of locations visited by the three agents is fewer when
prioritizing model difference. This is due to agents selecting
their current location as the best candidate for minimizing
model difference. The ratio of shared to unshared data
increases when agents remain in place, further minimizing
model differences. Figures 2a and 2b confirm the expected
trade-off between maximizing information gain and minimiz-
ing model differences when weights are extremely biased for
one objective. In general, however, selecting measurement
locations beneficial to model similarity facilitates the total
joint information gain, evidenced by the slight improvement
in joint information gain when weights are balanced and lack
of a steep drop-off in information gain even when weights
are biased for model similarity, as shown in Fig. 2a.
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(a) Joint information gain from three agents

(b) Avg. model difference between neighbor pairs

Fig. 2: Performance metrics for DME-LC given three sets
of weights. In (a), the joint information gain from three
agents is lower when weights prioritize minimizing model
difference (shown by the yellow line), but in (b) we see that
this prioritization greatly reduces the rate of increase of the
average model difference between neighbors.

B. Benchmark Assessment

Although there exist criteria for selecting subsets of infor-
mation to communicate, we are unaware of any algorithm
directly addressing the problem of collaborative exploration
under bandwidth limitations. Thus, to benchmark our solu-
tion, we modify our weighted local penalty functional in (19)
to consider the Euclidean distance criterion devised in [20]
instead of the log determinant of the covariance matrix. The
choice of using distance is based on the intuition that agents
sampling near each other will naturally have similar function
approximations. Modifying (19), we obtain

wT
i ψ

(dist)
i,t (Sc

i,t) = wi,1 log det(I+ σ−2KSc
i,t
) (21)

−
∑
j∈Ni

g(wi,j ,xi,cl, S̃j,t)dist(S̃i,t, S̃j,t),

where dist(S̃i,t, S̃j,t) is the minimum distance between any
two locations in S̃i,t, S̃j,t. To incentive locality we define

g(wi,j ,xi,cl, S̃j,t) =

{
wi,j dist(xi,cl, S̃j,t) > δ

0 dist(xi,cl, S̃j,t) ≤ δ
.

We compare DME-LC with the functional based on distance
(21) by running Monte-Carlo simulations over the CL dataset.
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Fig. 3: In (a), DME-LC leads to improved information gath-
ering, but with lower agent model similarity (b). However, we
do not seek increasing agent similarity, but rather seek agent
models that are sufficiently similar to enable improved joint
information gathering. As indicated in Fig. 2, selection of
weights can be used to enforce more or less model similarity,
which also affects joint information gathering performance.

The number of agents, network configuration, hyperparam-
eters, and starting location of the agents are the same as
described in Section V-A. For each simulation, the weights
wi are chosen randomly from a uniform distribution over
the interval of [0, 10]. Both methods are evaluated for joint
information gain and average model difference between all
neighbor pairs at the end of simulation. Results from each
algorithm are averaged over 100 simulations.

From Fig. 3a and 3b, we observe that on average DME-
LC achieves higher information gain, but also higher model
difference. However, variance in performance for DME-LC is
higher for information gain and similar for model difference
than that achieved by (21), indicating that the choice of
weights has a greater effect on objective prioritization for
DME-LC. Loosely speaking, we can think of the objective
of sampling to keep models similar as being orthogonal to
the objective of sampling to maximize information gain. For
example, a naive way for models to remain consistent among
agents is to acquire uninformative samples. However, coor-
dinated exploration among agents requires similar models.
Indeed, in our approach, maintaining similar models among
agents implicitly facilitates coordination in exploration.

VI. CONCLUSION

The problem of distributed environment learning under
communication constraints is formulated as a multi-objective
submodular maximization problem. We have empirically
demonstrated that our multi-objective criteria is able to
facilitate maximizing information gain while also optimizing
for model similarity between agents. To further generalize our
strategy, we seek principled methods for addressing this prob-
lem while relaxing our assumptions of a fixed communication
network and identical hyperparameters between agents.
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