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Fig. 1. Illustration of the proposed higher order reasoning for a 3 robot operation in a communicationless environment. Blue finds a task (a) and decides
to go fetch red (b) because it reasons that red will take longer than green to find the task with its current plan. Meanwhile, green finds the task (c) and
reasons that blue likely found it earlier and went to fetch red, thus triggering it to remain at the task to wait for the rest of the team (d).

Abstract— In communicationless environments, multi-robot
systems must operate without the constant information ex-
change that many coordination strategies typically assume. This
paper presents a novel dynamic epistemic planning framework
that enables implicit coordination and long horizon planning
through higher-order reasoning among robots. With our ap-
proach, robots form and propagate higher-order belief particles,
update world beliefs using Bayesian inference, and select actions
via a behavior tree that anticipates teammates’ likely decisions.
A temporally aware Model Predictive Path Integral (MPPI)
controller integrates this reasoning into low-level execution,
allowing robots to plan intercepts and adapt trajectories under
partial observability. The proposed framework is evaluated in
both simulations and physical experiments, where it consistently
reduces task completion time compared to a first-order baseline,
demonstrating that epistemic logic can serve as a robust foun-
dation for resilient coordination in communication-restricted
domains.

I. Introduction

Multi-robot systems (MRS) provide advantages over
single-robot systems for many task-oriented applications
such as search and rescue, disaster relief, surveillance, and
reconnaissance [1]. In such operations, task objectives are
often unknown a priori and may require multiple robots
to complete; therefore, deploying an MRS to localize these
tasks is beneficial. However, MRS effectiveness often relies
on unrealistic assumptions of constant communication [2]
or carefully planned rendezvous strategies [3]. With these
considerations in mind, this paper focuses on answering the
following question: How can we effectively coordinate an
MRS to perform collaborative operations without explicit
communication? While this is a very strict constraint, we
note that communication is often the bottleneck in MRS
coordination, presenting delays and data loss. Additionally,
communication may be not possible due to range constraints,
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undesired as in military scenarios where detection is un-
wanted, or denied due to jamming or bandwidth congestion.

To this end, we propose a Theory of Mind (ToM)-based
epistemic planning method that empowers each robot in the
MRS with the ability to perform higher-order reasoning and
predict and plan actions using the “I know that you know
that I know” empathetic paradigm found in social/cognitive
science. This approach is inspired by how humans form
beliefs, reason about higher-order knowledge, and empathize
with others’ perspectives to reach a consensus, enabling col-
laboration. ToM hypothesizes that through the combination
of such belief and empathy modeling, humans can predict
the behavior of others, adapt their own plans accordingly, and
coordinate effectively, even in the absence of communication.

In this work, we extend the concept of ToM to autonomous
systems, enabling robots to reason over both what they know
and what they believe other robots may know. We will show
that coordination strategies based on higher-order reasoning
provide a robust basis for persistent MRS operations.

Fig. 1 illustrates the problem and outcome from our
proposed ToM-based epistemic planning method. In this ex-
ample, taken from the simulation, three robots are deployed
to find and perform a task that requires the entire team to
complete. The task location is unknown a priori. Using the
proposed approach, the three robots begin by exploring the
environment without communication using a frontier method.
The blue robot finds the task, observes that it requires the
rest of the team and evaluates what behavior to perform: 1)
waiting to perform the task, 2) continuing exploring, or 3)
seeking help. By predicting the behavior and future states
of the other teammates, blue decides to proceed with 3) and
fetch red who will take longer than green to find the task.
Blue reasons that it can shorten the time for red to reach
the task and complete the entire mission by selecting this
behavior. While blue is fetching red, green discovers the
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task and reasons about what may have happened in the past
and what the likely behaviors of the other robots are. Green
“rewinds” time and predicts that blue may have found the
task and it may have gone to fetch red, thus it chooses to wait
at the task where it expects to see blue and red approaching in
a near time horizon. Blue can similarly predict the expected
time that it takes for green to reach the task and green’s
behavior after task discovery. The same applies to red when
it reaches the task. The example in Fig. 1 highlights the core
higher-order reasoning principles behind our approach that
allow robots to: ‘think’ about what has happened and what
will happen over a horizon, evaluate different actions and
the possible outcomes, and select the best behavior while
considering the entire team’s capabilities.

We achieve this implicit higher-order reasoning and coor-
dination through the use of: 1) Dynamic Epistemic Logic
(DEL) which creates and propagates belief and empathy
particles, allowing a robot to model the evolution of states
and behaviors over a long horizon, 2) Bayesian belief up-
dates, which allows the fusing of local observations with
previously held epistemic state beliefs, and 3) a behavior
tree search process which uses previously formed belief
and empathy particles to determine the optimal behavior
from a set of possible behavior primitives. Additionally,
we propose: 4) a modified MPPI controller that produces
stochastically optimal control inputs under a non-linear, time-
varying objective function to fetch other robots, and 5) a
belief-informed frontier exploration process which is used
for efficient exploration under communication constraints.

Our contribution is two-fold: 1) we introduce a long-
horizon estimation–planning–coordination framework for
non-communicative multi-robot teams that couples DEL-
based higher-order reasoning with belief-informed frontier
exploration and an MPPI to achieve path planning in dynamic
environments with non-linear cost functions; 2) we show
that leveraging higher-order reasoning enables behavior-
tree–driven long-horizon plans that adapt to unexpected situ-
ations and accelerate task completion across both simulations
and experiments.

The rest of the paper is organized as follows. Sec. II
reviews the state of the art in MRS coordination; Sec. III
formally defines the problem; Sec. IV presents the MRS
estimation–planning–coordination framework for communi-
cationless systems; Secs. V and VI present simulation and
experimental results; and Sec. VII provides conclusions and
outlines future work.

II. RelatedWork

Interest in multi-robot exploration and task allocation
is rising, driven by affordable platforms and goals of re-
ducing human involvement in hazardous or menial tasks
[4]. Previous efforts have attempted to solve the coordina-
tion challenge associated with MRS through market-based
approaches that leverage an auctioneer to determine the
optimum agent to explore an area [5] or through decision-
theoretic approaches [6], but these methods require assured
communication between robots and the central controller. To

overcome the shortcomings of centralized systems, decentral-
ized approaches have been increasingly proposed due to their
flexibility and robustness. In [3], [6], global communication
assumptions are relaxed and a decentralized approach is im-
plemented that accounts for a limited communication range.
While these approaches allow for more realistic environ-
ments, systems can still fail due to malfunction or intentional
interference such as jamming or signal degradation [2].
Prior non-communicative work have leveraged biomimicry
for coordination [7], using visual cues, predefined sensori-
motor behaviors, and a priori search patterns, with simple
evaluations in obstacle-free environments.

In order to address the challenges of coordinating commu-
nicationaless MRS, we implement a ToM inspired approach.
ToM focuses on how humans infer the beliefs, intentions,
and desires of other humans and use that knowledge to
improve our understanding of the world around us [8], [9]. To
integrate Theory of Mind (ToM) into autonomous systems,
epistemic planning has been proposed as a way to generate
plans that consider what a robot knows and believes, as well
as what it does not know [10], [11]. Dynamic epistemic
logic (DEL) extends epistemic logic with a framework for
information change, specifying how observations transform
an agent’s belief state [12]. This approach enables higher-
order reasoning: robots form beliefs about other robots, about
what other robots believe about them, and about what those
robots believe about third robots. Following [9], we refer to
these as first-, second-, and third-order reasoning.

Through the use of DEL-based higher-order reasoning, this
work advances the state of the art in decentralized MRS
coordination for unknown, partially observable environments
where explicit communication is not possible.

III. Problem Formulation

Let us consider an MRS team, R, of nr robots operating in
a partially known, communicationless environment W ⊆ R2

in which the goal is to discover and complete a task g in the
shortest amount of time.

Let Rg ⊆ R denote the subset of robots required to
complete g. For any robot i ∈ Rg we define T̃i as the
estimated task completion time, measured as the time lapsed
from the start of the mission to the completion of g. With
this, the total mission time T can be written as:

T = E

[
max
i∈Rg

T̃i,

]
. (1)

We can then formally define our problem as:
Problem 1: Communicationless Collaborative Task Dis-

covery and Completion. Design a strategy to dynamically
select the best motion planning policy πi ∈ Π for each robot
i ∈ R such that g is discovered and completed in the shortest
amount of time possible:

πi = arg min
π∈Π

T ∀i ∈ R. (2)

As we will show next, by leveraging higher-order reason-
ing and planning - which for brevity we call epistemic plan-
ning - paired with future and backward horizon predictions,
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Fig. 2. Diagram of our proposed approach. Our contribution is shown in
the blue dashed box.

each robot is able to minimize this global cost by selecting
behaviors that others can predict in the absence of explicit
direct communication.

IV. Approach

Our approach is summarized in Fig. 2. Each robot begins
by exploring the environment in search of tasks using a
Frontier method [13]. Once a robot discovers a task, it
performs an epistemic belief assessment, predicting the likely
behaviors of other teammates by propagating forward and
backward belief particles. These particles inform the behav-
ior tree, which applies high-level reasoning to evaluate all ac-
tions and predict associated outcomes to best accomplish the
task. The optimal behavior is then selected, and the process
continues until all tasks are completed or the environment has
been fully explored. We now present how each component
of the approach is implemented, starting with a preliminaries
section. We then discuss how belief and empathy particles
are created and propagated to predict teammates’ behaviors
and select the optimal behavior to execute.

A. Preliminaries

1) Notation: Throughout the paper, predicted quantities
are denoted by a tilde (x̃), unit vectors by a hat (v̂),
and vectors are boldface (x). The state vector, xi(t) =[
xi(t), yi(t), θi(t)

]⊤
∈ R2×S, consists of the (x, y) position and

orientation, θ for robot i. Lastly, the unit bearing between
two vectors is denoted as:

d̂(xa,xb) =
xb − xa

∥xb − xa∥
. (3)

2) Dynamic Epistemic Logic (DEL): DEL is a reasoning
framework that allows robots to translate observations into
beliefs, considering uncertainty and incompleteness of infor-
mation, and reason over those beliefs for planning in systems
with distributed knowledge and capabilities [10].

In order to use DEL in our approach, we construct 3
vectors which hold information that robot i has attained
through observations and reasoning, specifically: the robot’s
pose xi, the epistemic state ei, and the behavior state bi.

The epistemic state, ei(t) ∈ Rnr encodes team knowledge
with entries e j

i (t) ∈ {0, 1}, where e j
i (t) = 1 if robot i believes

j has discovered the task. For our work, we only consider
environments with a single task, but our approach can be
expanded to ng tasks by expanding the epistemic state to
ei(t) ∈ Rnr×ng . The behavior state, bi(t) =

[
b̃0

i (t), . . . , b̃nr
i (t)
]
,

describes the predicted behavior of all robots within R.

(a) Frontier selection process at t (b) Frontiers at t + 10

Fig. 3. Example of the frontier selection process for exploration.

For collaborative multi-robot operations, most required be-
haviors can be decomposed into a set of behavior primitives.
For this work, we define these primitives as i) explore (e):
exploring an area in search of the task, ii) complete task (c):
going to an identified task or waiting for other robots to arrive
at the task, iii) fetch (fj): deliberately creating an interaction
with another robot, j with the intention of driving it towards
the task, or iv) modified explore (ē): a temporarily modified
search pattern resulting from an unexpected interaction with
another robot. This modified search pattern drives a robot
away from a specific robot before resuming normal frontier
exploration, e, behavior. With this minimal set of behavior
primitives, each robot can select a policy according to (2)
for the class of collaborative tasks addressed herein.

B. Belief and Empathy Formulation and Propagation

Each robot i starts the operation in exploration behavior
bi = e and with an epistemic state ei = 0 until a task is
discovered in which case ei = 1. Within our epistemic frame-
work, each robot propagates belief states x for all robots over
a predictive time horizon H. In this way, each robot i can plan
according to its belief about other robots and empathize with
where other robots expect i to be located and what behavior
they expect i to be doing, even without communicating. We
define a set of particles Pi = {P

j
i ,

i P
j
i ,

k P
j
i } to represent these

belief and empathy states from the perspective of i, where:

• P
j
i (t) =

{
x̃ j

i (t)|b̃
j
i

}H
t

is the first order belief indicating i’s
estimated state of j given predicted behavior of j over
a time horizon H;

•
iP

j
i (t) =

{
ix̃ j

i (t)|
ib̃ j

i

}H
t

is the second-order empathy that
indicates what i believes that j believes about i; and

•
kP

j
i (t) =

{
kx̃ j

i (t)|
kb̃ j

i

}H
t

represents what i believes that j
believes about k.

These particles are used to inform robot i’s frontier explo-
ration strategy and higher-order reasoning.

Exploration is achieved via a frontier-based approach
leveraging first-order particle propagation. Traditional tech-
niques rely on communication to decide what actions to per-
form. In contrast, here each robot is predicting the expected
state of the other teammates to decide where to go next.

To start, an ith robot will update its and the expected map
of every other robot j at the state described by the jth belief
particle. Using this belief map, the ith robot can evaluate its
frontier set Fi defined as the set of all cells that are adjacent
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to unknown cells (i.e., outside of ith field of view and not
visited by i yet) and pick a frontier f ∗i to aim for, chosen
among all fi ∈ Fi. This is illustrated in Fig. 3. To enforce a
uniform exploration, in this work we decided to leverage a
homogeneous frontier selection to track the f ∗i that is in the
direction most opposite to the other robots positions:

f ∗i,e = arg min
fi∈Fi

(
x( fi) − xi

)⊤
∥x( fi) − xi∥

d̂i , (4)

di =
1

nr − 1

nr∑
j=1
j,i

(
x j − xi

)
=⇒ d̂i =

di

∥di∥
, (5)

where di is the mean displacement vector from robot i to
the estimated positions of all other robots, ||di|| is the length
of di, and d̂i is the normalized vector. The position of the
frontier cell is x( fi), fi ∈ Fi.

i propagates these particles over time by predicting the
control input and the resulting list of frontiers that robot j
would possess, F j if j continues to behave according to b j

i
This evolves the state over time according to:

x̃ j
i (t + ℓ + 1) = h

(
x̃ j

i (t + ℓ), ũ j(t + ℓ)
)
, ℓ = 1, . . . ,H, (6)

where h(·) is assumed to be a known dynamical model
function of robot j.

Empathy particles are formed by propagating the nested
state beliefs over H using the previously described process
and are used by i to understand how predictable it is acting.
For instance, if i must avoid an obstacle that is unknown to
j, i will be forced to deviate from the location held within
iP

j
i (t). By creating iP

j
i (t), robot i can control back to the

location that i believes j believes i should be.
1) Repulsive Frontier: In addition to forming belief and

empathy particles, a robot must recognize when its beliefs
are incorrect and update its predictions. To do so, it compares
its sensor readings with their predicted values to determine
when an observation is unexpected. Such unexpected read-
ings may occur naturally during exploration or be deliber-
ately induced by peers. We formalize unexpectedness via a
residual measure:

λi, j(t) = ∥x̃
j
i (t) − x

j
i (t)∥, (7)

where x j
i (t) is the observed state of j. If λi, j(t) exceeds a

predefined threshold, i recalculates its frontier selection by
selecting f ∗i as the frontier most opposite of x j using:

f̃ ∗j,ē = arg min
f̃ j∈F̃

j
i

d̂(xi,x( f j))⊤d̂(xi,x j). (8)

i then propagates belief and empathy particles assuming
that b j = ē over H as in (6).

C. Bayesian Epistemic State Updating

During frontier exploration, a robot can experience a vari-
ety of events ζ that provide evidence about whether a robot
has discovered a task. In collaborative robot operations, this
list of events can be narrowed to the following: (i) unexpected
observation of another robot, (ii) prediction that another

robot has discovered a task, (iii) expected observation of
another robot, (iv) failing to observe another robot when
expected to, (v) successfully intercepting another robot, (vi)
failing to intercept another robot, and (vii) task discovery.
For example, if the jth robot unexpectedly detects another
robot, i, that has deviated from its predicted path, xi(t) ,
x̃i(t), j will reason that i probably possesses knowledge
not held by j, increasing the likelihood that i knows the
location of the task since j has not yet discovered it. In this
section, we explain how a robot i updates its epistemic state
hypothesis, ei about every other robot, based on evidence
collected during these events.

Each robot i maintains a distribution of probabilities P for
every possible combination of epistemic states e j

i ∈ E (e.g.,
for a 3 robot case Ei = {e

1
i = [0, 0, 0], e2

i = [0, 0, 1], . . . e8
i =

[1, 1, 1]}). Each probability is initialized to a user-defined
value, setting a prior that gets updated as events occur to
obtain a posterior via a Bayesian update process. In this
work, an event occurrence signifies the discovery of a task
by a robot k which will increase the probability of all the
epistemic states that contain ek = 1. For ease, probabilities
are increased (or decreased) using a fixed increment (or
decrement) as follows. Given ei = [e1, e2, . . . , ek, . . . , enr ]:

P(e j
i ) =

P(e j
i ) · P

+ if ek = 1 ∧ ζk = 1 ∀e j
i ∈ E

P(e j
i ) · P

− if ek = 1 ∧ ζk = 0 ∀e j
i ∈ E

(9)

where 1 > P+ > P− > 0 are the fixed increment and
decrement values respectively and ζk is an indicator binary
variable set to 1 if an event is detected associated with
k. Similar to occupancy grid mapping, this approach will
reinforce probabilities related to epistemic states in which k
is believed to have found the task.

Once an event has occurred and the probabilities have been
set, we search among all epistemic state combinations for the
most likely one. Here we compare the predicted map M j –
associated with the states from the first order particle set P j

i
for each robot j – with the current map Mi discovered by
i and task location (if known) to assess if any robot j has
discovered a task. Formally, if i has discovered a task g:

e j =

1 if ei = 1 ∧M j ∩ {xg} , ∅ ∀ j ∈ R
0 otherwise

(10)

We then use (9) to update the likelihood associated with each
e j

i ∈ E.
Finally, robot i updates its hypothesis of ei by selecting the

maximum-a-posteriori hypothesis from the set of all possible
hypotheses, E:

e∗i = arg max
ei∈E

P(e j
i ). (11)

D. Behavior Selection via Depth-Limited Tree Search

Once an event is detected, the Bayesian update process
outlined in the previous section leads to an updated e∗i . In
turn, this epistemic state is used to decide what behavior
b ∈ B to perform to complete the task in the shortest amount
of time, i.e, to satisfy (2). This multi-step process involves:
i) updating the predicted teammate’s behavior state vector bi
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Fig. 4. Illustration of the tree search-based behavior selection method.

via higher-order reasoning informed by robot i’s belief and
empathy particles, and ii) using bi to inform selection of the
bi ∈ B that minimizes (1).

1) Behavior State Formation via Higher-order Reasoning:
Behavior selection starts with estimating peers’ behaviors. e∗i
indicates to robot i whether any j ∈ R is aware of the task,
but does not encode information about the time in which j
discovered it or j’s behavior afterward. Robot i discerns the
time that j found the task by leveraging the historical pose
estimates x̃ j(t) encoded in

{
P

j
i (τ)
}t
τ=0

.
Specifically, the estimated discovery time, g t̃ j

i , is the first
time that i predicts xg was within j’s sensing range, S j:

g t̃ j
i = min

{
τ ∈ [0, t]

∣∣∣ ∥x̃ j
i (t) − xg∥ ≤ S j

}
. (12)

If the ith robot believes that j has discovered the task, i
infers the behavior j would select after the discovery, b̃ j

i , by
performing a depth-limited behavior tree search initialized at
g t̃ j

i . This behavior tree is constructed using state information
contained within i’s second- and third-order beliefs to allow
i to reason about how j believes the mission will progress
based on any behavior j selected. Each branch of the
behavior tree represents the resulting epistemic state and
estimated total mission time, T̃ j

i (b) for all b ∈ B.
Consider the example illustrated in Fig. 4 in which the

blue robot discovers the task at gti. Blue reasons that green
has also seen the task. Using its second- and third-order
empathy particles, blue determines that green would have
likely selected the behavior, forange after task discovery. Blue
then prunes this branch from its behavior tree and selects the
remaining option that will minimize T (i.e. fred).

To estimate T̃ j
i (b), i must calculate when j believes that

each k ∈ R will complete the task ∀b ∈ B. We denote this
higher-order belief as kT̃ j

i , read as j’s belief of the time
required for k to complete the task as computed by i. In
other words here i is rewinding time after discovering that j
was at the same task to recreate j’s reasoning process given
its knowledge at the time about all k ∈ R.

For b ∈
{
c, e, e∗

}
, kT̃ j

i is computed by casting the problem
as a forward reachability analysis with

kT̃ j
i = min{t | (Sk, t ∈ [g t̃ j

i ,
g t̃ j

i + H]) ∩ {xg} , ∅} (13)

where S is the reachable set computed by integrating forward

the dynamics of k considering the sensing field of view area
described by k while moving [14].

If b = f, kT̃ j
i is estimated using a Dubins reachability

analysis [15] to estimate the time required for j to reach the
point that will lead to a successful fetch of k and return to the
task (more details about fetching is provided in Sec. IV-E).

With kT̃ j
i , the maximum mission time is expressed as:

T̃
j

i (b) =
[
max
k∈Rg

kT̃ j
i ,

]
(14)

and the behavior of j is obtained by:

b̃ j
i = arg min

b∈B
T̃

j
i (b). (15)

2) Behavior Selection: Robot i, that has discovered the
task, now has a belief of who else discovered the task (e)
and what behavior they are now performing (b). With this
information, i can select its optimal behavior using the same
behavior tree search process above. i can prune the behavior
tree to remove behaviors that it believes have already been
performed (i.e., not fetching robot k because i has predicted
that j likely decided to fetch k when j previously found
the task). Given this pruned tree, i can then select the best
behavior which minimizes cost according to:

bi = arg min
b∈B

Ti. (16)

E. Interception via Temporally Aware MPPI

Upon discovering a task, if robot i selects fetch f, it uses
P

j
i (t) to plan an intercept that redirects j’s frontier choice

toward faster discovery of the task. This is possible because
i knows that an unexpected appearance in j’s field of view
raises the residual, prompting j to switch to the modified
frontier approach ē in (8). Executing a fetch behavior f
involves choosing where and when to meet j, generating a
trajectory to reach the intercept point and assessing success
by updating the predicted trajectory of j. We implement this
with a modified MPPI controller, [16], which efficiently sam-
ples diverse candidates and returns a stochastically optimal
intercept path. As shown in Fig. 5(a), a non-optimal intercept
can be counter-productive to blue’s goal of pushing green’s
search toward the task; with our MPPI (Fig. 5(b)), blue
avoids unintended rendezvous and arrives at the right place
and time. The next section details intercept-point selection,
trajectory generation, and success evaluation.

1) Finding the ideal intercept point: To execute a fetch
behavior, i first identifies x∗int, the earliest reachable position
that causes j to detect i and select repulsive frontiers that
drive j toward the task. The set of candidate intercept points,
I = {xint(τ)

}t+H
τ=t , is generated over a finite horizon H, and the

earliest candidate that is deemed reachable by i via Dubins
reachability analysis is selected. Each xint(τ) is constructed
as the point just inside j’s sensing range, S j, on the side
opposite from xg at t = τ:

xint(τ) = x̃ j(τ) + (S j − σ) d̂(xg, x̃ j(τ)), (17)

where σ is a small offset, placing i within j’s sensor range.
We compute the time required for robot i to reach each
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(a) Baseline direct trajectory (b) MPPI generated trajectory
Fig. 5. Illustration of the fetching behavior: (a) a naive approach that leads
to early rendezvous causes a counter-productive reaction by green; (b) with
MPPI, rendezvous is avoided until the optimal time.

candidate intercept point xint(τ) ∈ I using Dubins time [15],
which combines the straight line travel time and heading
alignment time to xint:

D
(
xint(τ),xi(t)

)
=

∥∥∥xint(τ) − xi(t)
∥∥∥

vmax

+
1
ωmax

arccos
(
θ̂i(t) · d̂

(
xi(t),xint(τ)

))
.

(18)
where θ̂i(t) = [cos(θi(t)), sin(θi(t))] is the unit orientation
vector, vmax is robot i’s maximum linear velocity, and ωmax
is the maximum angular velocity.

The earliest feasible candidate is selected by minimizing
the index τ subject to reachability:

τ∗ = arg min
τ∈{t,...,t+H}

(τ − t) s.t. D ≤ α (τ − t). (19)

Because D assumes a direct route at maximum speed, we
introduce a slack factor α ≤ 1 to account for longer, non-
direct trajectories that may be generated by the MPPI.

The optimal intercept point is then set as x∗int = xint(τ∗),
which we send to the MPPI for trajectory generation.

2) MPPI Trajectory Selection: Given x∗int, we use a mod-
ified MPPI to iteratively generate a stochastically optimal
trajectory u∗ = {u1, . . . ,uHu } over horizon Hu. Following
[16], at each iteration we create K candidate control se-
quences {uk}

K
k=1, and use the robot’s dynamic model to obtain

candidate trajectories {rk(h)}Kk=1 with h = {0, . . . ,Hu} being
the discrete time index. We evaluate each candidate trajectory
with a three-part cost function that penalizes misalignment
between i and j, distance from x∗int, and safety:

J(rk) =
Hu∑

h=0

m(rk, h)Φ(rk, h) +
∥∥∥rk(h) − x∗int

∥∥∥2 + cs
(
rk(h),M

)
.

(20)
The first term encourages an intercept geometry in which

robot i positions itself on the side of j opposite the task xg

(Fig. 5(b)). It activates only when i is within j’s sensor range
S j and then penalizes same-side alignment with respect to
the task. Concretely, m = η if ||x̃ j(h)−rk(h)|| ≤ S j, otherwise
0, where η is a constant gain applied to the alignment cost.
Φ is defined as:

Φ(xk, h) =

(Ψ(rk, h) + 2)2, if Ψ(rk, h) > γ,

0, else,
(21)

where Ψ(·) = d̂(x̃ j(h),xg)⊤d̂(x̃ j(h), rk(h)), measures the dot
product between the vector from x̃ j(h) to xg and the vector
from x̃ j(h) to rk(h). γ is a user-defined threshold.

The second term in J(rk) promotes liveness by penalizing
deviation from the intercept point, while the third term pe-
nalizes unsafe proximity to known obstacles via cs(rk(h),M)
when the separation between rk(h) and any xobs ∈ M falls
below a safety margin.

After evaluating Jk for all K candidate trajectories, the
optimal sample index is selected as:

k∗ = arg min
k

J(k). (22)

The corresponding control sequence is uk∗ .
After executing the MPPI trajectory x∗i , robot i enters j’s

field of view, prompting j to evaluate the residual (7); if
λi, j(t) > δ, j replans with the modified exploration policy
ē and selects a new frontier. Anticipating this, i propagates
an updated belief particle to predict j’s new trajectory with
b j = ē. The intercept is declared successful if:

gt j
i (t) ≤ κD(x̃ j(t), xg), (23)

where D is the Dubins time to task for j, as calculated in
(18) and κ is a safety factor that allows indirect routes. If
unsuccessful, i selects a new x∗int and retries. If i determines
the intercept was successful, i updates its epistemic state and
selects a new behavior. If the intercept was unsuccessful,
robot i repeats the MPPI process by selecting a new x∗int and
attempts another intercept.

V. Simulations

Our approach was evaluated in a simulated 150m2 en-
vironment. Sensing was performed using a simple lidar
sensor model with a range of 20m. Robots were modeled
as differential-drive with nominal speed of 1.0m/s, and the
ability to increase speed up to 1.25m/s when required for
fetching or returning to a robot’s second-order empathy
particle. This formulation reflects a common practice in
long-duration robotic operations, where a nominal endurance
speed is maintained for efficiency, but higher speeds can
be used for short bursts when needed [17]. Simulations
were performed with teams of 2, 3, and 4 robots over 100
randomized trials per team size, sampling task locations and
robots’ initial poses uniformly within the environment. For
each task, all robots were needed to complete the task,
i.e., Rg = R and task completion was defined as all team
members reaching within 1.0m of the task. We considered
both: (i) empty environments and (ii) cluttered environments
containing five square obstacles placed at random locations.

As a comparison baseline, we implemented a first-order
reasoning policy where each robot predicts peers’ positions
using only first-order beliefs biasing its exploration toward
regions opposite to those peers, as explained in Sec. IV-B.

Across 600 trials (100 per setting), our approach matched
or outperformed the baseline in 93.3% of cases, as shown in
Fig. 6. A “match” occurs when a robot that finds the task
predicts that all teammates will arrive at the task sooner than
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Fig. 6. Outcome distribution across the 6 simulated scenarios. Our approach
is deemed successful if the time to completion is the same (yellow) or
improved (green) compared to the baseline.

a fetch maneuver could be accomplished. The time-optimal
decision is therefore to abstain from fetching, as fetching
would not reduce completion time. When our policy included
a fetch behavior, it reduced completion time by an average
of 169s (20.8%), shown in Fig. 7.

These improvements arise from the higher-order reasoning
capability of our framework. An illustrative example is
shown in Fig. 8. In this scenario, the green robot detects
the task in Fig. 8(a), recognizes that it is the only robot
aware of the task, and identifies that fetching red yields the
greatest time reduction. As shown in 8(b), green uses the
MPPI, to position itself to intercept red and, upon confirming
a successful interception, green repeats this process. The
next most beneficial action is to fetch orange. While green
fetches orange, red discovers the task, as shown in Fig. 8(c).
Leveraging its second- and third-order beliefs about green,
red predicts that green would have fetched both red and
orange and reasons that fetching blue is the most beneficial
behavior remaining. Red completes the intercept in Fig. 8(d)
while green completes its intercept in Fig. 8(e). Through
this sequence of higher-order-based reasoning, all robots
converge on the task in 529s: 333s faster than the baseline,
shown in the supplementary material.

Figure 8(b) illustrates additional behaviors arising from
higher-order reasoning. When the orange robot encounters an
obstacle, it adjusts its trajectory while maintaining a second-
order belief of its perceived location by teammates, allowing
it to return gradually to the position consistent with its
second-order empathy particle. This adjustment enables the
green robot to successfully intercept orange later in the sim-
ulation at t = 431s. Such behaviors demonstrate how higher-
order epistemic reasoning facilitates coordination, even in
unknown and cluttered environments. These results show that
our long-horizon estimation–planning–coordination frame-
work based on higher-order reasoning significantly reduces
task completion time relative to first-order baselines. We next
present experiments with multiple ground robots to validate
the feasibility of our approach in physical systems.

VI. Experiments

Our approach was validated through laboratory exper-
iments with teams of 2 and 3 robots placed at random
locations within a 4m2 area. Because of the smaller operating
region, the sensing range was decreased to 0.75 m and the

Fig. 7. A comparison of the task completion time for our approach versus
the baseline when a decision to fetch was made by a robot within the MRS
(improved trials from Fig. 6).

(a) t = 14s (b) t = 147s (c) t = 205s

(d) t = 375s (e) t = 431s (f) t = 529s
Fig. 8. Simulation snapshots of a 4-robot case in a 5-obstacle environment.
Colored rings denote sensing range; circles encode behavior as: yellow =
complete task; robot’s color = fetching that robot; none = explore.

nominal speed was set to 0.1 m/s. As in the simulations,
robots could increase their velocity up to 0.125 m/s during
fetching or while returning to their second-order empathy
particle after avoiding an obstacle. The task requires Rg = R.

One example is shown in Fig. 9, with the task placed in
the center at (2.0 m, 2.0 m), and two (0.3m× 0.3m) obstacles
placed within the environment. As illustrated in Fig. 9(a), the
team of robots begins exploring the area, at which point the
green robot locates the task and reasons that no other robots
have detected it. As shown in Fig. 9(b), green chooses to
fetch blue using an MPPI. After evaluating the effectiveness
of the intercept, the green robot determines that it succeeded
fetching and selects a new behavior using the behavior tree
process. This time, it finds that it can further minimize (1)
by choosing to fetch red.

While green is fetching red, blue discovers the task. Upon
doing so, it applies higher-order reasoning to infer that green
had already found the task and decided to fetch blue. Blue
then reasons that this behavior was completed and that green
would have chosen to fetch red as its next action. Based on
this reasoning, blue ultimately selects complete task as its
behavior, shown in Fig. 9(c).

The green robot successfully intercepts the red robot,
shifts its search pattern toward the task, and enables mission
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(a) snapshot at t = 4s (b) snapshot at t = 35s (c) snapshot at t = 90s (d) snapshot at t = 115s

(e) Vicon data at t = 4s (f) Vicon data at t = 35s (g) Vicon data at t = 90s (h) Vicon data at t = 115s
Fig. 9. Experiment results for a 3 robots case.

completion, shown in Fig. 9(d). This mission was completed
in t = 115s, a reduction of 84s (57.8%) compared to the
baseline time of t = 199s. Full experimental videos are
provided in the supplemental material.

VII. Conclusions and FutureWork
This paper presented a decentralized framework for im-

plicit multi-robot coordination in communicationless set-
tings. Using dynamic epistemic logic, robots maintain belief
and empathy particles to interpret unexpected events and
reason about teammates; a higher-order reasoning-based be-
havior tree selects actions that minimize task completion time
and an MPPI enables long-horizon planning under partial
observability. Simulations and experiments show consistent
reductions in task completion time versus first-order base-
lines, validating epistemic reasoning for resilient coordina-
tion. Although we focus on communicationless cases, this
method naturally extends to limited-range communication
systems, in which case the MPPI process can be simplified.

Future work aims to scale the system to larger and more
complex environments with multiple tasks and to extend it
to heterogeneous teams where robots must reason about the
capabilities of other robots and task requirements. We also
plan to investigate adversarial scenarios, where higher-order
reasoning and epistemic logic may be leveraged not only for
cooperation but also for countering deceptive or competitive
behaviors and in human-robot scenarios where communica-
tion between human and robot is often not possible.
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