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Abstract— One simplifying assumption in existing and well-
performing task allocation methods is that the robots are
single-tasking: each robot operates on a single task at any
given time. While this assumption is harmless to make in
some situations, it can be inefficient or even infeasible in
others. In this paper, we consider assigning multi-robot tasks to
multitasking robots. The key contribution is a novel task alloca-
tion framework that incorporates the consideration of physical
constraints introduced by multitasking. This is in contrast to the
existing work where such constraints are largely ignored. After
formulating the problem, we propose a compilation to weighted
MAX-SAT, which allows us to leverage existing solvers for a
solution. A more efficient greedy heuristic is then introduced.
For evaluation, we first compare our methods with a modern
baseline that is efficient for single-tasking robots to validate
the benefits of multitasking in synthetic domains. Then, using
a site-clearing scenario in simulation, we further illustrate the
complex task interaction considered by the multitasking robots
in our approach to demonstrate its performance. Finally, we
demonstrate a higher-complexity simulation to demonstrate the
scalability and applicability of our approach.

I. INTRODUCTION

In prior work on task allocation, it has been a near-
omnipresent assumption that robots are single-tasking [1],
[2]. When considering task allocation practically, it is often
more convenient to have robots work on multiple tasks
simultaneously to improve efficiency, and may be required
in some situations. For example, consider a scenario where a
robot needs to swipe a keycard to unlock a door temporarily
and also open that door at the same time. We note that it
is not always possible for multiple robots to “divide and
conquer” these tasks due to a space constraint; under certain
conditions (e.g., robots with large footprints), one robot must
do both tasks since two robots cannot fit in the space around
the door simultaneously. The ability for a multi-robot system
to automatically identify this infeasibility so that a bi-manual
robot can be assigned instead of two robots is missing.
Redesigning this scenario such that there is a single “swipe
keycard and open door” task to force the task to be assigned
to a single robot is possible, but this approach requires the
multitasking solution to already be known so that we can
combine each set of tasks that require multitasking into a
single task. A generic solution for multi-robot tasks with
multi-tasking robots requires the automatic decomposition
and combination of tasks, which goes beyond simply adding
up or splitting task requirements and is even more compli-
cated. Hence, compiling such problems to problems with
single-tasking robots is utterly impractical in general.
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The key observation here is that achieving multitasking
robots with multi-robot tasks is not only about the ability
of each robot to perform its tasks or parts of the tasks
assigned to it (in the case of multi-robot tasks) in terms
of having appropriate sensors, motors, etc., but also about
the ability of each robot to perform its assignments in terms
of physicality – that is, whether these assignments introduce
physical constraints that prevent the robot from achieving
them simultaneously (in the case of multitasking) or hinder
robots from cooperating on a task (in the case of multi-robot
tasks). In the previous example, the space constraint, a type
of physical constraint, introduced the required multitasking.
At the same time, multitasking can introduce other physical
constraints. Following from above, to be able open the door,
a bi-manual robot must be flexible enough to use one arm for
swiping the keycard and another arm for opening the door
simultaneously, which imposes a constraint on the arm span.

Hence, the key to enable multitasking with multi-robot
tasks lies in the ability to identify and exploit synergies
among these physical constraints to ensure their compat-
ibility. A significant challenge is that constraints can be
inter-dependent, meaning that they may interact with oth-
ers in complex ways, such as implying other constraints
recursively. For example, if the robot has a fixed camera
for vision, a constraint on the robot’s viewing angle as
a result of the keycard task would constrain the robot’s
facing and one axis of its position. This complexity makes it
substantially more challenging to anticipate the influence of
a task assignment on future assignments when multitasking
is considered with multi-robot tasks, not to mention the
significantly grown number of candidate assignments. Prior
works on multitasking robots with multi-robot tasks [3], [4]
ignore the inter-dependencies among constraints and hence
can introduce invalid solutions.

To the best of our knowledge, this work represents the first
framework for assigning multi-robot (MR) tasks to multitask-
ing (MT) robots with instantaneous assignment (IA) (MT-
MR-IA in [2]) while considering physical constraints. It is a
significant extension of prior work [5] for determining task
feasibility under a given set of task assignments to robots.
Since the mechanism for considering the physical constraints
with multitasking robots and multi-robot tasks are the same,
we focus on the more unique multitasking capability in the
following discussion. We present a general problem defini-
tion, explore a compilation approach to the weighted MAX-
SAT problem first, and then a greedy method. Simulation
results in synthetic domains demonstrate that our approach
can handle medium-size problems effectively. In particular,
we show that a modern baseline for task allocation with



single-tasking robots performs poorly compared with our
method, verifying the advantage of multitasking. Using a
site clearing scenario in simulation, we further illustrate the
complex task interactions between multitasking robots that
can be handled by our approach to demonstrate its capability.
Finally, we show how our approach leads to increased task
efficiency in a complex setting with realistic simulations.

II. RELATED WORK

The multi-robot task allocation (MRTA) problem has been
a subject of prior research, reviewed in [2], [1]. For multi-
robot systems, one class of problems of particular interest
involves multi-robot tasks (MR). Since even the simplest
subclass that addresses single-tasking robots (ST) and in-
stantaneous assignments (IA) is NP-hard, the focus has been
on approximate solutions or heuristic methods [3], [6], [7],
[8], [9], [10], [11], [12], [13]. The more general subclass
with multitasking robots (MT) has not seen nearly as much
examination, with some notable exceptions [3], [4], [14],
[15], [11]. Some recent works also approach the MT-MR
domains. For example, [16] solves the MT-MR-TA problem
as posed in [2], and [17] considers precedence constraints
between tasks. None of these prior works are general enough
under the presence of physical constraints, which are in
addition to resource or precedence constraints to fulfill task
requirements and can introduce complex task dependencies.

Physical constraints may assume various forms, and are
especially prevalent with multi-robot tasks and multitasking
robots. Co-location constraints on sensor and motor capa-
bilities, and spatial constraints due to physical presence,
are examples of physical constraints. Most prior works
on task allocation (especially with multi-robot tasks) only
implicitly consider physical constraints and thus have limited
applicability. For example, previous works have considered
overlapping coalitions [18], [19] but assume the influences
of these constraints are captured by the utilities of coalitions.
That approach not only imposes a challenge on the domain
designer but also implies that the constraints are independent
across assignments, which is restrictive.

Co-location constraints have been explicitly considered
in [6] and generalized in [14], [15], [11]. However, one
common limitation of these prior works is that they all ignore
the inter-dependencies between these constraints, which can
result in infeasible solutions. For multitasking, in particular,
its feasibility depends critically on the compatibility of
these constraints in complex and interactive ways, which are
required to handle multiple tasks simultaneously. Although
multitasking robots have been considered before, such as
in [4], no physical constraints were considered. A prior
work [5] that looked into generally formulating physical
constraints, however, operates under a restricted problem
setting where the set of assignments is given, which we will
extend in this work to create and optimize assignments. A
general approach to considering physical constraints would
enable a multi-robot system to express real-world problems
and generalize to novel scenarios more effectively.

The way in which physical constraints are formulated in

Fig. 1: Running example in ROS with the boxes stacked.

this work resembles how works in action languages [20],
[21], [22], [23] deal with indirect action effects in planning,
but our work examines these effects in robot task allocation:
these prior works only examine single robots, whereas ours
allows for multiple agents. [24] and [25] applied a similar
concept for event modeling, which is applied to logic pro-
grams. In addition, the indirect action effects in these prior
works are generally not allowed to interact with each other.

III. APPROACH

A. Running Example

As a running example, we will examine a scenario in which
a robot must push several boxes to a goal area (see Fig. 1);
each box corresponds to a single task. The two boxes are
initially on the ground. Consider a situation where the robot
only has enough battery power for one trip, or where the
robot must push the boxes through a one-way door. In such a
case, assuming the robot is capable of pushing both boxes at
the same time, the robot is required to perform multitasking
by stacking one box on top of the other and pushing them
together by pushing the bottom box. While this may be
intuitive from a human’s perspective, it involves substantial
challenges that are representative of both the synergistic and
restrictive aspects in multitasking. The robot must:

1) (Synergistic) Understand that multiple tasks can be
achieved simultaneously, e.g., when pushing the bot-
tom box, the top box is also pushed if they are stacked;

2) (Restrictive) Identify and respect any additional con-
straints as a result of multitasking, e.g., having a box on
top of the bottom box effectively increases the weight
of the bottom box and the pushing power required.

With existing approaches, considering these aspects would
require building the conditions of each aspect above into
problem specifications on a problem-by-problem basis: e.g.,
combining the two tasks by redefining the box stack to be a
single task with an updated weight. This becomes infeasible
when there are more boxes and robots, boxes have different
weights, heavy boxes should not be stacked on lighter ones,
and robots have different pushing powers. In this paper, we
introduce a formalism that represents such knowledge in a
problem-independent way. As a result, our formalism and
solution methods together allow robots to flexibly reason
about and solve novel scenarios in the same domain.

We assume that this knowledge is provided by users
and leave learning it to future work. To focus on the task
allocation challenge, we assume that the initial state of any
given problem can be converted to a set of candidate initial



states that are conducive to instantaneous assignment (IA).
For example, Fig. 1 could be a candidate initial state for the
problem initial state where both boxes are on the ground.
This means that, before task execution, a preprocessing step
must exist that can stack the boxes after task allocation is
made. These steps require the consideration of complemen-
tary tasks as well as time-extended assignment. Thus, it is
more natural to address them in future work when we extend
our formulation to time-extended domains.

We build our work on [5] to model physical constraints,
even though only the restrictive aspect above was considered
there. Our contributions are a) extending the formalism from
[5] to consider synergies so that robots can reason about how
to perform multiple tasks simultaneously (instead of being
told how), b) providing the first general solution method
for the MT-MR-IA problem considering physical constraints,
and c) evaluating the effectiveness of multitasking in syn-
thetic and simulated domains.

B. Preliminaries & Prior Work

A predicate in logic is a boolean function that represents a
property or relation [26]. It may evaluate to true or false
depending on its arguments. In the planning community,
predicates are used to specify states or partial states. In
the running example, the predicate FOnpo1, o2q is used to
indicate whether or not o1 is on top of o2. o1 and o2 are
both arguments to the predicate FOn, also called referents,
which can remain uninstantiated, indicated by capital letters,
or instantiated to domain elements, indicated by lowercase
letters with numeric subscripts, which are mapped to objects
in the environment. In Fig. 1, FOnpo1, o2q is true when o1
is mapped to Box 1 and o2 to Box 2.

A physical constraint is a constraint on part of the physical
configuration of the world. We conservatively assume that a
single physical constraint may arbitrarily restrict the physical
configuration that satisfies the constraint. For example, a
constraint on FOnpo1, o2q restricts o1 to be on o2. The exact
physical configuration that satisfies o1 on o2, however, may
vary arbitrarily over time (i.e., where o1 is on o2 exactly). As
a result, we do not allow two physical constraints to apply
to the same predicate since they could require incompatible
physical configurations to be assumed. For example, two
physical constraints on the location of a box could require
the box to be placed at different locations at the same time.
Such a stipulation is conservative since two constraints on
the same predicate may still be compatible, e.g., when both
constraints require the box to always be at exactly the same
location or be at different locations at different times.

It may be the case that a set of constraints implies addi-
tional constraints that are not in the original set. These must
also be considered. For example, a constraint on FPospo2q
(i.e., the position of o2) and another on FOnpo1, o2q together
imply a constraint on FPospo1q. To capture this, we use
CIRs, which are analogous to inference rules from [5]:

Definition 3.1 (Constraint Implication Rule (CIR)):
Given a set of predicates S and a predicate f , a constraint
implication rule specifies a relationship where the constraints

on all of S imply a constraint on f , written as S Ñ f .
For example, the example CIR described above could be

written in its uninstantiated form as:

tFPospY q, FOnpX,Y qu Ñ FPospXq

Note that the same (different) uninstantiated referent label
must be instantiated to the same (different) domain element
in a CIR, e.g., Y must instantiate to the same domain
element for a given application of the CIR above. CIRs may
be given as uninstantiated or partially instantiated, but all
referents must be instantiated when applying a CIR. A CIR
with uninstantiated or partially instantiated predicates thus
specifies a set of instantiated CIRs. We require any referents
to f to appear in S - that is, any set of constraints cannot
imply a constraint on new domain elements that are not
referenced in that set of constraints. A CIR is automatically
triggered whenever constraints corresponding to its left hand
side are all present. When specifying CIRs, it is important to
consider the physical processes behind how the environment
acts upon itself, and to specify the effects of these processes
in an abstract way as opposed to being exact.

Definition 3.2 (Minimally Implying Subset [5]): A mini-
mally implying subset M of a set of predicates S is any
subset of S such that removing any element from M makes
it no longer contain or imply all predicates in S.

Finally, we define compatibility, which determines
whether a set of constraints can be satisfied simultaneously:

Definition 3.3 (Compatibility [5]): A set of constraints S
is compatible iff no constraint in S is implied by more than
one unique minimally implying subset of S.

C. Problem Definition

We may now provide a general formulation of our MT-
MR-IA task allocation problem, referred to as “Task Alloca-
tion for Multitasking robots under Physical Constraints” or
“TAMPiC” for short.

Definition 3.4 (TAMPiC): An instance of TAMPiC is a
tuple pF,Q,R,C, T, I,∆q defined as follows:

F : The set of all unique instantiated predicates.
Q: A set of CIRs tqlu. By definition, each ql takes the form

Sl Ñ flpSl P 2
F , fl P F q.

R: A set of robots triu. Each ri has a set of capabilities
tcju and each cj has an associated set of predicates
Pj “ tfk P F u, denoted as cj Ñ Pj , that will become
constrained if cj is activated and a cost kj expressed
as a nonnegative integer which will be subtracted from
solution utility if cj is activated. Each kj is assumed
zero if not specified.

T : A set of tasks ttmu. Each tm “ pYm, umq where Ym is
a nonempty set of predicates to be constrained and/or
capabilities to be activated in order to fulfill the task,
and um is the utility for fulfilling the task.

I: A set of fully instantiated predicates I P 2F representing
constraints present in the initial state.

∆: A function that returns a set of candidate initial states
that are conducive to instantaneous assignment, given
the problem initial state: ∆pIq “ tδu, δ P 2F .



Then, the goal of the problem is to find δmax P ∆pIq that
maximizes the following objective:

maximize
ÿ

m

xmum ´
ÿ

i,j

yi,jki,j

s.t. the set of all constraints from the activated capabilities
based on δmax must be compatible, where xm = 1 if tm is
assigned or 0 otherwise and yi,j = 1 if cj is activated on ri
or 0 otherwise.

The definition above bears some similarities to the plan-
ning problem. However, states can change over planning
steps; for task allocation with instantaneous assignments, we
only take a “snapshot” at a specific planning step. Each δ
can be considered as moving the step at which the snapshot
is taken. Note how such a definition prepares us to consider
extended assignments in future work. In addition, CIRs may
appear to be similar to actions/operators in planning. From
this perspective, in contrast to actions, CIRs are passively
activated whenever the required preconditions are satisfied.
This observation makes CIRs more akin to derived predicates
or events in PDDL+ [27], though adapted for multiple agents.

Since we consider instantaneous assignments in this work,
we consider the constraints associated with a task for the en-
tire duration. The domain-dependent function ∆ is assumed
to be given and applied once before task allocation to update
the initial state to make it conducive to instantaneous assign-
ment. When multiple candidate initial states (after update)
are possible, we will check for each separately. Addressing
time extended assignment in future work will eliminate the
need for ∆ entirely. Note that ∆ only updates the initial
state for task allocation purposes; it does not handle the steps
required to stack the boxes in the physical environment. To
simplify the following discussion, we assume that the boxes
are initially stacked as in Fig. 1 and applying ∆ returns a
set of a single element that is the problem initial state (i.e.,
∆pIq “ tδu). We may now give a formal specification of
our running example:

R “ tr1u, r1 “ tCPushpr1, Xq, CStrongPushpr1, Xqu

This specifies that the single robot in the scenario has two ca-
pabilities: Push and StrongPush, each taking the robot it-
self and the object to be pushed as arguments. We specify ca-
pabilities with their owner robot as the first argument to dif-
ferentiate the same capabilities on different robots. There are
two capabilities C “ tCPushpX,Y q, CStrongPushpX,Y qu:
CPushpX,Y q Ñ
FPospXq ^ FPospY q ^ ␣FWeight`pY q ^ ␣FOnpY, Zq

CStrongPushpX,Y q Ñ FPospXq ^FPospY q ^␣FOnpY,Zq
The positions of both the pusher robot and the object being

pushed are constrained, and the object being pushed must be
not on top of another object. Push also requires the object
to be not heavy (i.e., ␣FWeight`pY q). T “ tt1, t2u:

t1 “ ptFPospo1qu, u1 “ 1q, t2 “ ptFPospo2qu, u2 “ 3q

There are two tasks considered. The first task requires the
position of a specific object (o1) to be constrained (i.e., it
must be moved to a specific position). The utility is 1. The
second task is similarly defined with utility 3. There are two
CIRs Q “ tq1, q2u:
q1 “ tFOnpX,Y q, FPospY qu Ñ FPospXq

q2 “
tFOnpX,Y q, FWeightpY q, FWeightpXqu Ñ FWeight`pY q
The first rule specifies that X being on Y constrains X’s

position if Y ’s position is constrained. This rule is used to
infer that a stack of objects can be pushed by pushing only
the bottom object, resulting in task synergies. See Sec. III-
A Item 1). The second rule specifies that if X is on top of
Y , and both objects have a weight, the effective weight of
Y is increased. This rule suggests the additional constraints
introduced by multitasking. See Sec. III-A Item 2). The
initial state is:

I “ tFOnpo2, o1q, FWeightpo1q, FWeightpo2qu

In the initial state, o2 is on top of o1; both objects have a
weight. This means the robot cannot directly push o2 because
it is out of reach. Single-tasking approaches would fail to
recognize that t2 can be completed at all. In TAMPiC, this
can be accomplished by activating the CStrongPushpr1, o1q
capability to push both boxes simultaneously.

D. Solution Method

The MT-MR-IA problem without considering physical con-
straints, equivalent to the well-known NP-complete Set Cov-
ering Problem [2], is a special case of TAMPiC when Q “
H and ∆pIq “ tIu. Thus, TAMPiC is NP-hard. Despite
the computational challenge, we explore a general process
for converting instances of TAMPiC to Weighted MAX-
SAT, which is a well-studied NP-complete problem and has
efficient solutions in practice. The converted problem can
be given to any Weighted MAX-SAT solver. We provide a
definition of Weighted MAX-SAT, similar to [28]:

Definition 3.5: The Weighted MAX-SAT problem is a
tuple pV, S,W q where V is the set of variables, S is a set
of disjunctive clauses of literals of V , and W is a set of
non-negative weights assigned to each clause in S.

A literal refers to a variable v or its negation ␣v. The goal
of Weighted MAX-SAT is to find truth values for variables in
V to maximize the combined weight of the satisfied clauses
in S. ps, wq denotes a clause and its associated weight.

The full process of conversion and querying the SAT
solver for a solution to a TAMPiC problem is referred to
as SAT-based Task Assignment with Multitasking Robots,
or STAMR. Throughout the conversion, unless otherwise
specified, every clause has weight α that is strictly greater
than the sum of the utilities of all tasks. α is used to
ensure the satisfaction of these clauses. Alternatively, many
Weighted MAX-SAT solvers allow for “hard” clauses, which
must be satisfied. Either method may be used in practice.
F,C, I, and ∆: F and C are redundant given the other
components for ease of reference so we do not discuss
their conversion. For I, and ∆, We will need to apply the
conversion for each candidate initial state in ∆pIq.
δ: Each predicate in δ, δ P ∆pIq, introduces its own clause.
Q: To convert CIRs, a clause for each possible instanti-

ation of each CIR must be created. We will use a certain
Boolean identity extensively for the entire STAMR conver-
sion process: ppÑ qq ” p␣p_ qq. We use this equivalence
to ensure that the Weighted MAX-SAT formula is in the



conjunctive normal form (CNF), which is required for many
Weighted MAX-SAT solvers. For example, one instantiation
of q1 is:

tFOnpo1, o2q, FPospo2qu Ñ FPospo1q

and the corresponding weighted clause would be:
p␣FOnpo1, o2q _ ␣FPospo2q _ FPospo1qqq, αq

R: Each ri is defined as a set of capabilities. To convert
capabilities, create a clause for each instantiated capability
that requires the predicates constrained by that capability to
be true if the capability is activated. For example, robot r1
has a capability CStrongPushpr1, Y q, and one instantiation
of this capability might be CStrongPushpr1, o1q. Then the
instantiated capability can be converted to:

pp␣CStrongPushpr1, o1q _ pFPospr1q ^ FPospo1q ^
␣FOnpo1, o2qq, αq

which can then be converted to multiple disjunctive clauses
using the distributive law, each with weight α.

To handle capability costs, however, we must make use
of the following theoretical result since MAX-SAT does not
natively support costs (negative weights). First, we introduce
the following notations. Let β “ tts1, w1u, ts2, w2u, ...u
for a given weighted MAX-SAT problem. Note that V is
implied given S and W in Def. 3.5. We define ρptsi, wiuq “

t␣si,´wiu and denote an interpretation of all the predicate
variables in β as X . We further define optpβ,Xq “ 1 if X
is an optimal solution to β or 0 otherwise. Let β1 be β after
applying ρ to an element in β.

Theorem 3.1: optpβ,Xq “ optpβ1, Xq.
The proof is given in a longer version of this paper [29].

We can apply the above theorem multiple times to apply ρ to
multiple clauses. Note that negating a clause in CNF causes
that clause to potentially no longer be in CNF. While it is
trivial to convert the negated clause back to CNF by breaking
it into multiple clauses, the weight of each resulting clause
cannot be easily resolved. To address this problem, we attach
the weight to a marker clause for each instantiation of each
capability to denote if it is activated:

tci,j ,´ki,ju

The marker clauses are then transformed according to ρ.
Note the change of sign above w.r.t. the original problem.

T : To convert tasks, there are two steps for each task.
First, create a clause with weight equal to the task’s utility
and which contains only an assignment literal corresponding
to whether the task is assigned. For example, for t1, the
corresponding Weighted MAX-SAT clause would be:

ppt1q, 1q

Then, similar to Q, create a clause for each instantiation of
each task, which forces the predicates for that instantiation to
be true, and also another clause which forces at least one of
the instantiations to be satisfied if the task’s assignment literal
is true. In the case of t1, it only has a single instantiation.

pp␣t1,1 _ FPospo1qq, αq, pp␣t1 _ t1,1q, αq

Finalizing: To prevent constraints being created without
the corresponding capabilities or CIRs being activated to cre-
ate them, each constraint must imply at least one of the ways
in which it could have been generated. For example, we have

pp␣FPospo2q Ñ pCPushpr1, o2q _ CStrongPushpr1, o2q _
q1qq, αq, which can be converted into:
pp␣FPospo2q _ CPushpr1, o2q _ pCStrongPushpr1, o2q _

pFOnpo1, o2q ^ FPospo2qq, αq

Additionally, each CIR and capability must set all other
CIRs and capabilities (including different instantiations) that
constrain the same predicates to false to prevent incompati-
bility (Def. 3.3). For example:

pp␣CPushpr1, o2q _ p␣CStrongPushpr1, o2q ^
␣pFOnpo1, o2q ^ FPospo2qqq, αq

The number of clauses in the Weighted MAX-SAT prob-
lem corresponding to each TAMPiC instance is on the order
of the k-permutation of the set of possible instantiations
for each argument to any predicate in F , where k is the
maximum number of arguments any predicate takes. Because
k is a domain constant, the conversion is polynomial w.r.t.
the size of the TAMPiC instance. The converted problem can
be given to any Weighted MAX-SAT solver and the resultant
solution gives us a solution to the original TAMPiC problem.

Theorem 3.2: The compilation solution is both sound and
complete for TAMPiC, assuming the Weighted MAX-SAT
solver used is also both sound and complete.

The proof is given in a longer version of this paper [29].
Corollary 3.3: TAMPiC is NP-complete.
It follows immediately given that TAMPiC is in NP and

a solution to TAMPiC is a solution to Weighted MAX-SAT
and vice-versa based on the conversion (reduction).

E. Greedy Heuristic

We also propose an approximation method using a simple
greedy heuristic. It chooses the task with the highest utility,
and only converts TAMPiC with that single task into the
corresponding weighted MAX-SAT problem and solves it.
Then, it retrieves any implied constraints from the solution,
and incorporates these constraints into future iterations as
clauses with weight α, which simply state the presence of
these constraints. This process is repeated for each task,
ordered from the highest utility to the lowest. Any tasks that
were successfully fulfilled are fulfilled in the same way in
the returned solution for the original problem. This method
is referred to as STAMR-Greedy, or STAMR-G for short.

IV. RESULTS

For evaluation, we first evaluate our methods in synthetic
domains and compare with a baseline to validate the benefits
of multitasking. We then further illustrate the complex task
interaction among the robots using a site-clearing scenario
in simulation, similar to our running example. Finally, we
demonstrate a higher-complexity simulation to show the
scalability and applicability of our approach. In all cases,
we only list key components of the problem for brevity.

A. Synthetic Evaluation

Our baseline is the ResourceCentric method from [13] that
assumes single-tasking robots since it has been shown to
outperform other commonly used methods for multi-robot
task allocation with IA. We will use “RC” to refer to this
method. Because our problem definition poses a hurdle to



Fig. 2: Solution ratio as # of tasks (left), robots (center), and CIRs (right) increases in first (top) and second (bottom) setting.

Fig. 3: Time taken as # of tasks (left), robots (center), and CIRs (right) increases in the first (top) and second (bottom)
setting. The solution time for STAMR is not plotted since it required substantially more time than the others.

Fig. 4: Four site clearing scenarios with one of their optimal solutions illustrated, respectively.

Fig. 5: The product delivery scenario in its initial state. The entire simulation environment (left). The baseline, midway
through execution; note the clumps of robots (center). Our congestion-aware approach (right).

running RC, we evaluated RC in two different settings.
The issue here is that tasks in TAMPiC may be specified
as requirements for constraints, such as moving the box
expressed as a constraint on the position of the box. RC
is only able to consider tasks that only require capabilities
to be activated since dealing with constraints requires CIRs.
Hence, we evaluated RC in two settings. In the first setting,
tasks generated did not require any constraints, whereas in
the second setting, each requirement of each task had an
equal chance to be a capability or a constraint. For the second
setting, because RC cannot consider tasks with constraints,
all such tasks are discarded before running RC.

We analyzed randomly generated problem instances. Be-
cause calculating the optimal solution is infeasible for large
problems, we limited our examination to medium-sized
problem instances. First, at most five unique uninstantiated
predicates were generated (1 ď |F | ď 5), each with one
or two arguments. Each problem had |T | “ 50, each tm
with 1 ď |Ym| ď 3 and 1 ď um ď 30. Each problem had
|R| “ 50, each ri with 1 ď |tcju| ď 3, and each type of
capability constrained one or two predicates (1 ď |Pj | ď 3).

Each problem had |Q| “ 2, each ql with 1 ď |Sl| ď 3.
∆pIq “ tIu. In all cases where a range of possible outcomes
is given, random generation was used with equal chance
given to each outcome. For each evaluation setting, we used
the parameter ranges as discussed above by default, except
for the parameter that we chose to vary.

We tested the effects of increasing the number of tasks,
robots and CIRs on the three methods (RC, STAMR,
STAMR-G) in both settings. We define “solution ratio”
as the utility achieved by the given approach divided by
the utility achieved by the optimal solution. For each data
point, 100 randomized runs were performed. The results are
in Fig. 2 and Fig. 3. Note that the difference in settings
had a negligible effect on the performance of STAMR and
STAMR-G; this is expected since STAMR and STAMR-G
handle capability- and constraint-based tasks identically. As
more tasks were added, the relative performance of STAMR-
G and RC dropped, likely due to the increased difficulty in
optimization given that more tasks were available but only
some of them could be assigned. Increasing the number
of robots yielded the opposite effects. RC’s performance



in the second setting was consistently weak such that little
difference was observed as more tasks or robots were added.

Finally, we tested all three methods in both settings with
varying number of CIRs. Increasing the number of CIRs
worsened the relative performance of STAMR-G initially
and, unexpectedly, improved it as the number continued
to climb. As the number of CIRs increased, the restrictive
aspects played a more substantial role, limiting multitasking
such that RC approached STAMR and STAMR-G.
B. Site Clearing
We used STAMR with simulated robots in site-clearing
scenarios where we solved a more complex version of our
running example (Fig. 4). We used a green line at the top
to denote a “point of no return” for the robots: they may
each only cross the line once. Shown in Fig. 4 are scenarios
involving four robots and six boxes (except for the last).
The box weights (black) and robot pushing powers (red) are
labeled in the figure. We assume that pushing powers are
additive. Every box is associated with its own task and gives
the same utility. The problem is more formally specified as
follows for the first scenario (leftmost) in Fig. 4:
Q: contains CIRs to simulate addition of

weights down stacks of boxes. For example:
tFOnpX,Y q, FWeight1pXq, FWeight2pY qu Ñ

FWeight3pY q: stacking a box of weight 1 on top
of a box of weight 2 results in an effective weight
of 3 for the bottom box. Each combination of
two weights totaling less than or equal to 16 is
simulated in this way. Similarly, Q contains a
second type of CIRs for pushing. For example,
tFPushHardpX,Y q, FPushpZ, Y q, FWeight10pY qu
Ñ FMovedpY q: a strong push and a normal push
together are sufficient for a box of weight 10. Finally,
tFOnpX,Y q, FMovedpXqu Ñ FMovedpY q, as before.

R: r1 “ pCPushpr1, Xqq, r2 “ pCPushWeakpr2, Xqq, r3 “
pCPushHardpr3, Xqq, r4 “ pCPushWeakpr4, Xqq

∆: produces candidate initial states; each scenario in Fig.
4 corresponds to a chosen candidate initial state.

Assume all the boxes are on the ground initially. Under
the box weights and robot pushing powers shown in the
first scenario (leftmost figure) in Fig. 4, one of the optimal
solutions involves stacking the boxes as shown in the same
figure before task allocation (via ∆). Next, we show that 1)
our approach can generate various solutions under different
candidate initial states to show its flexibility, and 2) our
approach can generalize to novel scenarios with changes
to the original problem. We first examined the effect of
a different candidate initial state (second scenario). Our
approach was flexible enough to generate both solutions even
though they were quite different (i.e., one involving multi-
robot tasks and the other one with only single-robot tasks).
In the third scenario, we changed the pushing powers of the
robots, resulting in a situation where the optimal solution
had a single robot push all the boxes. In the fourth and last
scenario, we added more boxes than that could be pushed and
our approach still had no problems. In all cases, both STAMR
and STAMR-G were able to find an optimal solution without

changes other than modifications to the problem described. In
every case, STAMR took significantly more time than other
methods; this is expected and STAMR should only be used
when computation time is not a concern.
C. Order Delivery
We additionally performed an evaluation to examine both the
scalability of our approach and to demonstrate its applicabil-
ity. In this scenario, robots are to deliver orders of boxes from
stores to houses (Fig. 5). While a robot can deliver a single
order quickly, delivering more than one order at a time (but
no more than two for simplicity) can be more efficient but
requires the robots to move slower, due to stacking one order
on another, to avoid dropping the orders. Too many robots
delivering to the same house could contribute to congestion
around that house and slowness could aggravate congestion,
which can lead to safety issues (i.e., collisions).

We created a virtual environment in the Webots simulator
[30] where the stores are indicated by red zones, and
the houses by green zones. Local obstacle avoidance was
implemented for the robots to coordinate with each other.
Order pickup and delivery were simulated: when a robot got
close to the store or house, orders would be automatically
loaded/unloaded. A simple baseline would be for each robot
to deliver one order at a time. We show how our approach
handled such scenarios more flexibly. First, we use a rule to
express that robots are slower with more than one product:

FOnpX,Y q, FOnpY,Rq Ñ FRequireSlowpRq

To ensure delivering no more than two orders at a time,
we introduce a CIR to create a logically invalid state on a
special predicate, which the assignment algorithm recognizes
as signaling an invalid assignment:

FOnpX,Y q, FOnpY,Zq, FOnpZ,Rq Ñ K

Such an invalid state is recognized automatically because
of the SAT conversion. These CIRs will become implication
clauses such that the assignment algorithm will avoid setting
the antecedent (left side) to true. There are CIRs to calculate
congestion; robots moving slowly cause more congestion at
a location and robots moving quickly cause less:

FMovingQuicklypR,Lq Ñ FCongested1pLq
FMovingSlowlypR,Lq Ñ FCongested2pLq

There are CIRs to add up congestion levels to a store
or house, similar to the weight CIRs in Site Clearing.
Finally, there is a CIR for safety and efficiency by preventing
excessive congestion at a location:

FCongested4pLq Ñ K

where we prohibit a congestion level above 4, which is a con-
trollable variable. Our approach can strike a balance between
efficiency and safety by avoiding excessive congestion.

We randomly generated the starting positions of the robots,
stores, and houses with regional constraints to ensure a
roughly even distribution within their designated areas. Each
order was pseudo-randomly assigned both a starting store and
a destination house while ensuring that each store received
4 orders and each house placed 2 orders. We generated a
single scenario with 5 stores, 10 houses, and 20 robots, and
ran it 10 times. In these scenarios, each order corresponds to



a task and all tasks share the same utility. A robot moving
quickly is associated with a lower cost (but it can deliver
only one order) while moving slowly is associated with a
slightly higher cost (while delivering two).

Our approach recognized that the superior solution was to
have most of the robots deliver two orders to the same houses
and move slowly. Note that due to our focus on instanta-
neous assignment, the allocation solution is based on some
conservative assumptions, such as a robot that is assigned
to deliver two orders always moves slowly even though in
practice the robot can speed up after a delivery; similarly, two
robots delivering to the same house are assumed to increase
congestion even when they may arrive at different times.

Because we used E-puck robots that lack strong mobility,
collisions are nearly unavoidable in complex situations such
as this. However, our approach resulted in a significantly
lower average number of collisions, as well as a lower
average time-to-completion, indicative of fewer avoidance
maneuvers. The baseline averaged 10 collisions (σ « 0.5),
while ours yielded an average of 1 collision (σ « 0.08).
Additionally, our approach completed the deliveries approx-
imately 24% faster (σ « 3%) on average.

V. CONCLUSIONS

In this paper, we presented a novel framework for task
allocation with multitasking robots, considering both the syn-
ergistic and restrictive aspects of multitasking. It addresses a
gap in existing methods by considering physical constraints
as the key to enable multitasking in multi-robot systems.
We formulated the problem and presented a compilation
method to convert it to Weighted MAX-SAT. We further
presented a greedy method. We compared both methods with
a modern ST-MR-IA baseline to demonstrate the benefits of
multitasking in synthetic domains and with two simulations
to demonstrate its scalability, flexibility, and applicability.

One major limitation of our work is an absence of exam-
ination into true numeric constraints, including temporality.
Notably, addressing this would enable us to simplify the
specification of CIRs substantially and consider TA task
assignment, instead of being limited to IA. Considering
numericity in constraints would remove the need for, i.e., the
separate “Push” and “StrongPush” capabilities in our running
example. An extension into temporality would require a
consideration of required concurrency [31] as it applies to
CIRs as well as to actions, but would significantly expand the
expressiveness of our approach. Finally, the specification of
CIRs is not wholly intuitive; it would be a worthy extension
to our work simply to create a formulation which is easier
to intuit, perhaps via learning from examples.
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