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1. Introduction

Multi-Agent Pickup and Delivery (MAPD) |[5]
addresses the problem of a set of agents engaged
in planning collision-free paths in a shared envi-
ronment, while handling a dynamic set of incom-
ing tasks that require them to navigate from a
pickup location to a delivery location. MAPD,
that is a life-long version of Multi-Agent Path
Finding (MAPF) [10], faces the task assignment
problem, in addition to the path planning that
must be managed accordingly. Despite the enor-
mous range of applications, solving the combi-
nation of these two sub-problems may result ex-
tremely challenging. Nevertheless, the literature
provides a variety of sound and efficient solutions
for a large span of real-life contexts. The kine-
matics and dynamics of the multi-agent system,
however, are still a poorly addressed matter,
both in MAPF and MAPD contexts. In partic-
ular, the majority of MAPD solutions assumes
that agents perform actions at a predefined con-
stant speed [4]. From a practical perspective,
this represents a considerable drawback in rela-
tion to the stability of the agent physical sys-
tem. Allowing a direct control on agents’ ve-
locity during the planning phase supports the

solving of this limitation, besides characterizing
the planner with flexibility and a wider range
of solutions. This work provides a renewed for-
mulation of MAPD in relation to the kinematics
and dynamics of the agent, so as to properly
connect a velocity selection logic to the prob-
lem. Along with this, we propose an extension
of a well-known MAPF planner, namely Safe
Interval Path Planning (SIPP), that integrates
the velocity control in the path planning phase,
which is eventually embedded into a task assign-
ment and agents coordination method, that is
Token Passing (TP). Experimental results show
an overall good performance with respect to
tasks’ completion times and the relevance of this
new approach in particular environmental cir-
cumstances.

2. State of the Art

This section provides the formulation of both
MAPF and its life-long extension MAPD, along-
side a brief overview of some main solvers for
both categories.



2.1. MAPF

A classical MAPF problem [10] is defined by
means of an undirected graph G = (V, F) and a
set of k agents, each of whom is assigned a source
vertex s; € V and a target vertex g; € V. Mov-
ing in a discrete context, agents perform actions
that are defined as functions a : V' — V, usually
distinguished between wait and mowve. At every
time step each agent occupies one of the graph
vertices and can perform an action. A single-
agent plan 7; for an agent i is a finite sequence
of actions (ay, as, ..., a,) that, executed from s;,
leads to g;. We denote by ;[x] the location of
agent 7 after executing = actions in m;. A wvalid
solution to a MAPF problem is a set of k single-
agent collision-free plans. Among the main kind
of collisions, two of them are presented:

e Vertex conflict: it occurs between two
paths m; and 7; when agents 7 and j plan
to occupy the same vertex at the same time
step, i.e., 3z | m[z] = 7j[x].

e Edge conflict: it occurs between two
paths m; and 7; when agents 7 and j plan
to traverse the same edge at the same time
step, i.e., Jx | mlz] = mi[z + 1] A mjz] =
mix + 1].

The two common metrics used to assess the
quality of a MAPF solution are:

e Makespan: the number of time steps
required for all agents to perform their
collision-free plans.

e Sum of Costs: the sum of time steps for
every agent to reach their target.

Among the numerous MAPF solvers, it is worth
naming Conflict-Based Search (CBS) [7], an al-
gorithm that develops through a conflict tree
(CT) built on conflicts between agents, and In-
creasing Cost Tree Search (ICTS) [8], which in-
stead relies on a multi-value decision diagram
to perform the search. Another important al-
gorithm, that is similar for some aspects to our
problem, is Cooperative A* [9]: this planner uses
space-time A* to compute collision-free paths,
one agent at a time, considering the others that
have already planned.

2.2. MAPD

Our work focuses on Multi-Agent Pickup and
Delivery [5], an extension of MAPF, where
agents have to execute a dynamic set of tasks,
each one consisting in moving from a pickup lo-

cation to a delivery location, while avoiding col-
lisions. An instance consists of a set of k agents
and an undirected graph G = (V, E), in addi-
tion to a set T of dynamic tasks, each of them
characterized by a pickup location s; € V' and
a delivery location g; € V. Such tasks are not
known a priori, but are spawned in an online
fashion. A free agent, i.e., an agent not engaged
in executing any task, is assigned one from T
and becomes occupied.

In order to solve a MAPD problem, agents have
to plan collision-free paths while also address-
ing the task assignment issue. Given the ser-
vice time, which is a common evaluation met-
ric for MAPD, defined as the average number of
time steps required for a task to be accomplished
since its appearance in 7, a MAPD problem is
solved iff the resulting service time (or, equiv-
alently, the resulting makespan) of all tasks is
bounded [3].

2.2.1 Well-Formedness

A MAPD problem is solvable as long as the in-
stance is well-formed. Let us consider an end-
point as a location where agents do not consti-
tute an obstacle of any kind [5], and, given Vg,
be the set of all endpoints and Vg4 the set of
task endpoints, i.e., those related to the pickup
and delivery locations, one denotes V), /Vigp the
set of non-task endpoints, where agents can idle
without blocking the others. A MAPD instance
is well-formed iff the following hold:

e the number of tasks is finite.

e there are no fewer non-task endpoints than
the number of agents.

e for any two endpoints, there exists a path
between them that traverses no other end-
point.

Algorithms for solving the MAPD problem can
be divided into two main categories, as proposed
in the work [5]. Centralized solvers, like CEN-
TRAL, plan for multiple agents at once, using
global information, in opposition to decentralized
algorithms, like Token Passing (TP) and its evo-
lution Token Passing with Task Swaps (TPTS),
which instead rely on one-at-a-time distributed
decisions. Although centralized methods deliver
better results in terms of makespan and service
time, they are computationally heavy.



2.3. Token Passing

With Token Passing [5], agents make use of
a shared block of memory, called token, upon
which they base their planning. This element
contains all the current paths of all agents, as
well as the dynamic set 7.

After the initialization of the token, where all the
stored paths correspond to the initial location of
the agents, the system sends the token to all the
free agents requesting it. In the meanwhile, at
each time step, all new tasks are incorporated in
the task set 7. The agent with the token can
assign itself a task whose pickup vertex is closest
to its current location, as long as no other agent
has already planned to end at the pickup or the
delivery location of such task. The agent thus
computes a collision-free path according to the
assigned task, returns the token to the system
and eventually moves a step forward, according
to the stored plan. Whether a solution cannot
be found, the agent either stays at its current
location or moves to a non-task endpoint.

2.4. Introducing Velocity Control

The main feature of the thesis consists of the
ability of agents to plan their paths along with
a velocity selection strategy. Previous work has
already addressed velocity control in multi-agent
systems. In particular, the Velocity Obstacle
Paradigm [1] has set the start to velocity con-
trol in continuous trajectory planning, allowing
a reactive run-time approach in response to dy-
namic obstacles. What we propose is a differ-
ent approach that performs the velocity selec-
tion in parallel to the path planning. MAPF
and MAPD still have not addressed kinematics
in the way we intend: solutions that take into
account the dynamics of the system have been
developed, such as MAPF-POST |[2], in which
velocity control is performed after the planning,
or TP-SIPPwRT [4], where agents still have no
option to choose their travel speed along the
planned paths. This feature is the main con-
tribution of our work.

3. Problem Formulation

This section provides a new formulation of the
MAPD problem aligned with the purpose of our
work. A physical model for the robot-load sys-
tem is presented, and a new definition of task is
given, in relation to the dynamics of the system.

3.1. MAPD with Velocities

We address the problem of MAPD with veloci-
ties, a MAPD problem where the path planning
considers the agents’ speed, by means of a set
of default velocities, that each agent can engage
at every time step. An instance shares the same
characteristics as in classical MAPD, with the
addition of this set of speeds, as well as a new
value that characterizes the task, namely a.mq;
which supports the velocity selection.

A set of k agents moves in a grid-like workspace,
composed of squared cells of size Lx L, where L
is also considered as the distance covered by an
agent when moving between two adjacent cells.
The environment presents both static obstacles,
such as walls or shelves, and dynamic obstacles,
i.e., the agents themselves, and it is assumed to
be well-formed.

A set of default speeds is at the disposal of
agents, by means of which they shape the plan-
ning according to their current environmental
circumstances. Such speeds are assumed to stay
constant during the whole time step, implying
that an infinitely fast acceleration (or deceler-
ation) occurs as soon as the agent makes the
choice. In order to conform to the discrete do-
main in which the algorithm is developed, veloc-
ities assume fractional values of the distance L.
Therefore, a typical set of available velocities is
defined as Ve = {L/2, L/3, L/4,..}.

An essential difference with respect to classical
MAPD is the absence of the wait action: in view
of this, at the occurrence of a moving obstacle,
agents can either change velocity, overcoming
such obstacle faster or slower, or, if no change is
feasible, they directly plan an alternative path
around it.

3.2. Task Characteristics and Robot-
Load Model

In MAPD, agents reach pickup locations to col-
lect loads and bring them to the delivery loca-
tions. Besides the usual pickup-delivery pairs,
tasks are characterized by a4z, @ new param-
eter that supports the velocity selection strat-
egy. This value, which is the maximum accel-
eration that the agent can withstand along the
task when changing velocity, sets a limit that
guarantees the stability of the robot-load sys-
tem. This acceleration is fictitious: as stated in
Section 3.1, changes in speed are simultaneous.
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Figure 1: Robot-Load system model.

Figure 1 represents an abstract physical model
of a robot carrying a load in a MAPD context.
A wheeled mobile robot of mass m,, equipped
with a stable holding device, is assigned the task
to carry a load m; from a pickup to a delivery lo-
cation. Assuming that both bodies undergo the
same acceleration, and that friction only occurs
between them, the following calculations lead to
the value of aqy.

mya+ma— Fs =0 (1)

mpa +mpa — psmyg =0 (2)
my

=1 3

Amax My +my Hsg ( )

Classical mechanical equilibrium (Equation 1)
leads to the computation of a,4,, values ug and
g (Equation 2) are the friction coefficient and
the gravity acceleration, respectively, and a,qz
(Equation 3) is the eventually computed result.
Apart from kinematics, the rest of our problem
follows the same pattern as in MAPD (refer to
Section 2.2).

4. Proposed Solution

The following section presents our solution,
namely Safe Interval Path Planning with Veloc-
ity Control (SIPPwVC), eventually integrated in
Token Passing to solve the overall MAPD prob-
lem. The planner is an extension of Safe Interval
Path Planning (SIPP) [6], a MAPF graph-based
search strategy.

4.1. Safe Interval Path Planning

Safe Interval Path Planning (SIPP) is a search
method that addresses navigation in dynamic
environments without explicitly searching the
full space-time grid. For each spatial configura-
tion, e.g., a cell location and possibly an orienta-
tion, it computes sets of safe intervals, defined as
contiguous periods of time during which no colli-
sion occurs in that configuration. The planning
is performed with an A* search over states iden-
tified by the configuration and the related safe

interval, while the earliest feasible arrival time
within that interval is stored as an associated
value. When expanding a state, SIPP consid-
ers feasible motions to neighbor configurations
and determines whether the agent can wait (if
needed) and then move, so as to arrive inside one
of the neighbor’s safe intervals without collisions
along the motion.

Before going further, two essential characteris-
tics demand consideration. Firstly, the earli-
est arrival time calculated during the search is
treated as a dependent value stored with the
state, but it does not identify it: two nodes with
the same configuration and safe interval are con-
sidered as the same state by the planner, even
if they are reached at different times, and SIPP
keeps only the earliest reachable arrival time for
that configuration-safe interval pair.

Secondly, SIPP considers "wait and move" ac-
tions, implying that, for each safe interval in a
new configuration, the agent waits the minimum
amount of time possible, so that when the move
is executed, it arrives in the new safe interval as
early as possible.

4.2. Safe Interval Path Planning with
Velocity Control

We now introduce the novelty of our solution, by
extending SIPP to velocity control. The obser-
vations made in the previous section are revis-
ited in order to obtain a coherent model for our
purpose. The arrival time, previously extrane-
ous to the state identification, now has a crucial
role, since it is strictly related to the speed selec-
tion logic. Indeed, an agent can arrive within the
same safe interval of a neighbor configuration,
traveling at two different speeds when possible:
two different arrival times are computed, depen-
dent on such speeds, and thus two new nodes
are generated.

Moreover, the wait action is not considered: the
possibility of virtually accelerating and deceler-
ating makes this feature obsolete and removes
the risk of damaging the mechanical stability of
the robot-load system.

Safe intervals and velocities are features that
belong to the cell and the agent, respectively,
therefore the search is performed along with two
parallel states: at time step ¢, the cell state is
defined as s = (v, S1,, si(t), t), where v is the
spatial configuration, S1, is the set of safe inter-



vals for that configuration and si(t) € SI, is the
safe interval that contains time step ¢, whereas
the agent state a = (v, wvel, t) is characterized
by the velocity vel by which the agent arrives at
configuration v at time step t.

As well as in SIPP, our solution exploits A* for
the search, following the same steps as presented
in the work [6]: the expansion occurs by means
of a new function, that we call extendedGS,
which generates successor nodes while consider-
ing the velocity control logic. The pseudo-code
for this function is shown in Algorithm 1.

Algorithm 1 extendedGS

1. //  current  states are s =
(¢, SI., si(teurr), tewr) and a =
(07 Veurr, tcurr)
successors = ()
Vadmissible = @
for each vel in Vg.r do

Gmean = acceleration needed to change
the current speed to wvel

6: if amean < Amaz then

T Vadmissible <+ vel

8: else

9: continue

10: for n in neighbors do

11: for v in Vygmissivie dO

12: tm = L/'U

13: tstart = teurr + tm

14: tena = endTime(si(teurr)) + tm

15: for each safe interval ¢ in S1,, do

16: if tspare > endTime(i) or tepg <
startTime(i) then

17: continue

18: if (tstart — 1) >
startTime(si(teyrr)) and (tspare — 1) <
endTime(si(teurr)) then

19: t = tstart

20: else

21: continue

22: s’ < new cell state with 7 and ¢

23: a' < new agent state with v and
t

24: return successors

Before going through the selection mechanism,
the function computes the set of admissible ve-
locities Viygmissibie Uupon which the selection is
based, taking into account the task parameter
amaz and the fictitious acceleration a,eqn that
the agent would perform to engage a given ve-

locity in Vjyer. After that, for each of the admis-
sible velocities, the function calculates ¢,,, which
is the number of time steps required to reach a
neighbor configuration with that candidate ve-
locity v, and a new time interval [tsiars, tend] 1S
computed as well. If such new interval fits in a
safe interval of the neighbor cell and the agent
leaves its current configuration in time, while
moving at the candidate velocity, then no con-
flict will occur. Finally the new successor states
s" and a are generated, with updated stored val-
ues.

Another subtle difference with respect to the
original SIPP is the formulation of the f-value
(Equation 4) that leads the search.

(4)

In our case f(s) is a pure time function: g(s) is
intended as the number of time steps required
to reach state s, whereas the second term is the
ratio between h(s), i.e., the Manhattan distance
from the current configuration to the goal config-
uration, and v,q., Which is the highest velocity
in Vy.r and gives the best possible estimate to
reach the goal state.

4.3. TP-SIPPwVC

The final step of the solution is the integration of
SIPPwVC in a MAPD algorithm. In particular,
the path planning solver is embedded into To-
ken Passing. TP can replace the original space-
time A* with any other one-shot single-agent
path planning algorithm, as long as it provides
collision-free paths in relation to the ones stored
in the token. As such, our planner SIPPwVC,
which is guaranteed to provide a collision-free
solution, opportunely fits into the TP algorithm.

5. Experiments

5.1. Experimental Setting

The algorithm is tested by running experiments
in modular environments of increasing size, with
units composed of 4-connected 20x 20 cell grids,
as illustrated in Figure 2. The compound
environments, of total sizes 40x40, 60x40,
and 60x60, simulate real-life workspaces, where
agents are located along the lateral walls and
static obstacles, e.g., shelves, are depicted as
black cells. Pickup locations are situated in front



of each side of the shelves, and delivery locations
are positioned between the agents rows.
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Figure 2: Map module of a warehouse with 30
agents.

The online feature of the MAPD task assign-
ment is elaborated through a Poisson distri-
bution of the tasks with parameter A = 1.2
while the sets of fractional velocities for perfor-
mance comparison are Vg = {L/2}, Vi =
{L/6,L/2}, and Vg = {L/10,L/6,L/2}, se-
lected so as to observe the impact of additional
speeds to each preexistent set.

Experiments follow the two lines of organization
illustrated in Table 1: we test three environ-
ments with a fixed number of task, allocated to
varying sets of agents, and vice versa. All combi-
nations provide results for all three sets of Vs
over 20 different runs, each one with different
pickup-delivery pairs and task characteristics.

M/T Agents
pieaq | A0x40[120 110 T20 T30 [ 40
X 60x40 | 160 | 10 | 20 | 30 | 40
Tasks
60x60 | 200 | 30 | 40 | 50 | 60
M/A Tasks
pieaq | 40x40] 20 |60 [100] 140] 180
XeE 1 60x40 | 40 | 80 | 120 | 160 | 200
Agents
60x60 | 60 | 120|160 | 200 | 240

Table 1: Table of experimental settings.

The metrics are the makespan, service time,
(Section 2.2), and the execution time, i.e., the
average number of time steps required to com-
plete a task since its allocation; we also measure
the frequency in change of speed, which is the
average number of times that an agent changes
velocity along the whole path. In this summary,
we considered sufficient to provide illustrative
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Figure 3: Map 40x40 with 120 fixed tasks and
varying sets of agents.

results for all configurations in Table 1, only in
relation to the map of size 40x40, since the other
settings delivers similar trends.

MAKESPAN
mmm velocity_set=(1) [L/2]
1 velocity_set=(2) [L/6,L/2]
mm velocity_set=(3) [L/10,L/6,L/2]

L b v M
s

60 tasks 100 tasks 140 tasks 180 tasks
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500 ? % *
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EXECUTION TIME

ai JLRFTERPEE
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Figure 4: Map 40x40 with 20 fixed agents and

varying sets of tasks.

5.2. Makespan, Service Time and Ex-
ecution Time

Results confirm what is expected in relation to
the tested environments and their settings.
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As for the category of fixed tasks with vary-
ing agents (Figure 3), we observe a decreasing
trend of the average makespan and service time
(these two metrics are indeed strictly related):
as an increasing number of agents is involved
in the instance, the fixed amount of tasks is ac-
cordingly allocated, resulting in shorter values of
makespan and service time. The average execu-
tion time increases as a result of a more crowded
environment.

On the other hand, if the number of agents is
fixed while we increase the number of tasks (Fig-
ure 4), we get a specular situation: the aver-
age makespan and service time increases since a
growing number of tasks is assigned to the same
set of agents, while the average execution time
follows a decreasing trend.

5.3. Frequency of Speed Changes

The number of occurrences of speed changes for
each task is counted from the start to the deliv-
ery location, including the pickup location. The
average value is calculated over all the assigned
tasks in the instance. Such values are eventu-
ally gathered, and we analyze the distribution
in relation to all instances.

AVERAGE SPEED CHANGES
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Figure 5: Map 40x40 with 120 fixed tasks and
varying sets of agents.

Figure 5 and Figure 6 prove the utility of the
velocity selection mechanism. In the first case
(Figure 5), given a fixed number of tasks, as we
increase the number of agents, we observe that
the averages increase in value, implying that the
selection mechanism is consistently employed as
the environment becomes more crowded. On the
other side (Figure 6), if we maintain a fixed num-
ber of agents while varying the number of tasks,
we observe that the averages stay almost steady;
therefore the velocity control logic is proved to
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Figure 6: Map 40x40 with 20 fixed agents and
varying sets of tasks.

be exploited by the majority of agents through-
out a single instance.

6. Conclusion and Future Work

6.1. Contribution

This thesis presents the work behind a brand
new approach to MAPD. The introduction of a
velocity control strategy in support of the path
planning provides a flexible algorithm that de-
livers positive global results and that highlights
the benefits of allowing a multi-agent system to
manage the travel speed of the agents along with
the planning. In-depth analysis of experimental
results of the instances also shows the practi-
cality of SIPPwVC in relatively crowded envi-
ronments, as much as it proves adaptability and
scalability in large environments. Moreover, the
possibility to handle the kinematics addresses
the safety issue of the robot-load system, that
can be eventually properly managed in relation
to its mechanical stability.

6.2. Future developments

The proposed formulation of the problem serves
as a starting model for further development, in
line with increasingly complex scenarios. Im-
provements in relation to the spatial configu-
ration of the agents, e.g. adding a rotational
variable or a third coordinate, as well as to
the reintroduction of a properly adapted defini-
tion of the wait action can be addressed, along
with the adaptability to a diverse range of envi-
ronments, such as maze-like workspaces or ran-
domly crowded open spaces.
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