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Abstract

This paper deals with the problem of planning multiple agent
movements through a mission area modeled as a graph. The
agents undergo classic communication and temporal con-
straints, and the quantitative objective is the minimization of
the team’s traversal makespan. Additional specificities make
the problem a particularly complex routing one: on some
nodes are associated durative and coordinated actions to per-
form, which can involve either the co-presence of several
agents or time dependencies. Also, some agents are deploy-
able and able to move on denser graphs: namely, aerial robots
can take off and land on a ground vehicle at any planned posi-
tion, and can fly above ground obstacles. We model the prob-
lem as a Constraint Satisfaction Problem (CSP) and solve it
with a network flow model. Results show the efficiency of the
model and resolution scheme, which provides solutions one
to two orders of magnitude faster than a numeric-temporal hi-
erarchical planning model, with only a few percent losses of
optimality.

Introduction
This paper considers the planning of a multiagent progres-
sion mission. A progression mission consists in traversing an
area modeled by a traversability graph, performing tasks on
some vertices with temporal constraints, such as synchronic-
ity or sequences. Such missions pertain to various applica-
tions contexts, such as firefighting (Shahidi, Ramezanian,
and Shahparvari 2022), hostile zone exploration (Guettier
2007; Kenzin, Bychkov, and Maksimkin 2019), or rescue
scenarios (Bevacqua et al. 2015). The scenario we based our
study is depicted in (Godet, Lesire, and Bit-Monnot 2023;
Siboulet et al. 2024; CoH 2023b,a)

According to the taxonomy proposed in (Korsah, Stentz,
and Dias 2013), a progression mission is a multiagent mul-
titask problem with temporal assignments and compound
tasks. Planning for such missions is particularly complex
to solve and is generally tackled by Constraint Satisfac-
tion Problem (CSP) dedicated solvers (Shiroma and Campos
2009), or by domain-specific algorithms (Zlot 2006).

Our problem share with the Vehicle Routing (VRP)
and Team Orienteering (TO) problems depicted in (Gu-
nawan, Lau, and Vansteenwegen 2016; Vansteenwegen,
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Souffriau, and Van Oudheusden 2011; Guastalla, Aringhieri,
and Hosteins 2024), the requirements to solve allocation,
scheduling and routing subproblems. Of particular inter-
est is the approach of leveraging a CSP with flow con-
straints which allows efficient problem-solving (Bredström
and Rönnqvist 2008), while having sufficient expressive-
ness to plan tasks and trips (Ferreira et al. 2024). We adopt
this modeling approach, and consider two additional aspects
that correspond to realistic missions, but also add significant
complexity:

• Agents evolve under communication constraints. In par-
ticular, one of them must be permanently connected to all
others: this instantiates the presence of a mobile control-
command station that is involved in the progression;

• Some agents associated to carrier agents can be de-
ployed, but must be recovered before a maximum du-
ration. Namely, such agents are flying vehicles that can
in particular observe parts of the environment prior to
traversal by ground agents (De Petris et al. 2022).

The following section presents the formalization of the
considered progression problem. The next one depicts in de-
tail the used model to efficiently solve the problem. Results
are then provided, and in particular compared with a clas-
sical planning model approach. A discussion concludes the
paper.

Problem Formalization
The problem consists of moving na agents from entry posi-
tions Eta to exit positions Exa on a graph in which edges
represent motions that depend on each agent’s traverse ca-
pacity or speed: Ga = (V,Ea). The traversal time of an
edge (v, v′) by an agent a is Tta(v,v′).

Tasks and associated constraints A task p is associated
to a vertex (or position) Ptp ∈ V , has a duration Dtp and
must be achieved within a time window Wtp. Tasks are
typed, and can only be achieved by an agent that is not
in the subset Rtp. Dependencies between tasks are intro-
duced: pairs of synchronized tasks (p, p′), not necessarily
associated with the same vertex, must start at the same time
(pairs are stored in S); and precedence conditions between
two tasks p and p′ impose that task p must finish before p′
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Figure 1: Illustration of a progression planning problem for
a fleet of heterogeneous agents on a graph with tasks and
temporal constraints

starts (pairs are stored in P ). In Figure 1, tasks and con-
straints are depicted in green, task(constraints), for in-
stances p4(\C2) means that p4 cannot be performed by C2.
p1(= p6) means that p1 is to be done synchronously to p6
These temporal constraints can be defined over more than
two tasks. In particular, there is a list F of agents that can
only reach a vertex after another agent has reached it (this
instantiates the notion of scouting).

Temporal exclusions A series of temporal exclusions q
are defined: an agent a /∈ Arq (the set of agents exempted
from the temporal exclusion) must not lie on the position
(vertex) Prq during a given time window Wrq (this instan-
tiates temporary dangerous areas). In Figure 1, temporal ex-
clusion is in red q1[10, 50] means that no agent should be on
v8 from 10 to 50.

Deployable agents A set D of deployable agents is de-
fined. Each deployable agent a ∈ D is associated to a car-
rier agent Ca. A deployable agent a ∈ D can be deployed
at most Nda times, each time for a maximum duration Fda,
this model energy capacity of flying agents. The deployment
and recovery of deployable agents impose that the associ-
ated carrier agent and the deployable agent perform a syn-
chronous durative action at the same vertex that lasts Dda.
This deployment and recovery actions are exclusive of the

Symbol Meaning
V Vertices of the navigation graph
Ga Navigation graph of agent a
Ea Edges of agent a navigation graph
Tta(v,v′) Travel time of agent a for the edge (v, v′)
Eta Entry position of agent a
Exa Exit position of agent a
Ptp Task p position
Dtp Task p duration
Wtp Task p time window
Rtp Task p set of non authorized agents
S Set of tasks pairs that have to be synchro-

nized
P Set of tasks pairs that have to be sequential
F set of agents that cannot be the first to reach

vertices
Prq Temporal exclusion q position
Wrq Temporal exclusion q time window
Arq Set of agents exempted from temporal exclu-

sion q
D Set of deployable agents
C Set of carrier agents
Nda Maximum number of agent a deployments
Fda Maximum duration of a deployment of an

agent a
Dda Maximum duration of the starting or ending

phases of the agent a deployment
Ca Carrier associated to a deployable agent a ∈

C
Gr Communication graph
Er Bidirectional edge of the communication

graph
ar Central agent

Table 1: Problem constant symbols

completion of any other task for both agents. In Figure 1,
carrier agents are in blue and deployable agent in orange,
with the deployable agent under its carrier agent . In our fig-
ure, R1 is carrying D1 and D2 that can be deployed twice
for 50 units of time.

Communications A bidirectional communication graph
Gr = (V,Er) is defined. A specific agent ar must be di-
rectly connected through this graph to all the other agents at
all times (this instantiates a central monitoring agent). This
monitoring agent cannot change during the mission. Com-
munication connectivity on edges is ensured by the connec-
tivity of the two associated vertices. Communications are
not depicted on Figure 1.

Solution definition Tav denotes the arrival time of an
agent a on vertex v and Dav the duration the agent a stays
on v. Both should be 0 if the agent a does not pass through
the vertex. The completion of a task p by an agent a is stored
in the variable Rtap, and is executed at time T tp. The sat-
isfaction of a temporal exclusion q is stored in the variable
Rraq .

A solution plan is the complete assignment of all the
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Symbol Meaning
Tav Arrival time of agent a at vertex v
Dav Duration of agent a at position v
T tp Task p execution time
Rtap Realization of task p by agent a
Rraq Realization of the temporal exclusion q by

the agent a

Table 2: Problem variables

variables Tav,Dav, T tp,Rtap,Rraq . The optimal plan is
the one that satisfies all the constraints and minimizes the
makespan M for the carrier agents (note that all the deploy-
able agents must have been retrieved by their associated car-
riers by this date).

M = max
a∈C

(TaExa +DaExa) (1)

Our domain does not allow agents to return to a previously
visited position. This method of resolution is conditioned by
the scenario, which recommends that each agent should only
pass over each position at most once. Should we wish to
relax this constraint, we can duplicate the navigation graph
n times to enable n position-based replay.

An instance of the considered problem is shown
in Figure 1. The navigation graph comprises 14 ver-
tices v1, ..., v14. The mission is performed by 4 agents:
R1, C2, C3, C4 starting at v1 and ending it at v14. They are
assisted by two agents D1 and D2, associated to the carrier
agent R1, that can each be deployed twice for a maximum
duration of 50 units. Various durative tasks p1, ..., p11 are
to be performed, sometimes with inter-task of absolute time
constraints. The presence of any agent on v8 between time
instants 10 and 50 is precluded. The v7 vertex is only ac-
cessible to the D1 or D2 agents, so solving p11 requires the
deployment and recovery of a deployable agent. Agent R1 is
the team’s central agent and must be in communication with
all other agents at any time.

Constraint Programming Model
Our approach to solve the mission planning problem is in-
spired by Guettier (2007); Shiroma and Campos (2009) on
similar progression problems. It consists in encoding the
problem into a CSP formalism with finite-domain integer
variables, and in deducing the actions to be performed by
reading the variable values satisfying the CSP. Our approach
implies additional assumptions:

• A task to be performed at a position is carried out at the
time the agent arrives at the position.

• The actions of deploying and recovering deployable
agents are performed just before leaving a position.

These assumptions do not impede the correctness of the
found solutions, but might result a slight increase of mission
makespan.

Symbol Meaning
Constants

G′ CSP graph
V ′ CSP vertex
V d Ordered set of agent storage positions
E′

a CSP Edge of agent a
T t′a(v,v′) CSP Travel time of agent a on edge (v, v′)

Bav Agent a balance at position v
vs Starting position in the graph
ve Ending position in the graph

Variables
Fak Agent a flow on the kth edge
Dpav Deployment of the agent a at position v

Table 3: CSP introduced symbols

Problem CSP Encoding
Boolean variables are represented as binary integer variables
where 1 encodes true and 0 encodes false. To lighten the no-
tation, we do not systematically recall the definition range
of all variables. If not specified, the variable takes all values
over which it can be defined. The disjunctions (resp. con-
junctions) are denoted by a vertical line (resp. a brace) on
the left of formulas. Table 3 lists the symbols associated with
the CSP encoding.

Constraint-based modeling of flows on graphs for mission
planning implies path continuity for all agents. However, de-
ployable agents can be deployed and recovered at any ver-
tex on the problem graph. We therefore introduce additional
vertices that enable the solver to find continuous paths for all
agents. To produce the solution plan, these vertices are just
ignored.

The complete graph given to the constraint solver is G′
a =

(V ′, E′
a), which includes the graph G:

V ′ = V ∪ {vs, ve} ∪ V d (2)

Where vs and ve are the starting and ending position
common to all agents, V d = {v1d, ..., vn

d

d }, with nd =
maxa∈D(Nda)+1, are artificial vertices, called storage po-
sitions, for the Nda deployable agents to remain on their
associated carrier agent. These positions are linked to all
other positions in the problem graph by instantly traversable
edges. The conditions for using these edges are specified
later in this section.

To define the CSP carrier agents graph, we need to add 2
edges for the graph’s entry and exit positions:

∀a ∈ C,E′
a = Ea ∪ {(vs, Eta), (Exa, v

e)} (3)

To define the CSP deployable agents graph, we also need
to add edges to the storage positions. Each deployable agent
has access to Nda + 1 deployment vertices, to perform at
most Nda deployments. These vertices are linked to all the
vertices of the problem graph, as well as to the start and end
vertices.

To sum up, the edges E′
a of the CSP graph G′

a are:
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Figure 2: From a problem graph (top) to a CSP graph (bot-
tom)

∀a ∈ D,E′
a = Ea

∪ {(vs, vnd )|n ∈ Jnd −Nda, n
dK}

∪ {(vnd , ve)|n ∈ Jnd −Nda, n
dK}

∪ {(v, vnd )|v, n ∈ V × Jnd −Nda, n
dK}

∪ {(vnd , v)|v, n ∈ V × Jnd −Nda, n
dK}

(4)
Figure 2 illustrates the augmentation of a problem graph

into a CSP graph.
Edge traversal duration Tt′a(v,v′) defined for E′

a are the
same as the original problem. Time values on the edges of
the CSP graph are defined for coherent time calculations:
the mission starts with a time equal to 1, so edges coming
from the start position and going to the end position have a
crossing time of 1. Deployments are modeled by an edge that
can be crossed instantly. The conjunction of these definitions
is:

{
e ∈ Ea =⇒ Tt′ae = Ttae
vs ∈ e ∨ ve ∈ e =⇒ Tt′ae = 1
e /∈ Ea ∧ vs /∈ e ∧ ve /∈ e =⇒ Tt′ae = 0

(5)

Constraints Encoding
Path integrity The uniqueness of the path followed by
each agent is enforced by a flow constraint. We define
Fa(v,v′) ∈ J0, 1K the flow representing the path of the
agent a on the edge (v, v′). Thus, ensuring flow consistency
is equivalent to compare incoming, outgoing, and balance

flows. To do so, for each position, we have to constrain in-
coming and outgoing flows to be equal to balances.

For all agents, the balance is 1 at graph entry, −1 at the
exit, and 0 otherwise. In our case, for all a, Bavs = 1,
Bave = −1, otherwise Bav = 0.

∑
(v′,v)∈E′

a

Fa(v′,v) −
∑

(v,v′′)∈E′
a

Fa(v,v′′) = Bav (6)

Time Propagation The primary objective of the mission
plan is to schedule the various agents’ actions: a time metric
based on the agent’s achievements is therefore needed. We
represent time with two variables Tav,Dav ∈ J0, tmax K2
that represent the time of arrival and the time spent on the
vertex v for the agent a.

Tav =
∑

(v′,v)∈E′
a

Fa(v′,v)(Tav′ +Dav′ + Tt′a(v′,v)) (7)

Tav = 0 =⇒ Dav = 0 (8)

Tav = 0 indicate that vertex v is not in the path of agent
a in the found solution. We add a constraint on Dav so that
it cannot stay or perform tasks at positions that are not on its
path. This also enforces the presence of all the carrier agents
on the first position at t = 1.

Tasks constraints The variable Rtam ∈ J0, 1K indicates
task p completion by the agent a. We first add the constraint
that p has to be completed by one agent that is allowed to
achieve it (Eq. 9).

∑
a

Rtap = 1 ∧ (a ∈ Rtp =⇒ Rtap = 0) (9)

Rtap =⇒ DaPtp ≥ Dtp (10)

Rtap =⇒ T tp = TaPtp ∧ TaPtp ∈ Wtp (11)

p ̸= p′ ∧ T tp = T tp′ =⇒ Rtap +Rtap′ ≤ 1 (12)

In planning model, we consider that completing task p
requires the agent to remain on the associated vertex longer
than the task duration (Eq. 10)

We define the variable T tp ∈ J0, tmaxK as the starting
time of realization of the task p. This variable is used for
synchronization constraint verification. In addition, we have
to ensure that the task satisfies the appropriate time window
(Eq. 11).

Two tasks cannot be performed simultaneously by the
same agent at the same position (Eq. 12) .

Coordination between tasks The succession of two tasks
(p, p′) is ensured by starting the second task after the com-
pletion the first one 13. The synchronization of two tasks
(p, p’) is ensured by starting both tasks at the same time 14.
These two constraints are exclusives.

(p, p′) ∈ S ⇒ T tp +Dtp ≤ T tp′ (13)

(p, p′) ∈ P ⇒ T tp = T tp′ (14)
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Temporal exclusion constraint The variable Rraq de-
fines the realization of the restriction q for the agent a:

a /∈ Arq =⇒ Rraq = 1 (15)
Rraq = 1 ⇐⇒ TaPrq +DaPrq < Wrq ∨ TaPrq > Wrq

(16)

To satisfy this constraint, the agent must pass through the
associated vertex Prq before or after the temporal exclusion
window Wrq , which is expressed by the disjunction of Eq.
(16).

Position discovery Some agents a ∈ F are not allowed to
go through a vertex first. For these agents, we introduce the
constraint for all the vertices in the problem:

∀(a, v) ∈ F × V, Tav > 1
=⇒ ∃a′ ∈ D ∪ C\F, 0 < Ta′v < Tav (17)

Makespan The makespan calculation is based on the time
taken by agents to go from vs to ve. By definition of flows,
these are the first and last points taken by each agent and
Tavs + Davs = 0. However, it is necessary to subtract the
artificial delay of 2 time units introduced by the CSP model
to obtain the correct value:

M = max
a∈C

(Tave +Dave)− 2 (18)

Deployable Agents Specific Constraints
We introduce Dpav ∈ {−Ca, 0, Ca} which is −Ca for the
recovery of agent a by agent Ca at vertex v, Ca for the
deployment of agent a at vertex v by agent Ca, 0 other-
wise. We introduce a constraint to ensure that the passage
from a position introduced for the CSP model to a posi-
tion of the problem is marked as a deployment or recov-
ery (remember Boolean are encoded as integer values, so
(Dpav > 0) ∈ {0, 1}):

∀a, v ∈ D × V,
∑

v′∈V d

Fa(v,v′) = (Dpav < 0) (19)

∀a, v ∈ D × V,
∑

v′∈V d

Fa(v′,v) = (Dpav > 0) (20)

For any deployment or recovery position a ∈ C, it is nec-
essary to impose the satisfaction of synchronized time ac-
tions between the 2 agents:

Dpav ̸= 0 =⇒
{
Tav > 0 ∧ Dav ≥ Dda ∧ DCav ≥ Dda
Tav +Dav = TCav +DCav

(21)
Deployment actions are exclusive, so we introduce the

following constraint to ensure the uniqueness of these ac-
tions at each position:

∀a1, a2 ∈ D2, a1 ̸= a2 =⇒ abs(Dda1) ̸= abs(Dda2)
(22)

A carrier agent can perform a task and dispatch an agent at
the same location. In this case, the time spent at the position
must be at least the sum of both actions.

∀a ∈ C,Rtap ∧ abs(Dpa′Ptp) = a
=⇒ DaPtp > Dtp +Dda

(23)

Remember we assume that tasks are executed when en-
tering a position, and deployments or recoveries just before
leaving it. This implies that on a given position, a deploy-
able agent can perform a task and be recovered, but not be
deployed and immediately perform a task. The former con-
straint is therefore slightly different for deployable agents:

∀a ∈ D,Rtap ∧ DpaPtp < 0 =⇒ DaPtp > Dtp +Dda
(24)

∀a ∈ D,DpaPtp > 0 =⇒ Rtap = 0 (25)

Maximum deployment time By construction, the storage
vertices in Vd are identically connected to the start point, the
finish point and all other points in the problem. We enforce
an order of passage through Vd to avoid different equivalent
solutions which swap the different times of passage through
the Vd:

∀a, n ∈ C × J1,Card(Vd)− 1K, Tavd
n
≤ Tavd

n+1
(26)

To ensure that deployment times are less than the maxi-
mum allowed time, we constrain the time between two posi-
tions introduced for the CSP:

∀a, n ∈ C × J1,Card(Vd)− 1K,
Tavd

n+1
− (Tavd

n
+Davd

n
) < Fda

(27)

This constraint applies indifferently to all agents, due to
the definition of the edges linking the Vd, which imposes
the maximum number of deployments.

Communication Constraints
To satisfy the communication constraints with the central
agent ar, we proceed by recurrence on the positions taken
by the other agents. First, we assert the connection at time 1:

∀a ∈ C, Tav = Tarvr = 1 =⇒ (v, vr) ∈ Er (28)

Then, for each other agent, at each new considered posi-
tion, we must ensure that it is communicating with the cen-
tral agent. To do this, we first check that there are candidate
positions for communication. A position is a candidate when
agent a has arrived at position v before agent a′ has arrived
at position v′, and it is possible to communicate between the
2 positions.

Pc(a, v, a′, v′) : 0 < Tav ≤ Ta′v′ ∧ (v′, v) ∈ Er (29)

To enforce that the candidate position is communicating,
we need to check that agent a is still on v when a′ arrives at
v′

Ps(a, v, a′, v′) : Tav +Dav > Ta′v′ (30)
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or that agent a goes to a position v′′ that is also communi-
cating with v′:

Pg(a, v, a′, v′) : v′′ ∈ V,


Fa(v,v′′) = 1

(v, v′′) ∈ Er

Ta′v′ < Tav′′

(31)

The communication constraint from all agents a′ to the
central agent ar at each position entry defined in the problem
is therefore the conjunction:

∀a ∈ D ∪ C\ar, ∀v ∈ V, Tav > 0

=⇒ ∃vr ∈ V,


Tarvr > 0

Pc(ar, vr, a, v)

Ps(ar, vr, a, v) ∨ Pg(ar, vr, a, v)
(32)

In a second step, we need to ensure this constraint for the
central agent when it moves. We need to add a predicate:
agent a′ is on a CSP introduced position v′ when agent a
enters position v.

Pf(a, v, a′) : ∃v′ ∈ Vd,

{
Tav ≥ Ta′v′

Tav ≤ Ta′v′ +Da′v′
(33)

The overall constraint to ensure communication when the
central agent ar enters a new position is therefore the dis-
junction between the presence at a storage position and the
conjunction of the previously asserted communications:

∀vr ∈ V, Tarvr > 0 =⇒ ∀a ∈ D ∪ C\ar,∣∣∣∣∣∣
Pf(ar, vr, a){
Pc(a, v, ar, vr)

Ps(a, v, ar, vr) ∨ Pg(a, v, ar, vr)

(34)

Comparison with a Generic Task Planner
Resolution of the CSP
We have implemented our mathematical model on top of a
pre-existing CSP solver. We have created a C++ component
called ZORTAC which performs problem-to-CSP and CSP-
solution-to-plan. ZORTAC uses MINIZINC (Nethercote et al.
2007) for intermediate constraint representation, and OR-
TOOLS (Google LLC 2023) for problem-solving itself.

We observed that for our problem, the number and type of
CPU used by OR-TOOLS do not have a significant impact
on solving time and solution quality. For all the experiments,
we use 4 CPU with 10 GB of RAM.

Model and Resolution With a Generic Task
Planner
We compare the performance of our method with the generic
task planner ARIES (Bit-Monnot 2023; Godet and Bit-
Monnot 2022). We chose ARIES as a state-of-the-art task
planner that compiles the problem into a generic CSP model,
and solves with its own CP-SAT solver, following an ap-
proach similar to ours. To model the problem for ARIES,

we are using unified-planning library (Micheli et al. 2025).
It allows modeling complex problems with temporal, nu-
merical, and hierarchical aspects, at the frontier between
PDDL2 (Fox and Long 2003; Edelkamp and Hoffmann
2004) and HDDL (Höller et al. 2020).

As ARIES solves problems formalized in PDDL and
HDDL, our constraint model cannot be reused. So we mod-
elled again the same problem with ARIES/PDDL approach
(and thus compare our method with an alternative model and
solver, as a whole). The problem formalization for ARIES is
summarized here.

Because an agent can go to a specific position only once
during the mission (a constraint imposed by the flow-based
resolution scheme), we create for each agent a ∈ C ∪ D
and each position v ∈ V a unique task on-v-a. This task
is responsible for bringing the agent a to the position v if
needed and to optionally complete the task of this position.

For instance, Figure 3a shows the task for the agent C1 on
position v3. One way to do the task is to do nothing with the
noop method, meaning that the agent does not go through
the position during the mission, which is equivalent to the
implication 8. The other way is the act method, where the
agent move from its previous position to v3 if there is a path
and the communication is possible. Next, the agent stays
safe, ensuring that the position v3 is not subject to any in-
terdiction while the agent is present. Finally, the agent C1
can optionally complete the task p2 while staying safe.

There is one exception for the act method when the agent
is a carrier and the position is the entry position of the mis-
sion. In this case, it is not possible for the agent to move from
a previous position, and so the move action is not present in
this case.

One condition to complete the task is that no other agent is
doing the task at the same time. Therefore, the do-p2 meth-
ods of figures 3a and 3b are mutually exclusive, one of the
agents must choose the noop method.

In the case where there is no task to complete on the posi-
tion or if the agent is not allowed to complete the task, e.g.,
the agent C1 on the position v5, the do task is omitted as
shown in Figure 3c, reducing the search space.

Moreover, a deployable agent da can be deployed at most
Nda time. For each da ∈ D, for i ∈ J1, NdaK, we create a
task deployment-da-i responsible for deploying and recover-
ing the agent da for the ith time. One way to do the task is to
do nothing with the noop method, meaning that the agent is
deployed at most i − 1 times during the mission. The other
way is the act method, where the agent is deployed from its
carrier and landed (recovered) on it after. This structure en-
sures that the agent is not deployed at the end of the mission.
The two deploy and land actions are temporally constrained
to ensure that the agent is deployed for at most Fda units
of time. The figure 3d shows the first deployment of the de-
ployable agent D1.

Finally, each carrier ca ∈ C is forced to be at its exit
position Exca at the end of the mission, and each task t ∈ T
to be completed.
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(d) Deployment 1 of D2.

Figure 3: Some tasks used to model the problem for ARIES
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Figure 4: Solutions quality repeatability over 30 solving of
a representative instance (1800 seconds timeout)

Test Case Results
To test the repeatability of finding solutions in a given time,
we solve the representative problem of Figure 1 30 times.
Figure 4 compares the mean solution quality and the number
of solved instances.

Quality is normalized with respect to the highest qual-
ity found by all planners. Given the additional assumptions
made for our model, the optimality results found by ZOR-
TAC and ARIES are not identical. ARIES generally produces
better quality plans than ZORTAC thanks to a finer time dis-
cretization. The main differences are the time step of each
planner and the temporal position of the tasks on the posi-
tion.

Contrary to what would be expected, integrating the
assumptions of ZORTAC in the model of ARIES would
not speed up its resolution and ARIES was systematically
slower, even with a strict implementation of the ZORTAC.
ARIES however benefits from the interdictions of multiple
visits of the same vertex, which avoids the need for a recur-
sive move decomposition (Godet, Lesire, and Bit-Monnot
2023).

For this problem, the quality criteria is 6.3% in favor of
ARIES. Figure 4 shows that ZORTAC is capable of finding
an initial solution and optimizing it consistently, and that

101 102 103
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B
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E
F
G

Solving time (seconds, log scale)

Figure 5: Key solving moments over 30 solving of a rep-
resentative instance (1800 seconds timeout). ZORTAC First
Plan (A), Last Plan (B), Optimal Proof (C). ARIES First
Plan (D), Equivalent Quality Plan (E), Last Plan (F), Op-
timal Proof(G).

ARIES is also capable of finding some solution repeatedly.
In the allotted time of 1800 seconds, all resolution instances
found an optimal solution. But while ZORTAC succeeded in
proving the optimal solution in regard to its model on all in-
stances, ARIES failed to prove the optimality of its solutions
on all instances.

The analysis of the resolution time to find the first plan,
last plan and first proved optimal plans confirm ZORTAC’s
efficiency compared with ARIES’ performance (Figure 5).
The proof of the solution optimality is quickly found by
ZORTAC whereas ARIES fails to prove the optimal in the al-
lotted time. We add a metric (Equivalent Quality Plan) which
is the time needed by ARIES to find a solution of equiv-
alent quality to ZORTAC’s optimal. This solution is found
before ARIES’ best solution, but well after the time needed
for ZORTAC to prove that it is its optimal accordingly to its
model hypothesis.

Results on a Generated Problem Set
To further characterize the performance of our models, we
generated problem instances with random variations accord-
ing to an experiment design process. We vary the values of
different parameters, as shown in Table 4. The range of pa-
rameter values was chosen to produce ZORTAC satisfiable
and solvable plans in 1800 seconds. This is much longer
than the time required in the field, but it does allow us to
properly assess the differences between the two approaches.

The parameters that have the greatest impact on the
average resolution time are the number of tasks for de-
ployable agents, and the number of positions. The values
of the remaining parameters have a strong impact on the
satisfiability of the automatically generated plan.

The random problem generation starts with positioning
vertices along a 2D grid. Vertices are then randomly pruned
according to a pruned position ratio of positions so as to not
have only grid. Then, we ensure that all vertices are linked
by at least 2 edges to improve the feasibility of the generated
instance. Finaly, tasks are randomly associated to positions,
and synchronized tasks are randomly selected.

For tasks that can only be performed by deployable
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Parameters Values
Number of positions 9,16,25,36
Number of carrier agents 2,3,5
Number of Deployable agents 1,3,5
Position with tasks ratio (%) 0,25,50
Synchronized task ratio (%) 20
Pruned position ratio (%) 10
Communication constraints true, false
Number of tasks accessible by flying agents 0,2,5

Table 4: Parameters and associated values for randomly gen-
erated instances
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Figure 6: Coverage over 216 randomly generated instances
populated with values of Table 4 (1800 seconds timeout)

agents, we draw enough position pairs to reach the required
number of positions only accessible by deployable agents.
We place a new position in the middle of the two drawn
positions, and connect it to these two positions with routes
only accessible to deployable agents. If communication con-
straints are imposed, the communication graph is simply
defined by checking agent distance: agents closer than 2.5
times the grid edges distance are in communication. Depar-
ture and arrival positions are common to all agents, and are
on opposite sides of the field. The set of parameter levels
is generated by Generalized Subset Designs (GSD) with a
reduction coefficient of 3. 216 instances are generated.

Domain coverage over solving time is displayed in Fig-
ure 6. ZORTAC quickly proves that 25 problems are unsat-
isfiable. This can happen when the instance configuration
requires agents to move back and forth between different
positions (unsatisfiability detection was not checked with
ARIES). On the 46 plans where ZORTAC and ARIES proved
the optimality with respect to their model, the average qual-
ity deviation was 7.9%. The largest quality deviation is 35%
for an instance with a expecialy short optimal solution qual-
ity. It is difficult to generalize about these gaps, as ARIES
has a hard time proving optimality. Small plans with low ab-
solute but high relative gaps are overrepresented. We do not
find a strong correlation between the different plan genera-
tion parameters and their complexity in finding an efficient
solution.

The evolution of domain coverage depicted in Figure 6
exhibits an increasing gap between the two solvers. ZORTAC
is better at producing first solutions than ARIES.

Constraint models, datasets and results are available at
https://gitlab.laas.fr/esiboulet/icaps25 dataset code

Discussion
Performance of Other CSP Solvers
We have measured the effect of choosing another solver in-
stead of OR-TOOLS in ZORTAC: We have used the CSP
solvers OR-TOOLS v9.11 (Google LLC 2023), CHOCO-
SOLVER v4.10 (Prud’homme and Fages 2022), GECODE
v6.2 (Schulte and Stuckey 2008), CHUFFED v0.13.2 (Chu
et al. 2018), and CBC v2.10 (Forrest et al. 2024), all con-
trolled by MINIZINC v2.8 (min 2023). The results are shown
Table 5.

We have found that the solvers are ordered by per-
formance as in the Minizinc Challenge (Stuckey et al.
2014), thus confirming experimental performance compar-
ison. Moreover, we note the good performance of the plan-
ning method used by ARIES. This shows that it is the cou-
pling of our model to OR-TOOLS that enables optimal per-
formance, and that our model itself is not sufficient to pro-
vide good solving performance: it needs to be coupled with
OR-TOOLS to surpass ARIES performances. Aries is based
on its own CP-SAT solver to find a plan, and it is currently
impossible to use any other solver with it.

The ZORTAC model has been designed to work with OR-
TOOLS, and the performances observed during model devel-
opment led to the use of a flow-based constraint model. The
resolution of this type of constraint is not equivalent in all
CSP solvers. It is likely that the use of path-finding meth-
ods such as path search or sub-circuit search would mod-
ify the performance differences found between the different
solvers.

ZORTAC 62.5%
ARIES 36.6%
ZORTAC-CHOCO-SOLVER 25.3%
ZORTAC-GECODE 13.9%
ZORTAC-CHUFFED 5.56%
ZORTAC-CBC 3.70%

Table 5: Coverage over 216 randomly generated instances
populated with values of Table 4 in 1800 seconds

Performance on a Realistic Scenario
We assessed the performances of our model on a realistic
scenario, inspired by a challenge organized by one coun-
try ministry of defense. The scenario has 17 positions, 3 of
which are only accessible to deployable agents. One agent
carrying 2 deployable agents does not need to achieve any
task on any position, and 2 carrier agents do. The average
graph degree is higher than that of the randomly generated
instances (Figure 7). Deployable agents have a larger navi-
gation graph than carrier agents. There are 7 actions to be
performed, including one on a position that only a deploy-
able agent can reach, and two that must be performed syn-
chronously.

Solving this specific instance up to good quality, takes
90min (5400s) for ZORTAC. This long solving time makes
the approach suitable for mission preparation. However, al-
ternative methods will be necessary for plan adaptation dur-
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Figure 7: Realistic problem navigation graph and tasks
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Figure 8: Solutions quality repeatability over 30 solving of
a realistic instance (5400 seconds timeout)

ing execution, in order to dynamically take into account un-
foreseen events and contingencies. As depicted Figure 8, our
model (ZORTAC with OR-TOOLS) allows automated plan-
ning of such realistic instances, which was not possible with
classical planning approaches such as ARIES.

Conclusion
We presented a progression mission problem, a specific rout-
ing problem enriched by the introduction of the concept of
deployable agents and the consideration of communications
constraints. We provide a CSP model for this problem and
compare its performance with that of an automated plan-
ning approach. The relevance of our approach is assessed
for a realistic scenario, demonstrating that our domain-
dependent model coupled with OR-TOOLS efficiently yields
valid plans for complex mission progressions.

Various improvements are foreseen. For instance,
domain-related dedicated heuristics could drastically speed
up the resolution: learning such heuristics with graph neural
networks may be a relevant approach. Providing explana-
tions of the unsatisfiability of problems would be a key asset
to the approach, but achieving this in a reasonable time is
certainly a difficult issue.

Finally, a plan execution will eventually reveal discrep-
ancies with respect to planning model. Analyzing the pro-
duced plans to identify admissible delays would enhance its
robustness with respect to such discrepancies, e.g. by using
a simple temporal network with uncertainty plan. Also, we
believe that it is possible to further enrich the model to cope
with more or less predictable evolutions of the mission, as
in the case of deploying wildfire countermeasures against a
dynamic firefront. In such missions, the use of deployable
agents that can gather up-to-date information would be very
beneficial.
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