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—— Abstract

Multi-Agent Path Finding under Time Uncertainty (MAPF-TU) extends classical MAPF by con-
sidering uncertain traversal duration. However, existing approaches, such as the Conflict Based
Search with Time Uncertainty (CBS_TU) method, assume that uncertainty only arises while agents

move between locations, overlooking uncertainty induced by executing tasks. In many real-world
applications, agents must not only navigate but also perform tasks of uncertain duration at specific
locations, leading to additional temporal dependencies.

In this paper, we introduce Multi-Agent Path Finding with Tasks under Time Uncertainty
(MAPF-TTU), a new extension of MAPF-TU in which agents must execute tasks of uncertain
duration at intermediate goals. We first analyze the computational complexity of MAPF-TU and
MAPF-TTU. We then propose two complementary solution approaches. The first extends CBS_TU
to explicitly reason about uncertain task execution during planning. The second transforms an
MAPF-TU solution into a Simple Temporal Network with Uncertainty (STNU) and computes a
robust execution schedule through Strong Controllability.

Finally, we experimentally evaluate both approaches under varying levels of traversal and task
time uncertainty, highlighting the tradeoff between solution quality and scalability.
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1 Introduction

Multi-Agent Pathfinding (MAPF) is an NP-hard problem that consists of computing collision-
free paths for a set of agents that must reach predefined goal locations from their initial
positions [32]. MAPF has been extensively studied due to its relevance in many real-
world applications, including transportation and logistics for warehouse automation [37, 18],
robotics [29, 14], and video games [28]. Classical formulations of MAPF typically assume
either discrete timesteps or deterministic continuous-time actions [36, 2|, allowing the motion
of the agents to be synchronized precisely and straightforwardly checked for conflicts.
© Alexandre Albore, Christophe Grand, Noélie Ramuzat, and Ajdin Sumic;

37 licensed under Creative Commons License CC-BY 4.0
33rd International Symposium on Temporal Representation and Reasoning (TIME 2026).
Editors: AndreA Orlandini and Sophie Pinchinat; Article No. 13; pp. 13:1-13:21

\\v OpenAccess Series in Informatics
OASICS Schloss Dagstuhl — Leibniz-Zentrum fiir Informatik, Dagstuhl Publishing, Germany


mailto:alexandre.albore@onera.fr
https://orcid.org/0000-0003-4386-4434
mailto:christophe.grand@onera.fr
https://orcid.org/0000-0002-2310-8757
mailto:noelie.ramuzat@onera.fr
https://orcid.org/0000-0001-8881-759X
mailto:aidin.sumic@onera.fr
https://orcid.org/0009-0003-0053-6411
https://doi.org/10.4230/OASIcs.TIME.2026.13
https://github.com/ajdin14200/MAPF_TTU_TIME
https://archive.softwareheritage.org/swh:1:dir:b90831099c338304e218af5159b6add58ed219b1;origin=https://github.com/ajdin14200/MAPF_TTU_TIME;visit=swh:1:snp:37ad480d96968340182c263c9bb0f6da6b0ffc97;anchor=swh:1:rev:10cc58ec7e0ce78479089eaaf8a19c1ad2fa7b7f
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/oasics
https://www.dagstuhl.de

13:2

Multi-Agent Path Finding with Tasks Under Time Uncertainty

Over the last decade, a large body of work has focused on developing increasingly
efficient MAPF solvers, including search-based methods, compilation approaches, prioritized
planning, and hybrid techniques. Among these approaches, Conflict-Based Search (CBS) and
its extensions have become particularly influential due to their balance between optimality
and scalability [27, 7, 19]. CBS decomposes the problem into a high-level search that
resolves conflicts between agents and a low-level search that computes individual paths
under constraints. Numerous variants have subsequently extended CBS to continuous time,
kinematic constraints, and execution robustness [1, 2, 8, 4, 11].

In contrast, the Prioritized Inheritance Backtracking (PIBT) algorithm is a well-known sub-
optimal approach designed for large-scale MAPF instances involving thousands of agents [24].
Its main strength lies in its high computational efficiency and scalability, although this comes
at the cost of lower solution quality compared to optimal approaches such as CBS.

However, the deterministic assumptions underlying classical MAPF significantly limit its
applicability in realistic environments, where traversal durations may vary due to exogenous
factors. Several works therefore focused on generating more robust execution strategies,
either by guaranteeing feasibility under bounded delays [3, 15, 22], dynamically adapting
agent priorities [30, 5], or repairing plans online during execution [16, 9, 13, 6, 20, 21].

In such settings, action durations are more naturally modeled as uncertain but bounded
values rather than fixed ones. Multi-Agent Pathfinding with Time Uncertainty (MAPF-TU)
extends MAPF by associating temporal intervals with edge traversals in the navigation
graph [26]. Reasoning under temporal uncertainty fundamentally changes the nature of the
problem. In deterministic MAPF, conflicts can be checked at precise timesteps, whereas
MAPF-TU requires considering all possible realizations of uncertain durations. Two agents
may conflict whenever their occupancy intervals overlap under some admissible execution
scenario. Consequently, MAPF-TU requires safe plans that remain collision-free despite
uncertain execution outcomes. Existing approaches typically rely on interval-based reasoning
and robust conflict detection to guarantee safe execution [26, 33]. In particular, CBS_TU [26]
extends CBS to reason directly over interval-valued plans and conflicts.

Although MAPF-TU considerably improves the realism of MAPF| existing formulations
mainly focus on uncertainty induced by navigation actions, namely uncertain edge traversal
durations. This assumption is sufficient when agents only move between locations, but it
becomes inadequate in many practical applications where agents must also perform tasks
at specific locations. In numerous real-world domains, these tasks may themselves exhibit
uncertain durations.

Consider, for example, an automated warehouse where robots retrieve items from shelves.
Uncertainty may arise not only from navigation times due to congestion, but also from
picking operations because of object accessibility or grasping conditions.

Despite its practical importance, this second source of uncertainty has received little
attention in the MAPF literature. Existing approaches generally assume that agents instantly
complete tasks upon reaching a goal location, or that task durations are deterministic [38].
However, these assumptions may therefore lead to unrealistic schedules at execution, leading
to online adaptation to avoid collisions.

In this work, we introduce a new paradigm called Multi-Agent Path Finding with Time
and Task Duration Uncertainty (MAPF-TTU). In MAPF-TTU, each agent is assigned an
ordered sequence of goals. Every goal except the final one requires the execution of a task of
uncertain duration before the agent can proceed. Task durations are represented as temporal
intervals similarly to uncertain traversal times. Consequently, uncertainty may arise both
while moving between locations and while executing tasks at a location.
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Introducing uncertain task durations substantially increases the complexity of temporal
reasoning in MAPF. Unlike traversal uncertainty, task uncertainty occurs while an agent
remains at a fixed location, as it can wait indefinitely before starting a task of uncertain
duration or leaving. This introduces new temporal dependencies and conflicts, since an agent
may occupy a shared resource for an uncertain duration while executing a task.

To address these challenges, we propose two complementary approaches. The first is an
optimal extension of CBS_TU, called CBS_TTU, that explicitly reasons about uncertain task
durations during planning. This extension augments the low-level search with explicit task
execution states and interval-valued task actions, allowing the planner to compute robust

solutions that account simultaneously for uncertain navigation and uncertain task execution.
Our second, suboptimal approach adopts a decoupled temporal reasoning perspective.

Instead of integrating all temporal uncertainty directly into the MAPF search, we first
compute a classical MAPF-TU solution and subsequently transform the resulting execution
plan into a Simple Temporal Network with Uncertainty (STNU) [34]. In this transformation,
traversal uncertainties and task execution uncertainties are modeled as contingent temporal
constraints, while precedence relations induced by collisions are represented as requirement
constraints. This enables the computation of a feasible execution policy that remains valid
under all realizations of uncertainty.

The remainder of the paper is organized as follows. We first review the necessary
background on MAPF, MAPF-TU, Temporal Plan Graphs, and Simple Temporal Networks

with Uncertainty. We then formally define MAPF-TTU and present our two approaches.

Subsequently, we provide an experimental evaluation comparing the approaches under varying
levels of traversal and task uncertainty. Finally, we discuss the implications of our results
and outline directions for future research on temporally robust multi-agent coordination.

2 Background
2.1 Multi-Agent Path Finding

Multi-Agent Path Finding is the problem of computing collision-free paths for a set of agents

moving in a shared environment from predefined start locations to goal locations [32, 29].

MAPF is generally defined as a tuple (G, A, s, g), where G = (V, E) is a graph representing the
environment, where vertices correspond to locations and edges represent feasible movements
between adjacent locations. A = {a;};en is the set of agents, while s: A -V and g: A — V|,
respectively, maps each agent to its start and goal location.

At each timestep, an agent executes an action: it either moves to an adjacent vertex,
or waits at its current location. A plan for an agent a € A is a sequence of vertices
Ta = (V1,...,0x), such that v; = s(a) and vy = g(a). Consecutive vertices are either
connected by an edge in E (move action) or identical (wait action).

The objective of MAPF is to compute a set of plans II = {m,...,m,} such that no
collisions occur between agents. Two main types of conflicts are generally considered: a vertex
conflict occurs when two agents a and b occupy the same vertex v € V at the same timestep
t and is defined as a tuple (a,b,v,t), an edge conflict occurs when two agents traverse the
same edge (u,v) € E in opposite direction at the same timestep ¢ and is defined as a tuple
{a,b, (u,v),t). A solution to MAPF is therefore a set of collision-free plans satisfying all
agents’ goals.

From an MAPF solution, a directed acyclic graph can be constructed, called Temporal
Plan Graph (TPG) [16], which captures the precedence relations required to preserve
collision-free execution. In a TPG, vertices represent events in the agents’ plans, while edges
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encode temporal dependencies between these events, including both intra-agent sequencing
constraints and inter-agent precedence constraints induced by conflict resolution. TPGs
support online adaptation, rescheduling, and temporal reasoning during execution while
preserving the safety guarantees of the original MAPF solution [30, 5, 16, 9]. Figure 1
illustrates an MAPF example with two agents and the corresponding optimal solution
minimizing the makespan, transformed as a TPG.

S O-C-®
(1, 5] [, 2] ~\[1, 2]

OO O ONENOS OO

(b)

(c)

o = (51,V2,91)

o = (52,91, 92)

Figure 1 Figure a illustrates an MAPF problem with two agents a and b, starting respectively
at nodes s1 and s2 and finishing at nodes g1 and g2, respectively, with 7w, and 7, the optimal
collision-free solutions. Figure b illustrates the MAPF-TU version of the example in Figure a, where
the optimal collision-free solution now requires agent a to wait one timestep on node s; to avoid
potentially colliding with agent b in g1 at timestep 2. Figure c illustrates the corresponding TPG
of the optimal solution of Figure a with the inter-agent precedence highlighted in red, i.e., agent b
(below) must pass by node g before agent a (top). This TPG is also valid for Figure b.

2.2 Multi-Agent Path Finding with Time Uncertainty
The MAPF with Time Uncertainty (MAPF-TU) problem is an MAPF problem where travel

duration between two positions is uncertain and can assume values within a fixed interval [26].

» Definition 1 (MAPF-TU). We define the Multi-Agent Path Finding problem with Time
Uncertainty as a tuple M = (G, A, s, g,w™,w™) where:
(G, A, s,g) is an MAPF instance;
w™ : E — RT is the function assigning the minimal possible duration to traverse an edge.
wt 1 E — RT is the function returning the mazimal possible duration to traverse an edge.

In addition, we refer by [w™(e),w* (e)] the non-deterministic time interval that bounds the
duration of traversing an edge e € E: traversing e multiple times may lead to different travel
duration each time. Hence, w™(e) and w*(e) are the lower and upper bounds of the durations
associated to e.

Unlike deterministic MAPF, the exact arrival time of an agent at a vertex is no longer
known precisely. Instead, each visit is associated with a temporal interval representing all
possible arrival timesteps induced by uncertainty propagation, as shown in Figure 1b.

» Definition 2 (Potential Presence). Given an agent a and a plan 7w, = (v1,...,v,), the
potential presence of a at vertex vy € m,, denoted T(ma,vy), is the interval of possible
timesteps during which agent a may occupy vy when following m,. The potential presence is
defined similarly for an edge.

Reasoning under temporal uncertainty fundamentally changes conflict detection. In
deterministic MAPF, conflicts are checked at exact timesteps, whereas MAPF-TU requires
considering all possible realizations of uncertain durations.

» Definition 3 (Potential Conflict). Given two agents a and b, their plans w, and m, are in
potential conflict on a vertezx or edge x if T(7y,x) N 7(mp, x) # 0.
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Figure 2 Figure a illustrates the execution of CBS on the provided MAPF-TU example in
Figure 1b. Figure b illustrates the MAPF-TTU version of the MAPF-TU example in Figure 1b,

where now agent a must perform a task at the intermediate goal node va of uncertain duration [1, 2].

The optimal collision-free solution is given with 7, and 7. The corresponding TPG of this solution
is given in Figure 1lc.

A potential conflict therefore exists whenever two potential presences overlap on the same
vertex/edge. A valid MAPF-TU solution is a set of collision-free plans II for all admissible
realizations of traversal durations.

Several approaches have been proposed to solve MAPF-TU. Shahar et al. [26] extended
CBS to uncertain traversal times through CBS_TU, which reasons directly over interval-valued
conflicts while preserving completeness and optimality guarantees. More recently, Svancara
et al. [33] proposed policy-based approaches capable of adapting agent actions dynamically
according to observed traversal durations during execution.

2.3 Conflict-Based Search algorithm

CBS maintains a search tree, called Constraint Tree (CT), where each node represents a set of
constraints and the associated solution. At each iteration, it selects the most promising node
in the tree. If the node’s solution has no conflicts, it is returned as the final plan. Otherwise,
a conflict is resolved by branching the search tree on new nodes, each adding a constraint
that forbids one side of the conflict. For each side of the conflict, a new constraint is added,
and a constrained path is replanned for the involved agent. By systematically exploring the
space of constraints in this way, CBS guarantees completeness and optimality. Nodes are
selected according to their cost, usually defined by the makespan of the agents’ plan. The
first node of the tree is called root node and has no constraints, thus its solution contains the
optimal individual path for each agent. In CBS, a low-level process computes new paths by
finding the shortest path to the goal (e.g., using A*), whilst taking into consideration the
set of constraints and a heuristic to guide the search. In MAPF-TU, the heuristic considers
either the lower or the upper bound duration for each edge. In the present implementation,
the latter option was used exclusively in order not to overestimate the delay too much.

Figure 2a shows the execution of CBS on the example in Figure 1b. The initial path
computed for the agents is shown in the root CT node (N7°°t). This solution contains a
vertex conflict on g; at t = 2. CBS_TU will resolve the conflict and creates two CT child nodes
N' and N2, where N! is the collision-free solution. Please note that the search process will
select N2 first due to a lower cost and iterate until it select N as the most promising node
in the CT.
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2.4 Simple Temporal Network with Uncertainty

A Simple Temporal Network (STN) is a tuple (V, E), where V is a set of real-value variables
called timepoints {v1,...,v,}, and £ is a set of temporal constraints between timepoints
called requirements [12]. Specifically, each requirement r € £ is of the form v, — v, € [[,u],
with v, v, € V, 1 € RU{—o0}, and u € RU {+00}; | and u represent the minimal and
maximal possible temporal distance between v, and v,. A requirement is represented as
an edge v, Y, vy. A reference timepoint v, is generally included in V as a fixed temporal
anchor assumed to be the first executed timepoint of the network, i.e., v, will take a value
such that each implicit constraint v, < v, for each v, € V is satisfied. An STN is satisfiable
if a timepoint assignment (schedule) exists that satisfies all the constraints. We say that
a controller executes an STN when it schedules its timepoints. STNs have proven to be
useful for MAPF by transforming TPGs into STNs to support execution flexibility and online
adaptation in dynamic environment [16].

A Simple Temporal Network with Uncertainty (STNU) is is an extension of the STN in
which a subset of constraints is distinguished, with the values (duration) of these constraints
being decided by external entities (e.g., Nature) and the controller can only observe them [34].
A STNU X = (V,&,C) is a tuple where V is now divided into controllable (V,) and uncon-
trollable (V,,) timepoints. C is a set of (uncontrollable) contingent links each of the form
vy — Vg € [l,u], where vy € Vs, vy € V,, and 0 < [ < u. The value (duration) w = vy — v is
set by an external entity before or during the execution. Once v, is executed, the value of v,
is vy +w. A contingent link is depicted as v, A »vy. A schedule for a STNU is a mapping
0:V — R from timepoints to real values.

» Definition 4 (Situation, Projection and Solution). Given a STNU X = (V,E,C) , the
situations of X' are the set of tuples Q defined as the Cartesian product of contingent domains:
Q= X, cc [k, ug]. Each situation w = (w1, ...,wy) € Q represents one possible complete set
of values for the durations of the contingent links of X. A projection X = (V,EUCY) of X
is an STN, where C¥ replaces each contingent link cy, with the rigid requirement induced by
wg- A solution of X% is a schedule o, satisfying all the constraints.

In STNUs, consistency needs to be redefined: a network is now said to be controllable if
there exists a schedule that satisfies all requirement constraints in any possible projection.

Three levels of controllability exist [34], depending on when the contingent durations are
known: Strong Controllability (SC) assumes that observation at execution is not possible
(as in conformant planning), hence, a single common schedule § satisfying all constraints in
all situations is required. Weak Controllability (WC) assumes all contingent durations will
be known just before execution (oracle), hence, one need to guarantee a consistent schedule
for each situation. Dynamic Controllability (DC) assumes that contingent durations are
observable at execution, hence, the schedule values assignment depends on past observations
only, regardless of the contingent durations still to be observed. In this paper, we will focus
on the case of Strong Controllability, of which we recall the formal definition below.

» Definition 5 (Strong Controllability). A STNU X is said to be strongly controllable (SC)
if there exists a schedule §, called a strong schedule, such that for all situations w, § is a
solution of X*.

STNUs provide a natural formalism for reasoning about controllable and uncontrollable
temporal events, making them particularly suitable for modeling uncertain traversal and
task durations.
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3  Multi-Agent Path Finding with Tasks under Time Uncertainty

We consider now an extension of MAPF-TU where agents must perform some task of
uncertain but bounded duration in intermediate locations. To do so, we will identify those
vertices where a durative task takes place as intermediate goal locations: they are specific to
the goal assigned to each agent, and the solution plan must take them into account. We call
such extension Multi-agent Path Finding with Tasks under Time Uncertainty (MAPF-TTU)
and is defined as follows:

» Definition 6 (MAPF-TTU). A MAPF-TTU is a tuple P={(G, A, s,g,w™,w™, M, t,4~,yT)
where:
(G, A, s,g,w™,w") is an MAPF-TU instance as in Definition 1.
M is a set of intermediate goal locations M C V.
t: A— M, a function mapping agents to sets of intermediate locations, s.t. t(a) = M,
is a set of intermediate goal locations assigned to agent a, where M, C M
Y™V — R is the function assigning the minimal possible duration on staying on an
intermediate goal location v € M;
YTV — R is the function returning the maximal possible duration on staying on an
intermediate goal location v € M.

In addition, we refer by [¢~(v), %" (v)] the non-deterministic time interval that bounds the
duration of staying in a vertex v € M. Hence, ¥~ (v) and ¥ (v) are the lower and upper
bounds of the durations associated to v.

When an agent reaches an intermediate goal location, it must remain at the corresponding
vertex during the entire task execution before continuing its plan. Consequently, uncertainty
may arise both while traversing edges and while executing tasks at specific locations. Traversal
uncertainty and task uncertainty are modeled independently through the functions w and .

» Definition 7 (MAPF-TTU single-agent plan). A single-agent plan for an agent a is a
sequence of nodes wy, = (v1,...,v,) that moves a from its start vertex vi = s(a) to its goal
vertex v, = g(a) such that: Yv € My, v € m,.

We assume that the task associated with an intermediate goal is executed only once upon
the first visit of the corresponding agent.

The notion of potential presence is extended to account for both uncertain traversal
durations and uncertain task durations. Intuitively, the uncertainty accumulated at a vertex
corresponds to the sum of all previous traversal and task uncertainties along the path.

» Definition 8 (MAPF-TTU Potential Presence). Given an agent a and its plan m, =
(v1,...,v,). The potential presence of a at vertex vy € m,, denoted T(ma,vy), is defined
as an interval in which a might be in vertex vy, after traversing the edge (vg—1,vy), with
(Vk—1) € Tq 8.

[0,0] k=1
(77 + ¢ (k) +w™ (k-1 0%)), 77 + 07 (k) +w' ((0k-1,08))]  if vr € M
[~ +w™ ((ve—1,vk)), 77 +w ((vg—1,vk))] Otherwise

where T(Tq,vk—1) = [17,7T].
The potential presence is similarly defined for an edge.

We consider a set of plans to be solution for a MAPF-TTU if each agent visits its
intermediate goal locations (see Definition 7) for a duration that is compatible with the
potential presence (see Definition 8), in which no potential conflicts occur.

TIME 2026
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3.1 Complexity of MAPF-TTU

In this section, we analyze the computational complexity of MAPF-TTU. We first study
the complexity of MAPF-TU, which, to the best of our knowledge, has not been explicitly
characterized in the literature, although it can naturally be conjectured to be at least as
hard as classical MAPF. We then show that introducing uncertain task durations preserves
this computational hardness.

» Definition 9. The MAPF-TU decision problem is defined by:
Input: An MAPF-TU instance M = (G, A,s,g,w™,w") and a rational number .
Question: Is there a safe solution for M with cost at most k?

» Proposition 10. MAPF-TU is NP-hard.

Proof. The NP-hardness of MAPF-TU follows directly from classical MAPF, which is NP-
hard [32]. Given an MAPF instance, we can construct an equivalent MAPF-TU instance by
setting: w™(e) = wt(e) = 1, for every e € E. <

» Definition 11. The MAPF-TTU decision problem is defined by:

Input: An MAPF-TTU instance P = (G, A, s,g,w™,wt, M, t,4~ ™) and a rational num-
ber k.

Question: Is there a safe solution for P with cost at most k?

» Proposition 12. MAPF-TTU is NP-hard.

Proof. The NP-hardness of MAPF-TTU follows immediately from the one of MAPF-TU
given in Proposition 10. Any MAPF-TU instance can be transformed into an equivalent
MAPF-TTU instance by setting: M = (), i.e., by not having any intermediate goals. The
resulting MAPF-TTU instance is therefore equivalent to the original MAPF-TU instance.
Since MAPF-TU is NP-hard, it follows that MAPF-TTU is also NP-hard. <

4 The CBS_TTU Algorithm

To solve MAPF-TTU optimally, we extend the CBS_TU algorithm proposed in [26]. The
resulting algorithm, called CBS_TTU, preserves the overall structure of CBS_TU while extending
the low-level search to explicitly reason about uncertain task execution.

Similarly to CBS_TU, the algorithm maintains a Constraint Tree. The high-level search
remains unchanged: the algorithm iteratively selects the lowest-cost CT node, detects
potential conflicts through interval overlaps, and resolves them by generating child nodes
with additional constraints.

The main modification made here concerns the low-level planner. In addition to movement
and wait actions, agents may now execute tasks at intermediate goal locations of uncertain
duration: [¢~(v),4 T (v)]. During this action, the agent remains at the same location until
the task is completed before continuing toward subsequent goals.

The low-level state representation is therefore augmented with a task execution status
indicating whether the current sub-goal action has already been performed. Potential conflicts
are detected exactly as in CBS_TU using interval overlap tests on potential presence intervals.
However, these intervals may now originate both from uncertain edge traversals and uncertain
task executions.

Since CBS_TTU preserves the same high-level conflict resolution mechanism as CBS_TU
while extending the low-level search with additional uncertain actions, the completeness and
optimality guarantees of CBS_TU are maintained.
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5 The CBS_TU_STNU Algorithm

In this section, we present our STNU-based approach for MAPF-TTU called CBS_TU_STNU.

We first solve the MAPF-TTU using CBS_TU to find collision free paths under uncertain edge
traversal durations, then we use STNUs in order to compute a schedule by incorporating
uncertain task durations to the given MAPF-TU solution.

Our method builds upon the approach proposed in [16], which extends Temporal Plan
Graphs to Simple Temporal Networks in order to accommodate kinematic constraints. We
further extend this approach to MAPF-TTU, with the aim of reasoning explicitly about
temporal uncertainty, which arises in our benchmarks both from edge traversal and task
execution durations.

5.1 Extending Temporal Plan Graphs to MAPF-TTU

Extending TPGs to MAPF-TTU is straightforward. Similarly to the classical MAPF setting,
the TPG captures the precedence relations that must be preserved during execution in order
to guarantee the absence of collisions. The main difference resides in the fact that events
are now associated with potential presence intervals induced by uncertain traversal and task
durations.

Building the TPG of a MAPF-TTU solution is shown in Algorithm 1. More precisely, each
visit of an agent to a vertex in its plan is represented by a TPG node. Type-1 edges encode the
sequential order of actions for each agent, while type-2 edges represent inter-agent precedence
relations induced by conflict avoidance [16]. Since MAPF-TU solutions are collision-free, the
potential presence intervals of two conflicting visits cannot overlap. Therefore, one interval
precedes the other, which directly determines the corresponding precedence relation in the
TPG.

The resulting graph compactly represents both the ordering of individual plans and
the temporal dependencies required for safe execution under uncertainty. The TPG of the
MAPF-TTU solution in Figure 2b is given in Figure lc.

5.2 Extending Temporal Plan Graphs to STNUs

Given a TPG, we construct a STNU X = (V, £,C) capturing both controllable precedence
relations and uncontrollable durations induced by traversal and task execution uncertainty.

Let ¥ denote the k-th node of agent a; in the TPG. For each node ¥, we decompose
it into arrival, task-execution, and leaving events. We introduce two STNU timepoints: an
uncontrollable timepoint v4(n¥) € V, and a controllable timepoint vz, (n¥) € V., representing

respectively the arrival and the leaving time of agent a; at the corresponding location.

However, if n¥ corresponds to intermediate goal location v € M,,, we additionally introduce
two timepoints: a controllable timepoint vrg(n¥) € V. and an uncontrollable timepoint
vry, () € Yy, to represent the start and end time of the task, respectively.

An agent a; can wait indefinitely before leaving the corresponding location or before
starting a task of uncertain duration at the same location; we model this behavior by the
following constraints:

{VA(nf) M Vrg (nf) —[1/17—(71)’—1/};—(”—)]» Uy (nf) M) 79 (nf) if n¥ corresponds to a v € Mo,

VA(ThI'C) M vrL (mk) Otherwise

We also introduce two reference timepoints v, and vp, respectively representing the
beginning and the end of the global execution. For each agent a;, let n} and 7! denote
respectively the first and last node in its TPG path. We add the requirement constraints:

13:9
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Algorithm 1 BuildTPGFromMAPFTU.

Input: An MAPF-TU solution II = {m,...,mn}
Output: A Temporal Plan Graph Gr = (Vr, Er)
1 Vo (Z), Er « (D;
2 foreach agent a; do

3 foreach visit k in m; do

4 create a TPG node nF;

5 annotate ¥ with its vertex and potential presence interval;

6 Vr < Vpr U {nf};

7 if £ > 1 then

8 L Er < Er U{(n* ' 0"} ; // intra-agent edge
9 foreach pair of agents a;, a; with i # j do
10 foreach nodes nf,n}” visiting the same verter do

11 if the interval of n¥ precedes the interval of n;" then

12 L Er <+ Er U{(nF,n")} ; // inter-agent edge
13 else if the interval of ;" precedes the interval of n¥ then

14 L Er + BEr U{(ny",nd)} ; // inter-agent edge

15 return Gr = (Vr, Er);

v, L% va(n}) and vp(nP) 2 vp. The first constraint synchronizes the start of every

agent with the global reference timepoint, while the second ensures that vp occurs after all
agents have completed their plans.

For every type-1 edge (15, nf“) in the TPG, let e € E be the corresponding traversal
edge. We connect the leaving timepoint of ¥ to the arrival timepoint of nf“ by a dotted
arrow as follows: vy (nF) NG MOIN va(ni ™)

(]

Finally, each type-2 edge (nF, 77;"), representing a precedence relation induced by conflict

avoidance, is translated into the requirement constraint: vy, (nF) L va(ni*). Please note

that the lower bound defines the temporal duration safety between the moment agent a;
leaves the corresponding location and the moment agent a; arrives at the same location.

The resulting STNU therefore captures both the temporal flexibility of the execution

and the uncontrollable durations arising from navigation and task execution uncertainty.

Figure 3 illustrates an example of transforming a TPG into a STNU.

[1,5] .7
=== »walg);

Figure 3 The transformation of the TPG from Figure 1c in a STNU. Dotted nodes depict
uncontrollable timepoints of contingent links (dotted arrows), while the highlighted constraint shows
the precedence relation on node g;.
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5.3 Solving Strong Controllability

To find a solution for MAPF-TTU, we use the CBS_TU algorithm to compute a collision-free
path between intermediate goals for each agent, and transform this solution into a TPG and
a STNU. Then, we find a solution by looking for an assignment of the timepoints under the
semantic of Strong Controllability. To do so, we use the polynomial size linear encoding
of [23]. In the following, we describe the linear encoding for checking Strong Controllability.

For a requirement v, " vy, there are three cases in which an uncontrollable timepoint
is involved: (1) vy, € Vy, (2) vy € Vy, and (3) v, v, € V,. A requirement in case (1)
can be encoded by the linear inequality ! < (v + wy) — v, < u, where w,, represents the
uncontrollable duration of the contingent link vy Au llwy with v, as endpoint. Other cases
can be encoded similarly.

By Definition 5, a strong schedule must satisfy this system regardless of the durations
w1, ..., wn. It is shown in [34] that for a schedule to be a strong schedule, it suffices for it
to satisfy the system when each duration takes one of its worst possible values, which are
the lower and upper bounds of the corresponding contingent link. For example, to satisfy
I < (vk +wy) — vp < ufor every w, € [I',u], it suffices to satisfy | < (v +1') — v, and
(v + u') — v, < u. This is the reason why it results in a system of linear inequalities of
polynomial size.

To find the best solution, i.e., the one with the lowest makespan, we slightly modify the
encoding by adding an optimization criteria on vg: Min(vg).

» Proposition 13 (CBS_TU_STNU Completeness). CBS_TU_STNU is complete but not optimal.
Completeness follows from the completeness of CBS_TU and from the structure of the con-
structed STNU. Indeed, all precedence constraints introduced in the STNU are lower-bounded
constraints of the form [l,+o00]. Consequently, contingent delays induced by uncertain tra-
versal and task durations can only postpone events without ever violating temporal upper
bounds. Therefore, the resulting STNU is always strongly controllable.

Howewver, the approach is not optimal since temporal optimization is performed only after
fizing the MAPF-TU plan and its associated precedence relations. As a result, the STNU can
optimize execution times only within the flexibility of this fized ordering, potentially excluding
globally optimal MAPF-TTU solutions.

Although the resulting STNU is always strongly controllable due to the absence of
restrictive upper-bound precedence constraints, the optimization process remains useful to
minimize execution makespan while preserving robustness under uncertainty.

5.4 Perspective on Dynamic Controllability

Svancara et al. [33] assume that observation during execution is possible and propose a
policy-based execution framework yielding solutions of improved quality for MAPF-TU.
Similarly, Dynamic Controllability (DC) in STNUs allows the scheduling of controllable
timepoints to depend on observations made during execution. Applying DC to MAPF-TTU
could therefore enable agents to adapt their execution decisions online according to observed
traversal and task durations, reducing the conservativeness of fixed robust schedules obtained
under Strong Controllability (SC).

However, unlike SC, which only requires computing a fixed schedule expressible through
linear constraints, DC involves observation-dependent decisions and typically requires dis-
junctive reasoning. As a result, efficient schedule optimization methods for DC generally
rely on Mixed Integer or Non-Linear Programming approaches, making the optimization
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(a) (b)

Figure 4 Figure the illustrates a the empty, b the random, and ¢ the warehouse maps.

problem significantly more challenging [10, 35]. Consequently, finding an optimal dynamically
controllable execution policy may become harder than computing the collision-free paths
themselves. In this work, we therefore restrict ourselves to Strong Controllability, as MAPF
applications do not always guarantee online observation capabilities.

6 Experimental Evaluation

In this section, we empirically evaluate the effectiveness of our proposed methods CBS_TTU
and CBS_TU_STNU. We implemented ! our methods on top of the framework of [26]. Several
extensions of CBS have been proposed to improve its efficiency while preserving completeness
and optimality [7]:

Bypassing nodes allow the search to skip unnecessary branching when a child node resolves
a conflict without increasing the solution cost. Thus reducing the size of the constraint
tree.

Prioritized conflicts resolution classify conflict in three types. A conflict is cardinal if
resolving it necessarily increases the cost of both child CT node, semi-cardinal if it
increases the cost of only one child CT node, and non-cardinal otherwise. Prioritizing
cardinal conflicts improves CBS despite overburdening the low-level search.

We particularly focus on prioritized conflict resolution, as planning paths across multiple
sequential goals inherently overburdens the low-level search of CBS. Consequently for both
methods, we evaluate a version with the two improvements (respectively called CBS_TTU_PC
and CBS_TU_STNU_PC) and a version without prioritizing conflict resolution (called CBS_TTU
and CBS_TU_STNU, respectively).

6.1 Environment and Benchmark

We conducted the experiments on a 20-core Intel(R) Xeon(R) CPU E5-2660 at 2.6 GHz,
with 64GB RAM, running Ubuntu 18, with time-out for each run set to 300 seconds. We
implemented the algorithm in Python 3.14. We compare our approach on three different
types of maps from [29]: a classical empty map (i.e., without obstacles) of size 16 x 16 (see
Figure 4a), a random map of size 32 x 32 (see Figure 4b), a warehouse map of size 84 x 170
(see Figure 4c).

We adapt the generator from [26] to generate MAPF-TTU instances. In our experiments
we randomly assigned start and end positions and considered a sequence of two intermediate
goals for each agent. For simplicity, the current implementation assumes that each agent

! The code is available at: https://github.com/ajdin14200/MAPF_TTU_TIME#
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must visit its goals in the specified ordering, and does not wait before starting a task. This is
a classical setting in Multi-Agent Pick-up and Delivery problems where agents must pick-up
and deliver packages [25]. Please note that we extend CBS_TU so to find collision free paths
for a set of goals, instead of a single goal as in the classical implementation of CBS_TU.

We distinguish the edge traversals and task executions types of uncertainty, but generate

them similarly using the generator. For a given value of uncertainty U, we set w™ (e) (resp.

1~ (e)) to be a value chosen uniformly at random from the range [1, U + 1], and set w™(e)

(resp. ¥ (e)) to be a value chosen uniformly at random from the range [w™(e), U + 1] (resp.

[»~(e), U + 1]). Thus, the parameter U allows control over the amount of uncertainty in the
generated experiments, where U = 0 means no uncertainty. In our experimental evaluation
we consider U € {1,3,5}. For simplicity, we refer by TU the temporal uncertainty from
traversing edges, and TAU the one from performing tasks.

For each combination of TU and TAU, we progressively increase the number of agents
until the methods reach the timeout limit, generating 30 instances for each agent count.

Regarding the Strong Controllability encoding, we replace the upper bound +oco with a
sufficiently large constant value and solved the optimization problem using CPLEX [17] as
backend solver.
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Figure 5 Comparison of the methods with TU = 0 on coverage.

6.2 Evaluation with Task Duration Uncertainty

We first evaluate the impact of task uncertainty independently from traversal uncertainty by
fixing traversal uncertainty TU = 0, and varying task uncertainty in 1,3,5. This experiment
aims to isolate the complexity introduced by uncertain task execution durations. In particular,
we analyze how increasing task uncertainty affects the scalability of both methods.
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Figure 6 Comparison of the methods with TU = 0 on cost (i.e., makespan).

Figure 5 reports the coverage (in percentage) of the different methods with respect to
the number of agents. Overall, the STNU-based approaches solve more instances than
CBS_TTU. Surprisingly, we observe that the prioritized conflict resolution reduces performance,
suggesting that this improvement is not well suited to MAPF-TTU.

Figure 6 presents the average solution cost obtained by each method, with the correspond-
ing standard deviation. As expected, the STNU-based approaches generate lower-quality
solutions compared to the optimal methods. To quantify this difference, we compute the
percentage deviation of suboptimal methods from the optimal solution cost.

The results show that CBS_TU_STNU consistently achieves a slightly smaller optimality
gap than CBS_TU_STNU_PC. Consequently, the last row of Figure 6 reports the average
percentage gap achieved by CBS_TU_STNU for each map, with one plot per map configuration.
Interestingly, on the warehouse map, the STNU-based approach produces solutions that
remain very close to the optimum.
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Figure 7 Comparison of the methods with TU = TAU = 1 on coverage.

6.3 Evaluation with Edge and Task Duration Uncertainty

We evaluate both approaches under simultaneous traversal and task uncertainty, varying
both values identically in {1,3,5}. This evaluation studies the cumulative impact of both
uncertainty sources on planning complexity and execution robustness. Combining them
substantially increases potential temporal interactions between agents, as traversal uncertainty
affects movement while task uncertainty impacts resource occupancy at fixed locations.
Figure 7 shows the coverage (in percentage) of the methods according to the number of
agents only where TU = TAU = 1. We observed that adding temporal uncertainty on edges
drastically impact the efficiency of the methods. For the case where TU = TAU = 3 and TU
= TAU = 5, the methods show their limits under 10 agents. Overall, these results highlight
that finding an optimal solution for MAPF-TTU is challenging as CBS does not scale at all.

6.4 Extension to PIBT

To further evaluate our STNU-based framework, we extend the experiments by replacing
CBS_TU with PIBT to generate collision-free agent paths. We recall that PIBT is a suboptimal
approach designed for large-scale MAPF instances involving thousands of agents [24]. Con-
sequently, this approach, called PIBT_STNU, is overly conservative, as temporal uncertainty
(both TU and TAU) is handled entirely at the STNU level rather than during the path
finding process itself.

Figure 8 highlights the improvement in terms of coverage and scalability achieved by
PIBT_STNU (first row), despite generating solutions of higher cost (second row). Furthermore,
the third row presents a comparison of the average execution time of PIBT with that of
computing an optimal strong schedule (STNU). This comparison indicates that the latter is
more time-consuming.

7 Conclusion

In this paper, we introduced MAPF-TTU, a new extension of MAPF-TU in which agents
must execute tasks of uncertain duration at intermediate locations. Unlike classical MAPF-
TU, where uncertainty only affects traversal durations, MAPF-TTU additionally models
uncertainty arising from task execution, leading to new temporal dependencies and resource
conflicts between agents.

To solve this problem, we proposed two complementary approaches. First, we introduced
CBS_TTU, an extension of CBS_TU that explicitly reasons about uncertain task execution
during planning. Second, we proposed CBS_TU_STNU, a STNU-based approach that transforms
an MAPF-TU solution into a temporally flexible execution model and optimizes its execution
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Figure 8 Results of PIBT_STNU on coverage (first row), cost (second row), and execution time
(third row).

under uncertainty using Strong Controllability. We additionally analyzed the computational
complexity of MAPF-TU and MAPF-TTU, and showed how temporal reasoning techniques
can be leveraged to robustly execute MAPF plans under both traversal and task uncertainty.
Future work includes investigating Dynamic Controllability and online execution monit-
oring to reduce the conservativeness of Strong Controllability schedules through observation
during execution. Another promising direction is the tighter integration of temporal reasoning
within scalable suboptimal MAPF algorithms such as PIBT, in order to better balance solution
quality, robustness, and scalability under traversal and task uncertainty. More generally,
extending MAPF-TTU to online and continuously evolving coordination settings, where
agents repeatedly receive new tasks during execution (i.e., lifelong settings), constitutes an
important perspective for robust multi-agent coordination in dynamic environments.
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A  Appendix

In the experimental section we have shown plots of the most relevant results. In this appendix,
the remaining results are shared.
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Figure 9 Complete comparison results of CBS_TTU and CBS_TU_STNU on coverage with TU and
TAU in {1, 3, 5}.
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Figure 10 Results of PIBT with TU = 0.
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