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ABSTRACT The myriad of ways to attempt this under simple temporal plan-

ning [1-3, 8, 9, 13, 18] are not sufficient due to semantics of a solu-
tion being only the minimal makespan time. Simple Temporal Net-
works with Uncertainty (STNU) [11, 16, 17] are a logical next step;
however, these focus on the execution of a plan, whereas we want
the planner to generate a viable solution. This does not preclude that
these dispatch techniques cannot be used in conjunction with our
solution. Thus, we propose a new temporal planning framework for
solving this kind of problem: temporally-uncertain execution.

Advances in temporal planning have largely focused on improving
the tractability of automated planning in temporally complex do-
mains. However, in certain applications, it is necessary to reason
about acceptable lower and upper bounds to a solution’s temporal
execution makespan. Planning with these novel execution con-
straints is similar to disjunctive temporal planning problems, which
are EXPSPACE complete. We test our technique with two refine-
ment strategies and compare their performance on modified IPC
2002 temporal benchmarks.

2 THE PROBLEM SPACE

KEYWORDS To situate the problem we want to solve, consider a Simple Tem-
poral Problem (STP) [4]. STPs consider only the minimal temporal

Disjunctive temporal planning, temporally-uncertain execution ) ! :
network, i.e., the minimum makespan of the plan to satisfy all goals.
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constraints are not typically considered in simple temporal plan-
ners; thus, they only produce one solution that is viable according
to the minimum temporal network.

The problem we are addressing is one where the executing agent

1 MOTIVATION (e.g., a robot, spaceship, autonomous truck) makes no guarantees
Most temporal planning frameworks prioritize calculating the short- about when it will actually finish an action, just that it will obey
est duration (i.e., makespan) plan possible. These planners typically time constraints on said action. As such, the minimum makespan
assume the best case scenario: the agent(s) can execute everything solution represents one possible execution; the executing agent
in the minimum amount of time as specified by the solution plan. might not adhere to it though. A solution to a STP might contain
However, there exist many different real world examples where a threat that undoes a condition if an action or some actions take
“soonest possible” is not always feasible nor desirable, either by longer than expected; requiring the planner to re-plan when it could
design or due to exogenous events. have been avoided in this scenario.

For example, consider shipping [5, 7, 15]: there are extreme time In order for a plan to be a solution in this problem, there must
constraints most notably on the shipping of perishable goods (e.g., be no potential violation at any point in the plan. This requires
food). A poorly executed plan that causes shipments to go over time reasoning about both the minimum and maximum temporal net-
leads to a loss of product and revenue due to perishing. However, works. Additionally, time-windows [13] now require more consid-
the shortest duration plan might still cause a problem: delivering too eration: action durations might need to be decreased rather than
soon will cause stores to reject shipments due to overstock, harming simply increased as in STPs. We note that this is potentially an
revenue and the environment by introducing a bottleneck [12, 14]. EXPSPACE-complete operation and that there are ways to main-
Further, these two extremes must be managed while considering tain efficiency [10]; however we forgo this discussion for space.

that shipping activity times may be subject to high variance. Thus,

how might we find temporal temporal plans with upper and lower 3 EXTENSIONS TO PDDL

makespan bounds, when we cannot anticipate how long actions In order to support this, we made a few extensions to the PDDL

will last? 2 [6, 8] that can be ported to other versions of PDDL. We introduce

a new flag, : tuep, to the parser that indicates that the following

Thi§ work is l'icensed under a Creative Commons Attribution Inter- problem(s) need to consider the whole potential timeline of a plan.
mm national 4.0 License. The type of problem can exist in both PDDL 2 and 3, and HDDL

2.1’s temporal semantics.

Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems
(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29,
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and
Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/ZRWF2944

3570


https://doi.org/10.65109/ZRWF2944
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/ZRWF2944

Extended Abstracts

AAMAS 2026, May 25-29, 2026, Paphos, Cyprus

Titan-OTC
Depots Driver Log Rovers Satellite
Solution Delta | |Sxy| |S| Runtime | |Sy| |S| Runtime | [Sy| |S| Runtime | [Sy| |S| Runtime

unbound 0 5 2.16 0 10 1.43 0 14 33.84 0 6 4.22
16 0 3 2.79 0 9 2.97 0 13 8.06 0 3 8.97

8 0 4 17.79 0 7 5.81 0 13 12.81 0 6 4.35

4 0 4 11.80 0 8 10.24 0 10 9.81 0 6 4.57

2 0 4 165.33 0 7 45.18 0 6 1.67 0 6 0.45

1 0 7 12.96 0 15 16.57 0 21 2.73 0 9 0.39

-1 0 12 8.17 0 28 12.07 6 35 11.54 3 11 5.07

-2 0 7 123.64 0 13 27.09 0 16 4.37 0 8 3.53

-4 0 7 92.83 0 14 9.38 2 20 15.34 0 9 6.15

-8 0 7 17.25 0 14 22.67 4 23 19.19 3 8 5.26
-16 0 4 8.42 0 14 11.38 6 16 12.40 3 6 8.97

Titan-TL
Depots Driver Log Rovers Satellite
Solution Delta | |[Sy| |S| Runtime | |[Sy| |S| Runtime | |Sy| |S| Runtime | [Sy| [S| Runtime

unbound 0 5 2.17 0 10 1.45 0 14 26.05 0 6 4.60
16 0 4 7.18 0 6 7.50 0 13 36.20 0 3 8.41

8 0 3 2.85 0 6 5.23 0 10 24.67 0 6 4.24

4 0 3 2.44 0 6 16.94 0 7 96.94 0 6 4.26

2 0 3 2.44 0 3 2.89 0 6 1.97 0 6 11.51

1 0 7 4.95 0 13 144.71 0 19 2.02 0 9 11.37

-1 0 8 6.46 0 16 49.95 0 24 23.19 0 12 9.90

-2 0 4 4.00 0 5 4.52 0 12 31.89 0 9 10.50

-4 0 4 6.74 0 8 14.53 0 12 88.23 0 9 5.65

-8 0 3 2.85 0 8 4.79 0 12 24.28 0 8 7.31
-16 0 4 7.18 0 8 7.50 0 12 36.20 0 3 8.41

Table 1: Titan two different strategies: Overtime Critical (OTC) and Time-Last (TL). Sy is the number reported with no solution,
not simply out of time. S is the number of solved problems. OTC solved overall more problems, but was slightly less performant
than TL specifically when the “optimal” makespan was known. When the optimal makespan is unknown, OTC is more
performant and capable of solving more problems than TL. OTC had several instances where it explored the available search
space but found no solution. OTC is using a satisficing resolver so it is not be representative of the full search space.

(:makespan-constraint
L
([>|>=|<|<=|=] <real>) |
(Cand ([>|>=] <real>) ([<|<=] <real>))

)

We introduce one new component to the problem section of
PDDL: the makespan-constraint. This lets an engineer specify
an overall constraint on the makespan of a solution. One can use
:tuep and either :timed-initial-literals [6] (TILs, execution
windows) or a PDDL 3 preference [9] (goal specific preferences)
depending on the use-case. Using either a global TIL or the same
time preference on all goals can simulate makespan-constraint,
respectively, at the cost of introducing dummy predicates.

4 EXPERIMENT & DISCUSSION

We explored the impact of time-frames in four modified 2002 IPC do-
mains and problems: Satellite, Rovers, DriverLog, and Depots.
Titan was run in two refinement configurations: time-last (TL)
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and overtime critical (OTC). Titan was configured with a tempo-
ral relaxed planning graph heuristic. Makespan constraints were
derived from finding a solution to the original problem’s minimum
makespan using both refinement configurations. We tested both
around the minimum makespan (+[1, 2, 4, 8, 16]) and below the min-
imum makespan (—[1, 2,4, 8, 16]). Both variations of the planner
ran on a Windows 10 PC with an i7-9700K CPU and 32 GB of RAM
under Windows Subsystem for Linux 2.

In Table 1, we can see that OTC solved more problems over all
than TL. OTC performed as well as TL but better in most cases. The
most common reason for TL to fail was related to running out of
time. OTC was able to report when it had exhausted its search space.
However, because Titan is configured with a satisficing solver, we
cannot truly know there truly was no solution or not. For known
optimal makespans, TL was generally faster than OTC. There are
some instances where OTC is able to, generally, find a solution
faster than but it is not by orders of magnitude like TL is. TL is
generally faster in known optimal time-frames because it deals with
temporal refinement last, which is a costly operation.
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