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Abstract

Automated warehouses must coordinate fleets of mobile robots online while meeting order
deadlines. In online Multi-Agent Pickup and Delivery with Deadlines (MAPD-D), com-
mitting to a feasible task immediately may restrict flexibility and increase downstream
tardiness through congestion and reservation interactions. We propose Deliberate Assign-
ment Deferral (DAD-6), a one-parameter gate on top of deadline-aware Token Passing
baselines (D-TP and D-TPTS). At each token turn, the token holder evaluates the baseline-
defined assignable tasks using the baseline score (lower is better); it commits only if the
best score is at most 8, and otherwise follows the baseline fallback. A safety override forces
assignment once any assignable task reaches non-positive pickup slack. We also introduce
a scale-normalized score that makes 6 dimensionless for transfer across maps and deadline
scales. In 100-seed paired simulations across four arrival/deadline regimes on a benchmark
map, scenario-calibrated DAD-f reduces cumulative tardiness by 9-58% and increases
on-time completion by 1.3-10.0 percentage points relative to always-assign. We discuss
how 0 can be calibrated offline in a digital twin and monitored online via deferral and
safety-trigger rates for service-level control.

Keywords: multi-agent path finding; pickup and delivery; deadlines; token passing; online
task allocation; tardiness minimization; digital twin

1. Introduction

Automated warehouses and fulfillment centers are cyber-physical logistics systems
that must coordinate fleets of mobile robots in real time to meet service-level targets (e.g., or-
der deadlines) at scale [1]. Because agents share space and resources, local task-assignment
decisions can interact through congestion and reservation constraints, producing system-
level effects that are not obvious from any single agent’s perspective. Beyond travel
efficiency, operators care about deadline compliance and tardiness because they directly
affect order-level quality of service and downstream operations. This creates a tension
between computationally heavy global optimization and lightweight online dispatch rules
that can be deployed robustly under uncertainty.

In practical warehouse stacks, this tension appears across multiple layers. Upstream
systems such as WMS/WES release orders and deadlines, while the fleet controller must
repeatedly make fast local commitments under changing congestion, reservation conflicts,
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and endpoint scarcity. Re-optimizing the whole system after every event is often too
expensive or too brittle for online use, yet purely immediate assignment can be myopic:
it can reserve long paths or consume valuable endpoints just before a more urgent task
becomes available. This motivates commitment timing as a systems question in its own
right, rather than treating assignment as an always-commit operation whenever a feasible
task exists.

Multi-agent path finding (MAPF) and its pickup-and-delivery extensions are central
problems in warehouse and logistics automation [1-5]. In online Multi-Agent Pickup and
Delivery (MAPD), tasks arrive over time, and agents repeatedly receive new tasks after
finishing current ones [4-6]. In many practical systems, each task also has a deadline; then
minimizing tardiness becomes more relevant than only minimizing travel cost.

From a systems perspective, task allocation mediates commitment under uncertainty:
committing too early can lock the system into a suboptimal trajectory, while delaying
commitment can preserve optionality (the “value of postponement”) at the risk of starvation
if overused. This commitment-flexibility trade-off appears across operations and service
systems, including postponement in supply chains and real-options views of delaying
irreversible commitments [7,8].

Recent deadline-aware Token Passing methods for online MAPD-D, namely D-TP and
D-TPTS, already provide lightweight and deployable online coordination by combining
token-mediated reservations with a deadline-aware assignment score based on pickup
slack and distance-to-pickup [9]. In such systems, however, assigning a task is not merely a
local choice: it is an operational commitment that interacts with future token reservations,
endpoint availability, and the set of tasks that other agents will be able to take next. This
suggests a practical opportunity: when the currently best assignable task is not sufficiently
attractive, deliberately postponing commitment by one token turn may preserve short-
horizon flexibility and improve downstream deadline performance without replacing the
underlying TP-family planner.

Intuitively, immediate assignment can lock an agent into a low-quality commitment
(e.g., a far pickup with ample slack) at a moment when the system state is still evolving. If
a more urgent or better-matched task becomes assignable shortly afterwards, the earlier
commitment can force a late service by another agent or create longer detours due to already
reserved paths and endpoint-occupancy constraints (the latter reflected in the assignable-set
criterion in Equation (5)). A one-turn deferral gate aims to preserve short-horizon flexibility
in these situations while retaining the simplicity of Token Passing.

Delaying irreversible commitments to preserve future flexibility has been explored
in dynamic routing and related online service settings [10,11]. Bringing the same idea
into TP-family MAPD-D is less straightforward than it may appear. In Token Passing,
committing now or waiting one turn affects shared reservations, endpoint occupancy, and
the future assignable set, while excessive waiting can induce starvation near deadlines.
As a result, a useful TP-compatible deferral mechanism must satisfy several practical
constraints simultaneously: it should preserve the baseline token semantics, add essentially
no extra planning burden, and include an explicit guardrail against over-deferral. These
requirements motivate a minimal threshold gate with normalization for portability and a
safety override for deadline-critical cases.

This paper introduces Deliberate Assignment Deferral (DAD-), a minimal extension
of deadline-aware Token Passing that makes commitment timing an explicit control variable
in online MAPD-D. Rather than redefining task scores or path planning, DAD-6 acts only on
the decision of whether to commit now: the token holder commits only when the best currently
assignable option is sufficiently attractive under a threshold 6, and otherwise deliberately
waits for one token turn to preserve short-horizon flexibility. This design is operationally
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appealing because it leaves downstream path planning and low-level robot execution un-
changed while exposing a single, explainable, operator-tunable control knob. In this sense,
DAD-f is not only a heuristic modification of TP-family allocation, but also a lightweight
service-level control mechanism for cyber-physical warehouse coordination stacks.
Viewed more narrowly, DAD- turns commitment timing into a systems parameter
that can be tuned against service-level targets while preserving TP-family semantics. This
paper, therefore, asks a scoped question: within deadline-aware TP-family stacks, when
does delaying commitment by one token turn improve deadline-oriented performance?
Our main contributions are:

* Commitment timing as a control dimension: we formalize when to commit as an
explicit control variable in deadline-aware TP-family MAPD-D, and introduce DAD-6
as a minimal gate on top of D-TP and D-TPTS that preserves short-horizon flexibility
without changing the underlying path planner or low-level control stack.

* Deployable and portable design: the proposed formulation retains the baseline
candidate construction and score ordering, adds only a single threshold comparison
and a parameter-free safety override, and supports scale-normalized thresholding so
that 6 is dimensionless and easier to transfer across maps and deadline regimes.

*  Strong empirical and operational evidence: under a strict paired protocol with
repeated seed-split holdout validation, ablations, transfer experiments, and larger-
map generalization, we show robust reductions in cumulative tardiness, frequent
improvements in on-time completion, often concurrent makespan gains, and negligible
runtime impact, while also demonstrating how 6 can be calibrated offline in a digital
twin and monitored online via simple telemetry.

Figure 1 highlights the intended systems role of DAD-6. Rather than replacing the
warehouse coordination stack, DAD-6 acts as a lightweight commitment-control layer
between order/deadline inputs and TP-family task allocation. This makes it possible
to tune service-level behavior through a single operator-facing parameter, while leaving
downstream path planning and robot execution unchanged. The same abstraction also
supports an operational loop of offline calibration in a digital twin and online monitoring
through low-cost telemetry, such as deferral and safety-trigger rates.

Note on Prior Publication.

This manuscript is an extended and substantially revised journal version of our
PAAMS 2025 conference paper “Efficient Assignment of Immediate Tasks Using Deep
Reinforcement Learning in Multi-Agent Pickup and Delivery” (ProcrastiNet) [12], but it
differs from that paper in problem setting, method, objective, and empirical scope. The
conference version studied MAPD with immediate tasks and used a learning-based policy
to decide when to defer the assignment. In contrast, the present manuscript targets deadline-
aware MAPD-D, replaces the learning stage with a deterministic TP-compatible threshold
gate (DAD-6), introduces scale normalization and a safety override, and evaluates the
method under a substantially expanded experimental program centered on cumulative
tardiness and deadline adherence. Thus, the present manuscript is not a journalized
reproduction of the conference paper, but a different technical formulation and evaluation
program built on the same high-level flexibility-preservation insight.

Compared with the conference version, this journal manuscript makes four substantive
changes: (i) it changes the problem setting from immediate-task MAPD to deadline-aware
MAPD-D; (ii) it changes the decision mechanism from a learned deferral policy to a
deterministic and explainable TP-compatible threshold gate with normalization and a
safety override; (iii) it changes the evaluation focus from general efficiency to deadline-
oriented service-level outcomes such as cumulative tardiness, on-time completion, and tail
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tardiness; and (iv) it substantially expands the empirical study with a strict paired protocol,
seed-split holdout validation, comparator policies, ablations, transfer experiments, and
larger-map generalization.

Digital twin / simulation (offline)
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Figure 1. System-level overview of DAD-6 in a warehouse coordination stack. The figure highlights
the functional role of DAD-0 as a lightweight commit-versus-defer gate placed between order/deadline
inputs and downstream TP-family task allocation. DAD- leaves path planning and low-level robot
control unchanged, while enabling offline calibration in a digital twin and online monitoring through
telemetry, such as deferral and safety-trigger rates. Arrows indicate information/control flow, and
colored blocks distinguish functional layers in the warehouse coordination stack. WMS/WES denote
Warehouse Management System/Warehouse Execution System.

Paper Organization.

Section 2 reviews related work. Section 3 formulates the problem. Section 4 presents
DAD-0 as a minimal gate on top of D-TP and D-TPTS, including normalized scoring and
a safety override. Section 5 provides an interpretive one-step analysis that helps explain
why intermediate thresholds can help. Section 6 describes the experimental setup and
metrics. Section 7 reports results, including 6 sweeps, holdout validation, and mechanism
diagnostics. Section 8 discusses systems-level implications, limitations, and deployment
considerations. Section 9 concludes.

2. Related Work
2.1. MAPF and MAPD

MAPF coordinates multiple agents to avoid vertex and edge-swap collisions while
reaching goals [2]. MAPD generalizes this to lifelong online pickup-and-delivery tasks [4-6].
Token Passing (TP) and Token Passing with Task Swaps (TPTS) are standard online MAPD
baselines for well-formed instances (see Section 3) [4]. Large-scale warehouse studies fur-
ther validate MAPD relevance in production-style environments [13]. On the planning side,
recent MAPF work has improved scalability with search-based solvers (e.g., LaCAM*) and
explored throughput improvements for lifelong settings (e.g., guidance-graph optimiza-
tion) [14-16]. Recent reviews also synthesize both beyond-classical MAPF generalizations
and learning-enhanced MAPF pipelines, highlighting the growing range from search-based
coordination to ML-assisted policies [17,18]. Recent MAPD variants have also moved
closer to deployment constraints, for example, by considering dynamic environments with
external moving agents [19,20] and capacity-enhanced lifelong pickup-and-delivery set-
tings [21]. Other MAPD approaches integrate task assignment and collision-free planning
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more tightly [22]; we focus on TP-family methods for well-formed online MAPD and their
deadline-aware variants because DAD-6 is designed as a minimal extension of this family.

2.2. Deadlines in Multi-Agent Routing

Deadline-aware formulations have been studied in MAPF and MAPD-related settings,
including MAPF with deadlines, multi-robot path planning with due times, and deadline-
aware tour planning [23-25]. For MAPD, deadline-focused studies include offline /semi-
offline settings and tardiness-oriented assignment approaches [26,27]. Online MAPD-D
with Token Passing is addressed by D-TP and D-TPTS [9].

Related operations-research lines such as dynamic pickup-and-delivery/vehicle-
routing with time constraints also motivate tardiness-sensitive decision making under
online arrivals [28-30].

2.3. Deferral and Procrastination Strategies

Deferral-based policies have been investigated in neighboring online MAPD variants.
In MAPD with immediate tasks, the ProcrastiNet study shows that deliberate postponement
can improve system-level efficiency under uncertainty [12]. Our setting differs in objective
and mechanism: we target MAPD-D tardiness and use a deterministic threshold gate on an
existing deadline-aware score (no learning stage). In classical dynamic routing, deferral
takes the form of waiting strategies—deciding where or how long vehicles should linger
to preserve flexibility for future requests [10,11]. These vehicle-routing settings differ
from TP-family MAPD-D: DAD-8 defers the assignment commitment at token turns under
token-mediated reservations and endpoint-occupancy constraints, and it adds a portable
(normalized) threshold and a safety override to prevent deferral-driven starvation. On
the learning side of MAPF, recent work studies decentralized policies with richer social
or behavioral conditioning to break symmetric conflicts [31]. This line is relevant as a
neighboring alternative, but it operates on different action/state abstractions from the
TP-family commit-or-defer gate studied here.

2.4. Dispatching Rules in Scheduling Theory

The D-TP/D-TPTS score blends pickup slack and distance-to-pickup, which is con-
ceptually related to due-date dispatching rules such as Apparent Tardiness Cost (ATC) and
related slack-based indices [32,33]. DAD-6 adds a commit-or-wait option on top of this index
(agents can wait at safe endpoints; see Section 3), with a safety override to prevent repeated
postponement once tasks become urgent.

2.5. Digital Twins and Offline Calibration

Digital twins are widely used in cyber-physical and manufacturing systems to support
what-if evaluation, parameter calibration, and monitoring by coupling physical operations
with a virtual or simulation counterpart [34,35]. This aligns with calibrating 6 offline by
sweeping representative workloads in simulation and monitoring deferral /safety telemetry
in deployment (e.g., deferral and safety-trigger rates) to detect workload drift and guide
re-calibration.

Scope of Comparisons.

DAD-§ is designed as a minimal extension of the TP-family: it is defined on token
turns, reuses TP’s assignable-task criterion, and when it defers, it executes the TP-family
fallback behavior (wait/park at endpoints). Therefore, we restrict experimental comparison
to D-TP and D-TPTS under the same well-formed assumptions and simulator so as to
isolate the effect of the deferral gate while keeping endpoint selection and reservation
mechanics unchanged.
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Our goal is not to claim universal superiority across MAPD architectures, but to
isolate the effect of commitment timing control within the TP-family architecture class. This
requires holding fixed the candidate-set semantics, endpoint-based feasibility constraints,
token-mediated reservations, and fallback actions, because all of these directly shape
the consequences of deferring versus committing. Comparing against methods built on
substantially different planning architectures would confound the effect of DAD-style
deferral with differences in feasibility definitions, reassignment semantics, and reservation
models. Accordingly, the experimental question of this paper is deliberately scoped as
follows: within deadline-aware TP-family stacks, does explicit control of commitment timing
improve deadline-oriented service-level performance?

Alternative MAPD paradigms, such as integrated task assignment and path plan-
ning [22] or learning-based allocation [12], do not share the same token/reservation se-
mantics or the same notion of an assignable set and fallback action; extending DAD-style
deferral beyond TP therefore requires architecture-specific definitions of candidate sets,
feasibility constraints, and the deferral action, which we leave for future work.

3. Problem Formulation

We consider an online MAPD-D instance on an undirected graph G = (V,E) with
agent set A = {al, e, am}. Here, V is the set of vertices and E is the set of undirected
edges. Time is discrete (f € Z>(). Each task 7; is defined as follows:

7 = (rj,uj,0,d"), (1)

]
where ri,uj € V,v; € V,and d]@

vertex, and delivery deadline of task 7j, respectively. We assume u; # v; (tasks with

€ Z>q are the release time, pickup vertex, delivery

pickup=delivery are excluded). (In our experiments, deadlines and offsets are integer-
valued; the formulation extends to real-valued deadlines.) Let ¢j be the completion time,
i.e.,, the arrival time at v; after pickup.

Modeling Assumptions.

We adopt the standard TP-family assumptions used in MAPD/MAPD-D benchmarks.
Agents are homogeneous in kinematics, carrying capability, and task eligibility; tasks
are homogeneous in service requirements except for their release times, pickup vertices,
delivery vertices, and deadlines. Each agent carries at most one task at a time. Pickup and
delivery themselves are modeled as instantaneous state transitions at arrival: if an agent
reaches u jattime ), the task moves from assigned to in service at that arrival, with no extra
loading duration parameter; delivery completes upon arrival at v; at time c;. Consequently,

urgency near pickup is represented through the reference pickup deadline d;p ) and the

pickup slack d;m — t used at token-turn decision times.

Task States and Execution Model (Online, Collision-Free Paths).

Each task progresses through the states unreleased, released, assigned, in service, and
completed. A task is unreleased for t < rj. Once t > ri and no agent has committed to it, the
task is released. After an agent commits to the task but before pickup, it is assigned. After
pickup and before delivery, it is in service. After arrival at the delivery vertex at time ¢j, it
is completed.

At each time step, each agent either moves to an adjacent vertex or stays at the same
vertex. We impose the standard MAPF collision constraints: no two agents occupy the same
vertex at the same time, and no two agents traverse the same edge in opposite directions in
the same time step. No task can be assigned before its release time ;. In TP-family methods,
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the set of tasks reconsidered at a token turn depends on the baseline allocator: D-TP uses
released and currently unassigned tasks, whereas D-TPTS may also reconsider tasks that
are already assigned but not yet picked up. We therefore use assignable for tasks in the
baseline-defined candidate set that additionally satisfy the endpoint-occupancy condition
introduced in Equation (5). Thus, a released task is not automatically assignable: at a
given token turn, it becomes assignable to agent a; only if it belongs to the baseline-defined
candidate set for that turn and passes the endpoint-occupancy filter in Equation (5). This
distinction matters in TP-family methods because task releases, endpoint occupancy, and
token reservations evolve together over time. To complete 7;, an agent must visit the pickup
vertex u; and then the delivery vertex vj; following TP-family MAPD assumptions, each
agent carries at most one task at a time. Collision-free paths that satisfy these constraints
are generated by the underlying TP-family planner (via token-mediated reservations); this
paper focuses on task-allocation decisions (which task to commit to at token turns) rather
than on the path-planning algorithm itself.
Task tardiness is defined as:

€j = max{0,¢; — d]<.d>}. ()
We define cumulative tardiness and makespan as

T= Zej. (3)
]

M= m]ax Cj. 4)
The online allocation objective studied in this paper is to minimize cumulative tardiness
T. In the experiments, we report T as the main evaluation metric and makespan M as an
additional completion-time metric. Makespan is not used as a tie-breaker or secondary
objective inside the allocation rule.

TP-Family Endpoints and Well-Formedness.

TP-family MAPD planners designate a set of endpoints (safe resting locations) and
require token paths to end at endpoints [4]. Endpoints include all pickup and delivery
locations together with additional non-task endpoints (e.g., parking). Following prior
TP-family work, we assume well-formed instances: a finite task set, enough non-task
endpoints for parking (at least as many as agents), and endpoint-to-endpoint reachability
without traversing other endpoints [4,36].

4. Method: DAD-6 on D-TP and D-TPTS
4.1. Qverview

DAD-0 is designed as a minimal, explainable modification of the TP-family deadline-
aware Token Passing (D-TP and D-TPTS). At each token turn, the underlying baseline
first constructs the tasks it can currently consider for commitment and computes its score
for each such task, where lower is better. DAD-6 leaves that candidate construction and
scoring unchanged. It only adds one gate: after the best baseline score is identified, the
token holder commits immediately only if that best score is at most 8; otherwise, it defers
assignment for that token turn and follows the baseline fallback behavior. A parameter-free
safety override disables deferral when any assignable task reaches non-positive pickup
slack. Figure 2 summarizes the resulting token-turn logic.
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Commit uses baseline D-TP / D-TPTS rules; Fallback: Commit DEFER this Fallback:
L -0 gates defer vs commit only, wait / park (baseline) token turn wait / park
Token turn Compute assignable set Cmmi
(agent a; at time t) T, and best score s7 (t) (baseline)

Figure 2. Flowchart summary of DAD-6 for one token turn. A token turn is triggered in the event-
driven TP process when an agent reaches the end of its current token path and obtains the token
for replanning; simultaneous requesters are then served sequentially by the implementation. For
compactness, we write s} (t) for the best score Si(*) (t) in Equation (12). DAD-f gates only defer-
versus-commit; candidate construction, scoring, path planning, and swap/switch acceptance follow
D-TP/D-TPTS. The safety override is based on pickup slack (see Equation (14)). Colors distinguish
decision, action, and fallback/safety components in the token-turn logic.

Score Mode and Fair Comparisons.

DAD-f can be applied using either the raw baseline score sl-,]-(t) (Equation (8)) or the
scale-normalized score §;;(t) (Equation (9)). In normalized mode, §;(t) replaces s; ;(t)
throughout the underlying allocator (candidate ordering and DAD-0 gating), so normal-
ization is an optional extension used for portability rather than part of the gate itself. All
empirical comparisons keep the score mode fixed across the baseline and DAD-6 (and we
report a raw-vs-normalized ablation in Appendix A.6 and Table A2).

Flowchart Summary.

Figure 2 summarizes the token turn logic and its interaction with the baseline commit-
ment rules (including swap/switch acceptance in D-TPTS).

4.2. Background: Token Passing, Endpoints, and Assignable Tasks

Token Passing (TP) and Token Passing with Task Swaps (TPTS) are decoupled online
MAPD algorithms for well-formed instances [4]. They use a synchronized shared-memory
token that stores (i) the current planned paths of all agents, (ii) the task set, and (iii) current
task assignments. At each time step, agents that reach the end of their current token path
request the token and are served sequentially; the token holder plans a collision-free path
that does not collide with already-reserved token paths and then updates the token [4].

Importantly, TP is event-driven rather than round-robin. An agent requests the token
only when it reaches the end of its current token path and needs to update its plan. Hence,
there is no fixed global ordering of agents across time steps: the effective queue emerges
dynamically from agent availability, and any simultaneous requests are simply resolved
sequentially by the implementation-level arbitration rule.

TP-family methods use endpoints as safe resting locations and enforce that token
paths end at endpoints [4]. At a token turn for agent 4; at time t, let 7; denote the task
set maintained by the underlying baseline allocator (unassigned tasks for TP /D-TP; all
unexecuted tasks, including tasks assigned to other agents but not yet picked up, for
TPTS/D-TPTS [4,9]). The token holder considers as candidates the subset

Tis = {1; € Tt | no other token path ends at u; or v;}. ()

This endpoint-occupancy filter is the standard assignable criterion in TP/TPTS and their
deadline-aware variants [4,9]. When 7:’ , = @, TP-family allocators apply a fallback: the
agent keeps its current commitment and either waits at its endpoint (if it is not blocking any
pending delivery location) or moves to an available non-task endpoint to avoid deadlock [4].

Mustrative Token-Turn Example.
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Consider three agents a1, a3, a3. Suppose a; and a; both reach the ends of their current
token paths at time ¢, while a3 is still traveling. Then only 4; and a, request the token at
time ¢, and they are served sequentially in some implementation-level order; the second
requester plans against the reservations left by the first. Agent a3 does not participate in
that sequence until it later reaches the end of its own path and requests the token. Thus,
the effective queue is induced by path completions and token availability, not by a fixed
agent-ID ordering.

4.3. Baseline Deadline-Aware Score

D-TP/D-TPTS computes a pickup deadline d;p ) from each task deadline d]@ by

reverse-time planning from delivery to pickup [9]. Let n]{dum> denote this reverse-time
dummy path and let
dum
(= |7 ™) -1 ©6)
be its step length. Then
) _ ld) _ p.
4P =df — 1. )

Intuitively, /; is obtained by reverse-time planning under the current token paths and
therefore serves as a proxy for the pickup-to-delivery travel time of task j given the current
reservations. Thus, d;p ) is a reference to the latest pickup time (not a tight feasibility bound)
used only for scoring.

For agent a; at time f, define loc;(t) as current location and h(-, -) as shortest-path
distance on G. For candidate task Tj, the baseline score is

si(t) = a (@ —t) + (1= a) h(loc;(t), 1)), a €[0,1]. (8)

Lower is better. Because smaller pickup slack indicates higher urgency, the slack term
favors urgent tasks while the distance term favors nearby pickups. The parameter a
blends urgency and proximity: larger a increases weight on pickup slack (d]{p> —t) and
thus emphasizes urgency, whereas smaller « increases weight on distance-to-pickup and
emphasizes proximity. In particular, « = 1 ranks candidates purely by picking up slack
and « = 0 ranks purely by distance. At & = 0, the score ignores deadlines and reduces to
the distance-based ordering used in TP/TPTS [4]. Operationally, the raw score can be read
in three steps:

(P

1.  compute a reference latest pickup time d ]-p from the task deadline and the reverse-

time pickup-to-delivery proxy;
p)

2. evaluate the current pickup slack d ].p — t, which becomes smaller as the task ap-
proaches or exceeds that reference pickup time;
3. combine this urgency term with the current shortest-path distance to pickup, using a

to determine how strongly urgency versus proximity should dominate the ranking.

Hence, a small raw score means that the task is urgent, nearby, or both, whereas a large
raw score indicates a relatively unattractive commitment under the baseline rule.

4.4. Scale-Normalized Score

To reduce the dependency of 6 on map/deadline scale, we use the normalized score

a (F), s
: L(—a) h(loc,;lt),u]). ©)
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Both scales are computed deterministically at run start from scenario-level information
(map topology and the deadline distribution):

Ay =dt) —d), (10)

where [d{~,d{*)] is the support of the deadline offset distribution (d;d> —rj). In our
benchmark settings, the deadline offset support width is A; = 60 for both short and
long regimes.

fz:L Z h(u,0), QC{(uv)|uect vel u+#nuv}, (11)

|Q| (u,0)eQ

where £ C V is the set of task endpoint cells (pickup/delivery candidates), and Q is a
deterministic sample of at most 2000 endpoint pairs used to estimate the mean distance.
We construct Q deterministically from the map only; Appendix C gives the procedure.
In TP-family algorithms, assignment decisions are made when the token holder is at an
endpoint, so the distance term is naturally comparable to an endpoint-to-endpoint scale.
We therefore use the mean endpoint distance / as a map-only reference scale. The practical
role of normalization is to make § dimensionless and more comparable across maps and
deadline regimes, thereby reducing scenario-specific tuning burden and stabilizing sweep
ranges. Both scales are computed once at run start and add no per-time step overhead.
For degenerate cases, we clamp any non-positive or unavailable scale to 1; this safeguard
does not affect our benchmark settings. We evaluate the practical benefit of normalization
empirically through transfer experiments and a raw-vs-normalized ablation (Appendix A.6).
In normalized mode, the same two ingredients are retained, but each is divided by a
scenario-level reference scale before the final weighted sum is formed: A; converts pickup
slack into units of deadline-range width, and / converts pickup distance into units of a
typical endpoint-to-endpoint travel length. This makes the threshold 6 easier to interpret
across scenarios: values of similar magnitude correspond to similar relative commitment
quality, rather than to raw time-step or distance units tied to one particular map and
deadline scale.

4.5. DAD-0 Deferral Rule

Given the assignable set 7/, from Equation (5), define

£

t) = min §;;(t), 12
(6= min 531 12

where §; ;(t) = s; () in raw mode and $; ;(t) = §; ;(#) in normalized mode. DAD-§ applies
the gate
defer in this token turn < s§*> (t) > 6. (13)

f = co removes the DAD gate and therefore recovers the corresponding baseline allocator
under the same score mode and safety handling. When the gate does not trigger, the token
holder proceeds with the underlying baseline commitment step using the baseline score
8;,j(t) (for D-TP this assigns the best-scored candidate; for D-TPTS, swaps/switches must
satisfy the baseline acceptance rules). Unlike D-TP/D-TPTS, which attempt to commit
whenever at least one task is assignable, DAD-f may defer even when 7}, # @; this gate is
the only behavioral difference. When DAD-6 defers, the token holder takes no new task
in that token turn and then executes the TP-family fallback used by the baseline (waiting
at its endpoint or moving to an available non-task endpoint) [4]. DAD-6 adds only one
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scalar comparison after computing baseline candidate scores and does not add additional
path-planning calls beyond D-TP/D-TPTS.

4.6. Safety Override and Starvation Control

To mitigate deferral-driven starvation (repeated postponement of task assignment)
near deadlines, deferral is disabled whenever an assignable candidate has non-positive
pickup slack:

37j € T/, such that d;w —t <0 = ignore 0 (do not defer). (14)

This safety override is parameter-free. When Equation (14) holds, DAD-8 only disables
deferral; the token holder’s task choice still follows the underlying baseline commit-
ment rule (best score and baseline acceptance rules). We choose the zero-slack trigger in
Equation (14) as the default guardrail because it is aligned with the pickup-slack term
already used in the baseline score and is easy to monitor operationally (Margin-based
variants (e.g., d]<.p> —t < x) are possible but introduce an additional tuning dimension).
Its role is primarily that of a stability and starvation-control safeguard, not a tight feasibility
test. Because Equation (14) is defined over the assignable set 77’ ., it specifically prevents
deferral-driven starvation: once an urgent task is assignable to the current token holder, DAD-
6 can no longer continue deferring in that token turn. If a task is temporarily unassignable
due to token constraints (endpoint occupancy /reservation consistency), it cannot be as-
signed by any TP-family method at that time step; in well-formed settings, tokens and
reservations evolve, and tasks become assignable in later steps.

Mlustrative Safety-Override Example.

Suppose that, at a token turn, the assignable set contains two tasks with pickup slacks
3 and —1, respectively. Even if the best overall score still exceeds 6, the existence of the task
with non-positive pickup slack activates Equation (14), so the token holder must follow
the baseline commitment rule rather than defer again. This example illustrates that the
safety override is triggered by the presence of an urgent assignable task, not by the score
threshold itself.

4.7. D-TPTS Integration

For D-TPTS, DAD-0 is evaluated in the baseline task-selection routine before com-
mitment, so the deferral/safety logic is shared with D-TP. The candidate set remains the
D-TPTS task set (all unexecuted tasks, including tasks assigned to other agents but not
yet picked up) filtered by the assignable criterion in Equation (5) [4,9]. If the best-scored
candidate is already assigned to another agent, the swap is accepted only if the token holder
reaches the pickup location earlier than the current assignee; otherwise, the reassignment
is rejected, and D-TPTS continues to the next candidate in score order [4,9]. Separately,
D-TPTS supports in-agent task switching while traveling to pickup; switching is allowed
only under urgency-and-distance dominance:

difly < d¥ A h(loci(t), tnew) < h(loci(E), teur)- (15)

Here, cur denotes the agent’s current task and new denotes the candidate new task; ucyur
and upew are their pickup vertices. DAD-6 does not modify these acceptance conditions; it
only gates whether the token holder commits in the current token turn. For D-TPTS, the
DAD gate (Equation (13)) is evaluated before the baseline swap /switch acceptance logic to
keep DAD-0 as a minimal gate on the baseline score ordering shared with D-TP. As a result,
even when the gate allows commitment, D-TPTS may reject the best-scored candidate
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under its acceptance rules and then accept a higher-scored candidate (or none). Thus, 0
gates the opportunity to commit now rather than imposing a hard constraint on the score of
the eventual committed task in D-TPTS. Note that if s§*> (t) > 6, then all candidates in ’7:’ ,
have score > 0, so deferring cannot forgo any below-threshold candidate in that token turn.

4.8. Operational Calibration and Monitoring

DAD-6 is intended as a lightweight, operator-tunable commitment knob for TP-family
MAPD-D stacks: it changes only whether the token holder commits now or defers to
preserve short-horizon flexibility. This subsection summarizes a practical workflow for
selecting 6 offline and maintaining it online.

Offline calibration (digital twin).

Given a fixed planning stack (map, endpoint set, path planner, and baseline allocator),
we recommend:

¢  Choose score mode. Normalized scoring (Equation (9)) yields a dimensionless 6 and
is preferable when map scale or deadline scale may change. It uses the deterministic
run-start scales A; and h (Equations (10) and (11)); if the deadline-offset support is
not fixed a priori, Aj can be estimated from a rolling window (with clipping) and
refreshed during periodic re-calibration.

* Tune baseline « under always-assign. First select « for the baseline allocator with
6 = co on representative workloads (as in our paired « sweep; Section 6.3). Then fix «
and sweep 6.

e Select 0 against explicit service-level targets. Besides cumulative tardiness T
(Equation (3)), monitor on-time completion and tail tardiness (MaxTard; per-run
maximum task tardiness) as service-level agreement (SLA) proxies. In our benchmark
under normalized scoring, the selected best-6 values lie in [0.7,1.0], which provides a
practical starting range.

As a concrete benchmark-style example, in Dense/Long with D-TP under normalized
scoring, the selected setting 0*) = 1 reduced mean cumulative tardiness from 141.3 to
86.9 (a 38.5% reduction), improved on-time completion from 92.8% to 95.5%, and kept the
safety-trigger rate at 5.5% (Tables 1, 2 and A1). This is the intended calibration logic: choose
a point near the bottom of the sweep curve that delivers the target service-level gain while
keeping safety-trigger frequency low enough that the gate remains genuinely discretionary
rather than being dominated by the safety override.

Robust selection (band rather than point).

Rather than deploying a single best grid point, operators can choose any 6 within a
joint-improvement band around the selected 6*): a contiguous interval on the sweep grid
where both paired AT = T(0) — T(c0) and AM = M(6) — M(c0) relative to 6 = co are
negative, as visualized later in the theta-sweep results. This provides margin against
finite-sample noise and workload variation while keeping DAD-0 active (nonzero deferrals
at the selected 6(*)). If deadline compliance and tail-risk control are the primary objectives,
a lower-to-middle point of this band is often preferable because it preserves more deferral
activity; if throughput or operational conservatism is prioritized, the upper end of the band
provides a more baseline-like setting while still retaining the observed joint benefit.
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Table 1. Best-§ summary on the benchmark (means over 100 seeds). For compactness, we denote
at*) and 6¢*) by a* and 6*. Top: selected parameters and tardiness T with AT(%) = 100 - (T(6*) —
T(o0))/T(o0); bottom: makespan M, its change AM = M(6*) — M(o0), and DAD deferrals (Def;
mean number of DAD deferrals per run; Section 6.4) at 6*. Bold indicates values at 6*.

Scenario Algo o* 0* T (o) T(6*) AT (%)
Dense/Short D-TP 0.2 1 1575.1 1290.8 —18.1
Dense/Short D-TPTS 0.3 0.9 1399.3 1270.7 —9.2
Dense/Long D-TP 0.5 1 141.3 86.9 —38.5
Dense/Long D-TPTS 0.5 1 140.0 88.2 —37.0
Sparse/Short  D-TP 0 1 896.1 603.3 —32.7
Sparse/Short D-TPTS 0.3 0.7 811.3 565.9 —30.2
Sparse/Long  D-TP 0.2 1 38.9 16.7 —57.1
Sparse/Long D-TPTS 0.2 1 41.0 17.3 —57.9

Scenario Algo ot 6* M(oo)  M(6%) AM Def
Dense/Short D-TP 0.2 1 372.6 368.8 —3.8 59.4
Dense/Short D-TPTS 0.3 0.9 3729 371.5 —1.4 81.8
Dense/Long D-TP 0.5 1 381.7 377.2 —4.5 292.5
Dense/Long D-TPTS 0.5 1 381.2 377.3 —3.9 292.7
Sparse/Short D-TP 0 1 552.8 547.9 —4.9 363.8
Sparse/Short D-TPTS 0.3 0.7 553.7 547.8 —5.9 1151.9
Sparse/Long  D-TP 0.2 1 555.6 545.3 —10.3 611.4
Sparse/Long D-TPTS 0.2 1 556.3 545.6 —10.7 608.9

Table 2. Deadline adherence and tail tardiness at best-0 (benchmark). On-time rate is the fraction of
tasks completed by their delivery deadlines; MaxTard is the per-run maximum task tardiness (steps),
averaged over 100 seeds. A is the change in on-time rate in percentage points (pp) from § = o to
best-6. Bold indicates values at best-6.

Scenario Algo 0*  On-Time (©) On-Time (6*) A (pp) MaxTard (c0) MaxTard (6*)
Dense/Long D-TP 1 92.8% 95.5% +2.7 30.2 26.2
Dense/Long  D-TPTS 1 92.9% 95.5% +2.6 30.4 26.6
Dense/Short D-TP 1 53.0% 57.9% +4.9 80.6 74.1
Dense/Short D-TPTS 0.9 53.3% 56.6% +3.3 70.6 69.0
Sparse/Long D-TP 1 98.0% 99.3% +1.3 22.0 13.0
Sparse/Long D-TPTS 1 98.0% 99.3% +1.3 224 13.0
Sparse/Short D-TP 1 64.7% 74.7% +10.0 63.0 56.3
Sparse/Short D-TPTS 0.7 66.9% 75.1% +8.3 59.5 54.1

Online monitoring and re-calibration triggers.

Because deferral interacts with token reservations and endpoint occupancy, log the
DAD deferral rate and the safety-trigger rate (Section 6.4). Drift in these rates indicates a
workload shift and motivates re-calibration of 6 (and potentially upstream parameters such
as «). Transfer results suggest that a threshold calibrated in a nearby regime can provide a
strong warm start before target-side tuning (Appendix A.4).

5. An Interpretive One-Step Analysis of Deferral Thresholds

This section provides an interpretive one-step analysis intended to clarify why interme-
diate thresholds can be beneficial and why 6 sweeps can exhibit a single-valley (U-shaped)
sensitivity pattern. Because repeated deferrals alter future states, score distributions, and
later decisions, we do not attempt a full performance theory for the deterministic multi-
step policy. Instead, we study a one-step intervention surrogate that compares forced
defer versus forced assign at a baseline decision point and then follows the baseline policy
thereafter. This surrogate is meant only as a qualitative explanatory device: it suggests
when deferral is likely to help and provides intuition for the observed sweep shapes, but
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it is not a guarantee for arbitrary online workloads. In particular, it should not be read as
an additive decomposition of the full coupled multi-agent dynamics induced by repeated
token turns and evolving reservations.

Takeaway.

* Intermediate thresholds can help by deferring only in regimes where the baseline
score indicates a low-quality commitment, while avoiding pathological over-deferral.

e Under a mild single-crossing pattern—where the marginal value of deferring switches
sign at most once as the score increases—expected performance as a function of 0
tends to be single-valley /U-shaped.

*  Naive deferral patterns (e.g., random /periodic) can defer in the wrong regime and are
therefore not reliably beneficial, consistent with our comparator-policy experiments.

Interpretive summary.

At a safety-inactive token turn, deferring has two opposing effects: it incurs an
immediate one-turn delay, but it can also preserve flexibility if new releases or reservation
changes make a better task assignable soon after. When the current best assignable option
is already good, the immediate delay is more likely to dominate; when the current best
option is poor, waiting can be beneficial. This is the qualitative mechanism behind the
empirical observation that intermediate thresholds tend to work best.

Under a mild single-crossing view of this trade-off, the benefit of deferral changes
sign at most once as the best current score worsens, which yields a single-valley /U-shaped
surrogate dependence on 6. This is the only claim we use in the main text: defer when
the current option is sufficiently unattractive, but avoid indiscriminate waiting. The
formal surrogate definition, single-crossing assumption, and proof sketch are moved to
Appendix B.

These qualitative implications are consistent with two empirical findings: (i) the
6 sweeps often show a single-valley sensitivity curve, and (ii) naive deferral patterns
(random/periodic) are not reliably beneficial because they can defer even when the current
best option is already good (Appendix A.3).

6. Experimental Setup
6.1. Implementation and Reproducibility

All experiments use a single containerized runtime environment for reproducibility
(the accompanying codebase includes CPU/GPU Dockerfiles and a Docker Compose
configuration). We pre-generate per-seed task schedules (with pre-generated deadlines)
and replay the same schedules across all algorithms and 6 values to enable strict paired
comparisons (common random numbers). Each run outputs a structured JSON metrics file,
and all tables and figures in this manuscript are generated from these per-run artifacts by
fixed scripts in the accompanying codebase.

Space-Time Path Planning (Shared Across All Methods).

Collision-free paths are generated by a reservation-based space-time A* planner
shared across all compared methods [4,9]. The planner runs A* search in a time-expanded
graph with states (v,t) and move/wait transitions, treating other agents’ current to-
ken paths as fixed reservations and enforcing vertex conflicts, edge-swap conflicts, and
endpoint-occupancy constraints (agents rest at the final token location). Consistent with
TP-family well-formed assumptions, intermediate traversal through endpoint cells (except
the start and goal) is disallowed. DAD-6 does not modify the planner; it only gates commit-
versus-defer decisions at token turns. Experiments were executed on Ubuntu 24.04.3 LTS
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with an AMD Ryzen Threadripper PRO 7975WX CPU (Advanced Micro Devices, Inc., Santa
Clara, CA, USA; 64 logical cores) and 251 GiB RAM; independent runs are executed in
parallel with the number of worker processes matched to the available CPU cores. Reported
runtimes are wall-clock times on this machine.

6.2. Map and Workload

We evaluate two well-formed grid maps: a benchmark map (37 x 23) and a larger
map (48 x 35) preserving the same structural pattern. In both maps, the outer ring is
walls, and interior start cells not selected as initial agent positions are treated as task
endpoints, following the benchmark-style map construction used in prior TP-family MAPD
studies [4,9]. Figure 3 visualizes both maps and the endpoint/travel structure.

Benchmark (37x23) Large (48x35)

==lF===:
| ] ———
IN=——N| s ———:=x

.
:
:
:
:
:

L hsshouuadunad 11|

Il Obstacle []Travel cell []Task endpoint [l Start cell

Figure 3. Well-formed maps used in experiments. Left: benchmark (37 x 23). Right: large (48 x 35).
Colors denote tile types (legend shown in the figure): obstacles, travel cells, task endpoints, and start
cells. Faint grid lines indicate individual cells.

Tasks are pre-generated with a fixed count and pre-generated deadlines. In the
benchmark condition (base map), we use:

e Seeds: 1001-1100 (100 seeds).

e Tasks per run: exactly n = 151 (fixed across all runs; no task-count drift).
*  Number of agents: m = 15.

®  Scenarios: Dense/Short, Dense/Long, Sparse/Short, Sparse/Long.

e Release windows: dense [0,300], sparse [0, 500].

e Deadline offsets: short [20, 80], long [60, 120] (uniform).

Dense/Short is the most time-critical regime (highest arrival intensity and tightest
deadline offsets), while Sparse/Long is the most relaxed. We use a fixed task count
to avoid confounding algorithm comparisons with episode length. The specific value
151 follows the MAPD-D benchmark-style configuration used with D-TP/D-TPTS [9] and
is not otherwise special. The dense/sparse release windows and short/long deadline
offsets form a compact 2 x 2 scenario design that spans both congestion pressure and
deadline pressure without changing the underlying map topology, making it easier to
isolate the effect of commitment timing across more and less time-critical regimes. This
finite-task evaluation corresponds to optimizing a fixed order window (e.g., a batch or shift)
and is standard in MAPD-D benchmarks. In continuous operations with ongoing arrivals,
DAD-6 can be applied online in the same token turn manner; deferral and safety-trigger
rates provide simple telemetry for monitoring stability and workload drift.
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For additional map-scale generalization on the larger map, we evaluate two conditions:

e C1 (map-only): m = 15 agents and n = 151 tasks.
e C2 (map + load): m = 30 agents and n = 304 tasks (scaled by free-cell ratio
and rounded).

Workload Generation (Pre-Generated Task Files).

For each scenario, seed, map, and agent count, we pre-generate a task schedule and
replay it for all algorithms and 6 values. The generation procedure mirrors prior MAPD-D
endpoint sampling [9] and is deterministic given the random seed: we sample the m initial
agent locations uniformly without replacement from the start cells; treat remaining start
cells as task endpoints (removing them from the non-task endpoint pool) [4,9]; gener-
ate exactly n tasks by sampling release times uniformly from the scenario window and
sampling ordered pickup—-delivery endpoint pairs uniformly (rejecting pickup=delivery
and duplicate ordered pairs to avoid repeated identical tasks); set delivery deadlines by
d ) _ i+ 5]- with 5]- uniform on the scenario offset interval; and sort tasks by release time
(breaking ties by generation order) for replay. Pickups and deliveries are drawn from the
same endpoint pool.

6.3. Protocol
The benchmark evaluation uses a four-stage paired protocol:

1.  asweep (baseline): § = o0, & € {0,0.025,0.05,0.1,0.2,0.3,0.5} for D-TP and D-TPTS.
We restrict this baseline grid to & < 0.5 to keep the sweep lightweight and because
our focus is on the effect of 6 rather than on urgency-dominant ranking; exploring
« > 0.5 is left for future work. The grid is denser near zero because small-to-moderate
urgency weights are the practically relevant regime in our benchmark settings.

2. 0 sweep (DAD): fix « = a!*) from phase 1 per scenario-algorithm; evaluate
6 € {—1.0,—0.9,...,2.0} (step 0.1 on [—1,2]), using the corresponding 6 = oo run
from phase 1 (at a(*)) as the paired always-assign baseline. Negative 6 values are
allowed because pickup slack can be negative. In normalized units, this range spans
aggressive deferral through near-baseline behavior, and the selected best-6 values
reported later lie well inside it.

3. Policy sweep: evaluate threshold/random/periodic policies under the same as-
signment/safety framework. Threshold settings are 6 € {oo, —0.5,0,0.25,0.5, 1.0} ;
random defers use Bernoulli probability g € {0.05,0.1,0.2}; periodic defers trigger
when (4 i) mod k = 0 with k € {2,3,4,5} (decision time t, agent index i).

4. 0 transfer: for each source scenario and algorithm, select source-best o+ by mean
tardiness, then apply it to all target scenarios without target-side re-tuning.

Unless stated otherwise, the main protocol uses normalized score mode
(Equation (9)) with scenario-based scale estimation (Equations (10) and (11)); al*) is se-
lected in phase 1 and fixed thereafter. This separation of baseline tuning («) from deferral
tuning () is intentional: it keeps the underlying task-ranking rule fixed while isolating
the marginal effect of commitment timing. The overall experimental total is 101,600 runs
(benchmark + large-map generalization).

6.4. Validity and Metrics
A run is counted as successful only if:

e  all tasks are completed,

. simulation terminates because all tasks are completed,

*  vertex collisions, edge collisions, and teleportations (non-adjacent moves within one
time step) are all zero,
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* no stall timeout is detected (we terminate if no pickup or delivery is completed by any
agent for 1000 consecutive time steps).

The stall timeout is a conservative guardrail to detect pathological non-progress loops;
it never triggers in the main benchmark and large-map protocols (100% validity) and is
only used to flag failures in stress settings such as safety-OFF under aggressive deferral
(Appendix A.5).

Our main reported metric is cumulative tardiness T (Equation (3)). Additional reported
metrics are makespan M (Equation (4)), deadline adherence (on-time rate; fraction of tasks
with €; = 0), tail tardiness (MaxTard; per-run maximum task tardiness), DAD deferrals
(Def), safety-trigger rate, and runtime.

Terminology.

In TP-family algorithms, a token turn is a time step at which an agent holds the token
and updates its plan in the shared token. In each token turn, the allocator considers a set of
candidate tasks and the assignable set T}, after the endpoint-occupancy filter (Equation (5)).
We use:

*  Assignment decision: 7/, # .

* No-assignable turn: at least one candidate task exists but 77t =0Q.

*  Deferral event: an assignment decision where safety is inactive and the DAD gate
triggers (Equation (13)).

*  Safety-trigger decision: an assignment decision where the safety condition holds
(Equation (14)), so deferral is disabled.

Deferrals and Safety Triggers.

In DAD-0, a deferral event occurs at an assignment decision when the safety override
is inactive (Equation (14) does not hold) and the gate triggers (Equation (13)), causing
the token holder to skip the commitment step and take the fallback action for that token
turn. We report Def as the per-run count of such deferral events (means over seeds in
tables/figures). We additionally compute the deferral rate as this count divided by the
number of safety-inactive assignment decisions. The safety-trigger rate is the fraction of
assignment decisions at which the safety condition in Equation (14) is met (i.e., an urgent
assignable task exists), which is the subset of decisions where deferral is forcibly disabled.
For paired comparisons, we use two-sided Wilcoxon signed-rank tests on per-seed paired
differences (zero differences dropped) and report Holm step-down corrected p-values
at the 0.05 significance level within each experiment block and metric [37]. For best-6
comparisons, we additionally report rank-biserial correlation r,;, and percentile bootstrap
confidence intervals for the mean paired difference. Unless noted, error bands labeled
“mean + 95% CI” are two-sided t-based confidence intervals for the mean over seeds.

Mechanism Telemetry.

To probe why DAD-6 can reduce tardiness under TP-family coordination, we log addi-
tional run-level diagnostics that reflect two key shared-constraint mechanisms: (i) assignable-
set shrinkage due to the endpoint-occupancy filter in Equation (5), and (ii) reservation-induced
routing inflation in space—time planning. Concretely, in each token turn, we count how
many candidate tasks are considered by the baseline routine before applying the endpoint-
occupancy filter and how many of those candidates are blocked by the filter. We summarize
this as a blocked fraction (blocked candidates divided by total considered candidates) and a
no-assignable rate (fraction of token turns that have at least one candidate task but yield zero
assignable candidates after filtering). Separately, we record a detour ratio from the space—
time planner calls as the aggregate relative inflation of planned steps versus reservation-free
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shortest-path distance on G, which serves as a proxy for waiting and detours caused by
reservations and congestion. These diagnostics are reported as descriptive paired differ-
ences between best-f and 0 = cc.

7. Results
Executive Summary.

Across the benchmark conditions, best-0 consistently improves cumulative tardiness
over the always-assign baseline and also improves on-time completion, typically with
concurrent makespan gains and negligible runtime impact (Tables 1-3). Repeated seed-split
holdout validation further shows that the tardiness benefit generalizes strongly across
seeds (tardiness-improvement rate > 0.905 in all scenario—algorithm pairs; Table 4). The
supplementary analyses then show that these gains are specific to thresholded deferral,
remain robust under transfer and larger-map generalization, and are not explained solely
by the safety override (Appendix A).

Table 3. Runtime comparison between always-assign (f = o) and best-0 (from Table 1). Time is
mean wall-clock seconds per run; ms/step is mean milliseconds per time step computed as time
divided by makespan (100 seeds).

. " Time Time o ms/step  ms/step
Scenario Algo 0 (c0) 6" A% (c0) %)
Dense/Short D-TP 1 1.637 1.618 -12 4.397 4.398
Dense/Short  D-TPTS 0.9 1.920 1.881 -2.0 5.156 5.056
Dense/Long D-TP 1 4.087 4.012 —1.8 10.736 10.669
Dense/Long  D-TPTS 1 4.343 4184 -3.7 11.427 11.121
Sparse/Short ~ D-TP 1 2.098 2.095 —-0.1 3.797 3.818
Sparse/Short D-TPTS 0.7 2.493 2.473 —0.8 4.505 4.519
Sparse/Long  D-TP 1 3.734 3.697 -1.0 6.727 6.794
Sparse/Long D-TPTS 1 4.034 3.842 —4.7 7.250 7.056

A% = 100 - (Time(6*) — Time(oo)) /Time(co).

Table 4. Seed-split holdout validation on the benchmark (5-fold, repeated 40 times; 200 test folds
per scenario—algorithm pair). In each split, 0(*) is selected on training seeds by minimum mean
cumulative tardiness among finite 6 values, then evaluated on held-out test seeds as paired differences
AT (tardiness) and AM (makespan) versus § = oo. “Joint” is the fraction of test folds where both
test-fold mean AT < 0 and AM < 0; “Tard” and “Mk” are the marginal rates. “Avg” denotes the
average across test folds of the test-fold mean; “Worst” denotes the maximum across test folds of the
test-fold mean. 6 mode is the most frequently selected 8'*) (frequency in parentheses). For readability,
we bold the larger of the two algorithms’ rates within each scenario for Joint/Tard/Mk (ties are
in bold).

Scenario Algo Joint Tard Mk AvgAT AvgAM  Worst AT  WorstAM 0 Mode
Dense/Short D-TP 0.930 1.000 0.930 —283.15 —3.76 —79.40 +5.55 1.0(0.99)
Dense/Short ~ D-TPTS 0.445 0.905 0.490 —90.51 +0.22 +100.90 +13.35 0.9 (0.47)
Dense/Long D-TP 0.940 0.990 0.950 —54.07 —4.47 +3.70 +4.65 1.0(0.99)
Dense/Long  D-TPTS 0.905 0.990 0.915 —50.68 —3.83 +4.25 +5.30 1.0(0.98)
Sparse/Short D-TP 0.985 1.000 0.985 —292.19 —4.94 —210.60 +1.80 1.0(0.99)
Sparse/Short ~ D-TPTS 0.975 1.000 0.975 —245.35 —5.84 —175.55 +1.00 0.7 (1.00)
Sparse/Long D-TP 1.000 1.000 1.000 —21.73 —10.44 —2.90 —-3.30 1.0(0.94)
Sparse/Long  D-TPTS 1.000 1.000 1.000 —22.48 -10.64 —7.90 —4.70 1.0(0.79)

7.1. Best-0 Summary

Figure 4 and Table 1 summarize gains from 6 = oo to best-6 and show that best-0
reduces tardiness in all pairs, reduces makespan in mean, and induces nonzero deferrals
(Def > 0; Table 1).

Table 2 reports complementary service-level indicators at § = oo and best-6: the on-
time completion rate (fraction of tasks with zero tardiness) and a tail indicator (MaxTard;
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per-run maximum task tardiness, mean over seeds). DAD-6 increases the on-time rate and
reduces the tail in all 8 scenario—algorithm pairs.

Best-6 tardiness gain . Best-6 makespan gain
2
o +—
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o ©
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. D-TP W D-TPTS

Figure 4. Benchmark best-f gains over the always-assign baseline # = oo for each scenario—algorithm
pair (mean +95% CI over 100 paired seeds). Each pair compares the selected thresholded DAD-6
setting against the same baseline allocator under the same score mode.

To make the baseline-versus-optimized comparison more concrete, Figure 5 shows
direct side-by-side values for two representative scenario—algorithm pairs: Dense/Long
with D-TP and Sparse/Short with D-TPTS. In both examples, the selected best-0 setting
improves not only cumulative tardiness but also on-time completion and tail tardiness
relative to the always-assign baseline.
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Figure 5. Direct side-by-side comparison between the always-assign baseline § = co and the selected
best-6 policy for two representative scenario—algorithm pairs. Left column: Dense/Long with D-TP
(0" = 1). Right column: Sparse/Short with D-TPTS (6* = 0.7). The three rows report cumulative
tardiness, on-time completion rate, and MaxTard. These representative examples complement the
aggregate summaries in Figure 4 and Tables 1 and 2 by showing the baseline and optimized policies
on the same axis.
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7.2. DAD-9 Sweep

Figure 6 shows paired A tardiness versus 6 = co (mean +95% CI) across the sweep
grid. Negative paired delta indicates improvement versus always-assign.

Dense / Short Dense / Long

250
1000
0 w
—250 0

-1 -05 1.5 -1 - 1.5 2
Sparse / Short Sparse / Long

b. 400
0 200
-250 \C.,—//r?- 0

-1 =05 -1 =05 . . 2
9 6

—— DTP  —=— D-TPTS

W

N
ul
o

A tardiness (6-») A tardiness (8-)

Figure 6. Benchmark paired A tardiness versus the always-assign baseline § = co across the nor-
malized 0 sweep (mean +95% CI). Each panel is a scenario; each curve is one TP-family baseline.
Negative is better. Stars mark the selected best-f values, black horizontal lines indicate zero difference
from the always-assign baseline, and shaded bands show 95% confidence intervals.

Figure 7 shows corresponding paired A makespan behavior. At best-6, all scenario—
algorithm pairs have lower mean makespan than the § = co baseline (Table 1).

Dense / Short 50 Dense / Long
10
25
0
0
-1 -o. 05 _ 1 1.5 2 -1 -05 0 05 1 1.5 2
bparse/ Short Sparse / Long

20 grerereeeea 50
0 22

-1 =05 0 0.5 1 1.5 2 -1 -05 0 0.5 1 1.5 2

A makespan (6-«)A makespan (6-x)

—— DTP  —— D-PTS

Figure 7. Benchmark paired A makespan versus the always-assign baseline § = co across the
normalized 6 sweep (mean +95% CI). Each panel is a scenario; each curve is one TP-family baseline.
Negative is better. Stars mark the selected best-f values, black horizontal lines indicate zero difference
from the always-assign baseline, and shaded bands show 95% confidence intervals.

Taken together with Table 2, the sweep supports a practical calibration view. As 6
increases, DAD-f becomes less active and approaches the always-assign baseline; as 6
becomes too small, the method over-defers and loses performance. The useful operating
regime is the intermediate band where tardiness improves while on-time completion and
MaxTard also improve, which is the regime that the operational workflow in Section 4.8 is
designed to target.
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Joint-Improvement Bands (Not a Single Point).

To summarize robustness, we define a mean-based joint-improvement band: the maxi-
mal contiguous interval on the sweep grid containing the selected 8*) (minimum mean
tardiness) for which the mean paired A tardiness and A makespan versus f = oo are
both negative (Figures 6 and 7). This band is descriptive (not a significant region); on the
benchmark, bands contain 2-15 grid points (step 0.1).

7.3. Runtime

We report simulator wall-clock computation time for § = co and the corresponding
best-0 settings in Table 3. DAD- has negligible runtime impact in our measured settings:
total-time changes are within 5% (all are small decreases) and per-time-step changes are
within 0.31 ms (increases by at most 0.07 ms).

7.4. Seed-Split Holdout Validation

Best-6 in the main protocol is selected by minimizing mean tardiness on the same
seed set used for evaluation. To reduce selection bias concerns, we perform a repeated
seed-split holdout validation on the benchmark: we repeatedly partition the 100 seeds
into 5 folds (40 repeats), select 6%*) on training seeds only by minimum mean cumulative
tardiness among finite 6 values, and evaluate the paired differences AT (tardiness) and
AM (makespan) versus § = oo on held-out test seeds. We restrict selection to finite 6
values to evaluate generalization of deferral thresholds; 8 = oo is reserved as the paired
baseline. Table 4 summarizes the resulting rates and worst-case test-fold means. Tardiness
improvements generalize strongly across seeds (tardiness-improvement rate (Tard) > 0.905
for all pairs), while makespan improvements are typically but not universally robust
(Dense/Short with D-TPTS is the weakest case). In this validation, we keep « fixed at the
scenario—algorithm-specific a{*) selected in phase 1 of the main protocol, so the holdout
primarily isolates generalization of 6 conditional on a fixed baseline tuning.

7.5. Paired Statistical Test at Best-0

Because best-6 is selected by minimizing mean tardiness on the same seed set used for
evaluation, the tests and confidence intervals in this subsection should be interpreted as
descriptive post-selection summaries. The seed-split holdout validation above provides
the main evidence that threshold selection generalizes across seeds. Using paired Wilcoxon
tests versus 6 = oo:

*  Tardiness: all 8 scenario-algorithm pairs improve, and all 8 are significant both before
and after Holm correction.

*  Makespan: all 8 pairs improve in mean; 7 of 8 are significant at raw p < 0.05, and 7 of
8 remain significant after Holm correction.

After Holm correction, the only non-significant makespan case is Dense/Short (D-
TPTS); all others remain significant improvements. Detailed paired statistics (mean A
with 95% ClI, effect sizes, and raw/Holm-adjusted p-values) are reported in Table 5.
For interpretation, ry, € [—1,1] summarizes the dominance of paired improvements:
7y = —1 means all non-tied pairs improve, r;, = 0 indicates a balance of improvements
and degradations, and r;, = 1 means all non-tied pairs worsen.

https:/ /doi.org/10.3390/systems14050494


https://doi.org/10.3390/systems14050494

Systems 2026, 14, 494

22 of 33

Table 5. Paired Wilcoxon signed-rank tests for best-0 (selected by mean tardiness) versus always-
assign (6 = o0). We report mean paired differences A (candidate minus baseline) with 95% percentile
bootstrap confidence intervals for the mean (20,000 resamples), rank-biserial correlation r,;, (Wilcoxon
effect size), raw two-sided p-values, and Holm-adjusted p-values within each metric family (8 tests).
Top: tardiness (AT); bottom: makespan (AM). Negative A and negative r,;, indicate improvement
over § = co. In the makespan panel, bold indicates Holm-significant improvements (proim < 0.05);
all tardiness cases are Holm-significant.

Scenario Algo 0* AT (Mean [95% CI]) b p PHolm
Dense/Short D-TP 1 —284.33 [—364.53,—208.76] —0.75 71 %101 2.8 x 10710
Dense/Short ~ D-TPTS 0.9 —128.63 [—191.97,—64.49] —0.48 3.7 x107° 3.7x107°
Dense/Long D-TP 1 —54.41[—79.60,—32.18] —0.59 3.1x 1077 9.3 x 1077
Dense/Long  D-TPTS 1 —51.80[—-76.33,—29.89] —0.57 8.9 x 1077 1.8 x 107°
Sparse/Short D-TP 1 —292.85[—313.58,—271.87] -1 <1x1071% <1x1071
Sparse/Short ~ D-TPTS 0.7 —245.35 [—268.47,—221.90] -1 <1x107% <1x1071
Sparse/Long D-TP 1 —22.20[—27.52,—16.90] —0.82 3.6 x 10712 1.8 x 10~
Sparse/Long  D-TPTS 1 —23.71[—29.01,—18.45] —0.87 25x 10713 1.5x 10~12

Scenario Algo 0* AM (mean [95% CIJ) T'tb 4 PHolm
Dense/Short D-TP 1 —3.80 [—6.56,—1.13] —0.26 0.02447 0.04894
Dense/Short ~ D-TPTS 0.9 —1.34[—4.43,1.85] —0.16 0.1739 0.1739
Dense/Long D-TP 1 —4.48 [—7.25,—1.75] —0.34 0.003686 0.01475
Dense/Long  D-TPTS 1 —3.91 [—6.68,—1.23] —0.29 0.01454 0.04363
Sparse/Short D-TP 1 —4.94 [—7.15,—2.64] —-0.5 1.9 x 1075 0.0001122
Sparse/Short ~ D-TPTS 0.7 —5.84 [—8.52,—3.30] —05 2.7 x107° 0.000133
Sparse/Long D-TP 1 —10.36 [—12.96,—7.32] —0.85 23 x 10713 1.8 x 10°12
Sparse/Long ~ D-TPTS 1 —10.73 [—13.24,—7.80] —0.84 53 x 10713 3.7 x 10712

7.6. Mechanism Diagnostics: Assignable-Set Availability and Planning Detours

Figure 8 visualizes the mechanism telemetry defined in Section 6.4 as paired mean
differences between best-6 and 8 = co (100 seeds). Across all scenario—algorithm pairs,
best-0 reduces the no-assignable rate (token turns with candidate tasks but no assignable
candidates), with especially large and consistent reductions for D-TPTS in Dense/Long and
in sparse regimes. Endpoint blocking at the candidate-filter level also drops substantially in
sparse regimes (blocked fraction reductions of 0.08-0.31), consistent with the interpretation
that deferring low-quality commitments can preserve assignable-set availability under
endpoint occupancy constraints. Blocking is not uniformly reduced in the most time-
critical dense setting: Dense/Short with D-TP shows a small increase in blocked fraction
despite improvements in tardiness. Finally, the detour ratio typically decreases for D-TP
(and for Sparse/Long with D-TPTS), indicating modest reductions in reservation- and
congestion-driven path inflation at best-6. Taken together, these diagnostics support the
mechanism interpretation used throughout the paper: deferring a low-quality commitment
can preserve assignable-set availability for later urgent tasks and can reduce downstream
routing friction caused by reservations and endpoint blocking.

Blocked fraction No-assignable rate Detour ratio
Dense / Short q o 1 o 3 1 ,_o_|3
Dense / Long A |0| , . 4 . !
Sparse / Short ol ! 1 o f 1 ——i |
Sparse /long{ o, i 1 ren i 1 ® i
-03 -02 -01 0.0 04 -03 -02 -01 00 —0.01 0.00
A (best-6 — 6 = ) A (best-0 — 6 = ») A (best-6 — 6 = »)
® DITP D-TPTS

Figure 8. Mechanism diagnostics at best-6: paired mean differences (best-6 — 6 = co) with 95% bootstrap
ClIs (100 paired seeds). The three panels report blocked-fraction change, no-assignable-rate change, and
detour-ratio change. Filled markers indicate raw two-sided Wilcoxon p < 0.05 (descriptive), open markers
indicate non-significant differences at raw p > 0.05, and dashed vertical lines indicate zero difference from
the always-assign baseline. Negative A indicates reduced blocking /no-assignable turns and reduced detours.
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Supplementary analyses.

Additional analyses (run validity, comparator policies, transfer experiments, ablations,
and large-map generalization) are provided in Appendix A.

8. Discussion

The experiments consistently reveal a commitment-timing trade-off: intermediate thresh-
olds improve tardiness by preserving flexibility when immediate commitment is low-value,
whereas very small 0 over-defers and very large 0 approaches the always-assign base-
line. In this sense, DAD-f is best interpreted not simply as another dispatching heuristic,
but as a lightweight mechanism for controlling the timing of commitment in a shared,
reservation-constrained multi-agent system.

Normalized scoring (Equation (9)) makes 6 dimensionless and improves portability;
transfer and large-map generalization show frequent gains versus always-assign, while
target-side tuning remains best. Seed-split holdout validation indicates that 6 selected
on training seeds generalizes in tardiness, whereas makespan gains are less robust in the
most time-critical setting. Comparator policies and the safety ablation further suggest
that gains are specific to thresholded deferral and that the safety override mainly acts as
a validity guardrail under aggressive deferral. Although DAD-0 is tuned for tardiness,
we often observe concurrent makespan reductions. We interpret this as consistent with
reduced endpoint blocking and reservation conflicts under better-timed commitments,
but we use makespan only as an additional evaluation metric and do not claim a general
guarantee. From a service-level perspective, the accompanying gains in on-time completion
and reductions in MaxTard indicate that the method is not merely shifting delay among
tasks: in the tested settings, the intermediate-threshold regime also improves deadline
adherence and tail behavior. This is important operationally because warehouse opera-
tors often care about missed-deadline frequency and worst-case tardiness in addition to
aggregate tardiness.

8.1. Systems-Level Implications and Deployment Considerations

From a systems perspective (see Figure 1), DAD- provides an operator-facing tun-
ing knob for balancing deadline compliance against other operational objectives (e.g.,
makespan/throughput) within a larger warehouse coordination stack that uses a TP-family
task allocator. Normalized scoring makes 6 dimensionless and supports transfer across
related regimes, which is useful when only map scale or deadline scale changes; however,
as shown by our transfer results, target-side tuning remains best for tardiness. Importantly,
the commit-or-defer decision can have system-level consequences because commitments
interact through shared-space constraints (congestion, endpoint occupancy, and reservation
conflicts), creating feedback loops that shape system-level tardiness.

Emergent Behavior and Feedback Loops.

In Token Passing, committing to a task reserves a path and occupies an endpoint in the
shared token; these reservations directly affect which tasks are assignable to other agents
(the assignable set in Equation (5)). Deferring a low-quality commitment can therefore have
indirect benefits: it can keep endpoints and reservations available for imminent urgent tasks,
reduce congestion, and improve the system’s ability to route work to better-matched agents.
These benefits are emergent in the sense that they arise from many local commit-or-wait
decisions interacting through shared constraints. Consistent with this interpretation, best-6
reduces the rate of token turns that have candidate tasks but no assignable candidates, with
additional reductions in endpoint blocking in sparse regimes and reductions in planning
detours primarily for D-TP (Figure 8).
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At the same time, excessive deferral can create starvation and instability. The safety
override in Equation (14) acts as a guardrail: once an urgent task becomes assignable to the
current token holder, DAD-f must commit regardless of 6. In deployment, two low-cost
telemetry signals—the DAD deferral rate and the safety-trigger rate—provide operational
visibility into this feedback loop and can indicate when workload characteristics shift and
re-tuning is warranted.

Calibration and Integration.

In practice, 8 can be calibrated offline on historical or simulated order streams (e.g., in a
digital twin) against explicit service-level targets such as tardiness, on-time completion, and
tail risk, and then monitored online via low-cost telemetry. Section 4.8 summarizes a work-
flow based on threshold sweeps, margin-aware selection, and re-calibration triggers derived
from deferral and safety-trigger rates. Because DAD-f is implemented purely as a gate on
top of an existing TP allocator, it can be introduced without changing endpoint-selection
logic, reservation semantics, or downstream robot control, which makes it attractive as a
drop-in operational control parameter in hierarchical warehouse coordination architectures.

Beyond Warehouses.

The same commitment—flexibility tension appears in other cyber-physical and ser-
vice systems with online arrivals, such as dynamic vehicle routing and on-demand ride-
sharing [29,30]. While DAD-6 is defined here as a gate on TP-family allocators, similar
commit/deferral controls could be explored in other planning architectures; doing so
would require architecture-specific definitions of feasibility constraints, candidate sets, and
the deferral action.

8.2. Limitations and Future Work

Our two evaluated maps share the same obstacle-block motif, and the agent-to-task
ratio remains close to 1:10 in both map conditions. We expect corridor-heavy layouts to
amplify reservation externalities and endpoint contention, which could make the useful 6
band narrower or shift it toward more conservative settings because a single premature
commitment can block more downstream traffic. Conversely, more open layouts may
weaken these effects. Likewise, at ratios closer to 1:20, scarce agents are likely to reduce
tolerance for deferral because urgent tasks must be picked up promptly, whereas at ratios
closer to 1:5, extra fleet slack may make DAD-style postponement function more as conges-
tion smoothing than urgency triage. These expectations are plausible but untested here,
which is why broader layout and load-ratio sweeps remain future work.

1. This study focuses on well-formed grid maps with static obstacles; broader map
diversity (e.g., irregular layouts, corridor-heavy designs, or non-grid topologies)
may change congestion dynamics and could introduce multiple local optima in the
6 landscape.

2. The formulation assumes homogeneous agents and homogeneous task service
requirements apart from release times, locations, and deadlines; extending the
commit-or-defer idea to heterogeneous capabilities, loading times, or task classes is
future work.

3. Although we evaluate two map scales and two load scales, the agent-to-task ratio
remains similar (approximately 15:151 and 30:304, i.e., ~1:10); future work should
vary this ratio to test high-congestion and extreme-scarcity regimes.

4. Deadlines are sampled from uniform offset intervals; non-uniform or correlated
deadline structures (e.g., priority orders or batch deadlines) may affect 6 selection and
the efficacy of normalization.
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5. While DAD-0 has negligible overhead in our measured settings, broader wall-clock
scalability studies under larger fleets and task pools (e.g., 100+ agents) are needed.

6.  We focus on lightweight TP-compatible baselines. Comparisons to methods with
different assumptions and heavier computation budgets (e.g., global optimization,
auctions, or learning-based allocators) are important, but they would introduce dif-
ferent candidate-set semantics, training requirements, or reservation models and are
therefore left for future work.

7. While full-run success is empirical here, formal guarantees beyond the finite-deadline
benchmark settings studied in this paper are future work.

8. Our holdout validation focuses on selection of 6 conditional on fixed baseline tuning
(a'*)); future work should evaluate generalization of joint («, 8) selection under nested
validation.

9.  Fixed 0 still requires scenario-level tuning for best tardiness, motivating lightweight
adaptive threshold control as future work.

9. Conclusions

We presented DAD-6, a minimal and explainable mechanism that turns commitment
timing into an explicit control variable for deadline-aware TP-family MAPD-D. DAD-6 adds
one threshold gate with a parameter-free safety override near pickup deadlines, and our
normalized scoring makes threshold values dimensionless. Under strict paired experiments
with 100% valid runs (101,600 runs in total), DAD-0 reduced cumulative tardiness in all
tested scenario—algorithm pairs in both benchmark and larger-map settings. Seed-split
holdout validation on the benchmark further confirms that selecting 6 on training seeds
generalizes in tardiness to held-out seeds. We emphasize that inferential claims for best-0
comparisons are supported primarily by the seed-split holdout validation, while same-seed
best-0 paired summaries are reported as descriptive post-selection statistics.

Best-0 also improved makespan in mean on all benchmarks and additional large-map
pairs, though makespan gains are less robust under seed-split holdout for Dense /Short with
D-TPTS. Paired significance tests with Holm correction and comparator-policy experiments
show that the benefit is specific to thresholded deferral, not to arbitrary defer patterns.
Transfer experiments further show frequent improvements over always-assign without
target-side re-tuning, while target-tuned thresholds remain best for tardiness. Additional
ablations show that (i) the safety override improves validity under aggressive deferral,
and (ii) score normalization improves transfer robustness relative to raw scoring. Overall,
DAD-6 offers a lightweight, operator-tunable commitment-control mechanism for deadline-
aware Token Passing in logistics systems: it can be calibrated offline against explicit
service-level targets, monitored online through simple telemetry, and deployed without
modifying the underlying planner or robot-control stack. The main current limitations
are the homogeneous well-formed TP-family setting, finite-task benchmark windows, and
comparison scope restricted to TP-compatible baselines, which together define the next
steps for broader heterogeneous and cross-architecture evaluation.
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Appendix A. Supplementary Results

This appendix collects secondary results referenced in the main text.

Appendix A.1. Run Validity

All runs in the main benchmark and additional large-map protocols satisfy the strict
success conditions above (100% validity). Disabling the safety override can reduce validity
under aggressive deferral (Appendix A.5).

Appendix A.2. Baseline a Selection

Baseline a{*) values are selected under # = oo in phase 1 of the main protocol
(Section 6.3) and reported (as a*) in Table 1. We then fix a*) for the subsequent  sweep
and holdout validation.

Appendix A.3. Comparator Deferral Policies

The policy sweep executes 13 settings per scenario—algorithm pair (6 threshold,
3 random, 4 periodic). For comparator analysis, we focus on the 56 non-threshold settings
(random and periodic only) under the same candidate set, scoring, safety override, and
fallback behavior as thresholded DAD-6; only the deferral trigger differs:

* Tardiness: 18/56 settings improve mean tardiness over always-assign; 5/56 are
significant at raw p < 0.05, and 0/56 remain significant after Holm correction.

*  Makespan: 19/56 settings improve mean makespan; 7/56 are significant at raw
p < 0.05, and 0/56 remain significant after Holm correction.

Thus, naive defer patterns are not competitive with thresholded DAD-6 for
tardiness optimization.

Appendix A.4. 0 Transferability

In transfer experiments (32 source-target-algorithm combinations), source-selected
6'*) is applied to targets without re-tuning.

* Against always-assign (§ = oo on target): transfer improves tardiness in mean in
30/32 combinations and improves makespan in mean in 30/32. After Holm correction,
30/32 (tardiness) and 15/32 (makespan) remain significant improvements, with 1/32
Holm-significant degradation in each metric.

*  Against target-tuned best-0: transfer never improves tardiness (0/32), and 5/32
cases are Holm-significantly worse. Transfer improves makespan in mean in 4/32
combinations, but none of these gains are significant after Holm correction; 2/32 are
Holm-significantly worse.

For improvements versus always-assign, this pattern holds for three source scenarios
(8/8 target pairs each), while Sparse/Short is weaker (6/8).
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Appendix A.5. Ablation: Safety Override

The safety override in Equation (14) forces assignment when any assignable task
reaches non-positive pickup slack. To isolate its contribution, we rerun the normalized 6
sweep at 0 € {00,0.7,0.9, 1} with the safety override disabled on the same pre-generated
workloads. Table A1 compares safety ON/OFF at the best-0 values from the main protocol.
Completion remains 100% at these tuned 6*) values, and mean tardiness/makespan
remain comparable between safety ON/OFF (with some pairs slightly better without
safety), indicating that the best-6 improvements are not solely due to the safety override.
However, disabling safety can reduce validity under aggressive deferral: for Sparse/Short
with D-TP and a*) = 0, only 75/100 runs complete at § = 0.7 (stall timeout). Safety trigger
rates in the benchmark range from 1.9% to 48.6% of assignment decisions depending on
scenario and algorithm (Table A1).

Table A1l. Safety override ablation on the benchmark. “Safety (on)” is the mean fraction of assignment
decisions where the safety condition (non-positive pickup slack for some assignable task) is met
under safety ON.

Scenario Algo 0" ok ok Tard Tard Mk Mk Safety

(on) (off) (on) (off) (on) (off) (on)
Dense/Short D-TP 1 100/100 100/100 1290.8 1192.3 368.8 366.8 48.6
Dense/Short  D-TPTS 0.9 100/100 100/100 1270.7 1155.5 371.5 368.5 423
Dense/Long D-TP 1 100/100 100/100  86.9 88.3 377.2 377.2 55
Dense/Long  D-TPTS 1 100/100 100/100  88.2 89.6 377.3 377.2 55
Sparse/Short D-TP 1 100/100 100/100 603.3 470.6 547.9 542.8 5.8
Sparse/Short  D-TPTS 0.7 100/100 100/100 565.9 473.9 547.8 544.8 25
Sparse/Long D-TP 1 100/100 100/100 16.7 11.0 545.3 543.4 1.9
Sparse/Long  D-TPTS 1 100/100 100/100 173 11.6 545.6 543.3 1.9

To illustrate the safety override as a validity guardrail, we also run an additional safety-
OFF sweep on the most sensitive case (Sparse/Short) over 6 € [—1,2]. For Sparse/Short
with D-TP, completion reaches 100% only for § > 1.4 when safety is OFF, whereas D-TPTS
remains at 100% across the grid.

Appendix A.6. Ablation: Raw vs. Normalized Scoring

Normalized scoring (Equation (9)) is designed to make 6 dimensionless and portable.
We compare it against raw scoring by rerunning the benchmark protocol in raw mode
(separate a sweep, 6 sweep, and 6 transfer on the same workloads; all raw-mode runs satisfy
the success conditions). In raw mode we sweep 6 € {0, 5,10, 15, 18,20, 25, 30, 35,40} (plus
6 = oo baseline). Table A2 shows that raw optimal thresholds are an order of magnitude
larger (in our benchmark, GE:&, € [18,25], i.e., interior points of the raw grid) and vary more
across scenarios than normalized 9<*>, which concentrates in [0.7, 1]. We use this coarse
grid (mostly 5-step spacing, with a few additional values near 20) to resolve the typical
raw-threshold regime in our benchmark without incurring a large sweep cost. Transfer
robustness is also stronger with normalization (Table A3): against § = co, normalized
transfer improves mean tardiness in 30/32 combinations (Holm: +30/—1) versus 27/32
(Holm: +25/—3) in raw mode, and it yields fewer Holm-significant makespan degradations
(—1 versus —5).
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Table A2. Raw vs. normalized best-6 portability on the benchmark. Bold indicates normalized 6},

Scenario Algo 0w 0} orm
Dense/Short D-TP 20 1
Dense/Short D-TPTS 18 0.9
Dense/Long D-TP 25 1
Dense/Long D-TPTS 25 1
Sparse/Short D-TP 18 1
Sparse/Short D-TPTS 18 0.7
Sparse/Long D-TP 20 1
Sparse/Long D-TPTS 25 1

Table A3. Raw vs. normalized transfer robustness summary on the benchmark (32 source-target—
algorithm combinations). “Holm (+/—)” counts Holm-significant improvements/degradations
versus f = oo. Bold indicates the normalized setting.

Metric (vs. 6 = o) Mean Improve Mean Worsen Holm (+/—) Mode
Tardiness 27/32 5/32 +25/-3 raw
Tardiness 30/32 2/32 +30/—1 normalized
Makespan 25/32 7/32 +19/-5 raw

Makespan 30/32 2/32 +15/—-1 normalized

Appendix A.7. Additional Map/Scale Generalization on a Larger Map

We next evaluate the larger 4835 map under C1 (map-only: 15 agents, 151 tasks)
and C2 (map+load: 30 agents, 304 tasks). Both conditions use the same four scenarios and
normalized scoring, with a{*) transferred from the benchmark setting. The summaries
below are computed from complete C1/C2 run sets (25600 6-sweep runs and 3200 transfer
runs per condition), not from sampled subsets.

At best-0 versus 0 = occ:

* CI: tardiness improves in 8/8 pairs (raw 8/8 significant; Holm 8/8). Makespan
improves in mean in 8/8 pairs (raw 7/8 significant; Holm 7/8). Tardiness reduction
ranges from 5.8% to 47.9%.

e (C2: tardiness improves in 8/8 pairs (raw 8/8 significant; Holm 8/8). Makespan
improves in mean in 8/8 pairs (raw 6/8 significant; Holm 5/8). Tardiness reduction
ranges from 1.8% to 9.7%.

DAD-6 remains active in most finite-6 runs in both conditions.
For transfer on the larger map (32 source-target-algorithm combinations per condition):

*  Against always-assign: tardiness improves in mean in 32/32 (C1) and 32/32 (C2), and
makespan improves in mean in 32/32 (C1) and 28/32 (C2). After Holm correction, sig-
nificant improvements are 24/32 (tardiness) and 10/32 (makespan) for C1 and 26/32
(tardiness) and 12/32 (makespan) for C2, with zero Holm-significant degradations in
both conditions.

*  Against target-tuned best-0: transfer is never better in tardiness (0/32 for both C1 and
C2) and is Holm-significantly worse in 6,/32 for both. For makespan, no Holm-significant
improvements occur; 6/32 are Holm-significantly worse in C1 and 2/32 in C2.

These large-map results confirm robust gains versus always-assign while preserving the
expected gap to target-side 6 tuning. Figure A1 visualizes per-pair best-f gains for C1/C2.
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Tardiness gain (%) 201 Makespan gain (steps)

201 pTPTS
107 [ I
o,
Dehse Dehse Spérse Spérse Dehse Dehse Spérse Spérse
Short Long Short Long Short Long Short Long
Hmm C1 (15 agents, 151 tasks) C2 (30 agents, 304 tasks)

Figure A1. Additional large-map best-f gains for C1 (map-only) and C2 (map+load). Left: tardiness
gain (%). Right: makespan gain (steps). Positive values indicate improvement over 6§ = co. Bars
show mean =+ 95% CI over 100 paired seeds.

Appendix B. One-Step Surrogate Details

This appendix records the formal surrogate definitions underlying the qualitative
summary in Section 5.

Appendix B.1. One-Step Intervention Surrogate

Intuitively, deferring at a decision point incurs an immediate one-step delay cost, but
it can be beneficial if waiting allows a better task to become assignable (e.g., due to new
releases or token-reservation evolution). Our surrogate isolates this marginal trade-off
by comparing forced defer versus forced assign at a single baseline decision point, while
following the baseline policy thereafter. Let 7t denote the baseline always-assign policy
(0 = oo in Equation (13)) with the same safety override (Equation (14)). Consider a decision
point under 71, where (i) at least one task is assignable ( i,’t # @) and (ii) the safety override

is inactive. Let S be the best candidate score at that decision point, i.e., S = s§*> (t) from
Equation (12).

Throughout this appendix, X denotes the eventual run-level metric value; when we
write X(-) with a policy argument (e.g., X(c0)), it denotes the corresponding expected
metric value under that policy. For a performance metric X (we use T and M as defined in
Equations (3) and (4)), define the one-step defer advantage at score s as

Dy (s) = E[X<defer> _ xlassign) | 5 nm], (A1)

where X{defer) (resp. X (@s5ig)) js the eventual metric value if we force defer (resp. assign) at
that decision point and then follow 7T afterwards. Thus, Dx(s) < 0 means that deferring at
score s is beneficial for metric X under this one-step intervention view. In our discrete-time
experiments (integer shortest-path distances and integer-valued deadlines/offsets), h(-, -)
and (d]<-p ) t) are integer-valued and §; ;(t) is a deterministic rational rescaling; therefore,
S takes values on a discrete grid at decision points, and Equation (A1) can be read as an
ordinary conditional expectation. For continuous variants (or real-valued deadlines), Dx(s)
is interpreted via a regular conditional expectation.

For a run under 71, let Ny, be the number of safety-inactive decision points (i.e., token
turns with 7/, # @ where the safety override is inactive) and index them by k = 1,..., Ngp

https://doi.org/10.3390/systems14050494


https://doi.org/10.3390/systems14050494

Systems 2026, 14, 494

30 of 33

in temporal order. Let Sy be the best candidate score at decision point k (so S; takes values
on the same grid as S). We define the one-step intervention surrogate for threshold 6 as

Nap

X(0) = X(c0) + | ¥ Dx(Sk) 1{S > 6} . (A2)
k=1

where X(o0) denotes the expected metric value under 7to. Equivalently, for any 61 < 65,

X(61) — X(62) =E| ) Dx(Sx)1{61 < Sk < 62} |. (A3)
k=1

Remark A1 (Surrogate versus full policy). In general, the actual policy performance X(6) need
not match the surrogate X (), because changing 0 affects later states, future score distributions,
and interactions among repeated deferrals. We therefore use the surrogate only as a qualitative
explanatory lens and treat the observed empirical sweep shapes as the main check on its relevance.

Appendix B.2. Single-Crossing Assumption and Implications

Assumption A1 (Single-Crossing). For each X € {T, M}, assume the conditional one-step defer
advantage Dx (s) is non-increasing in the score s (deferring becomes weakly less harmful as the best
currently assignable option worsens). Define the crossing interval boundary points

sy :=sup{s € R: Dx(s) >0},  sj:=inf{s € R: Dx(s) <0}, (A4)
with the convention sup @ = —oco and inf @ = +oo. Under monotonicity, these satisfy sy < sy.
Dx(s) > 0fors <sy and Dx(s) <O0fors > s3. (A5)

Because Dx (s) need not be continuous (especially on discrete score grids), its value at the boundary
points sy and s3; can have either sign; therefore Equation (A5) is stated with strict inequalities (off
the boundary). In particular, in discrete/grid settings Dx (s) can be exactly zero on a nontrivial
crossing interval s € (sy, sy ). Intuitively, deferring is harmful when the best available option is
already good (low s) but can be beneficial when the best available option is less attractive under the
baseline score (high s). The term “single-crossing” is used in monotone comparative statics [38];
here we adopt it as a sufficient-condition assumption on the conditional one-step defer advantage

Dx(s).

Toy Example (Waiting Value).

A simple motivation for monotonicity is to decompose the one-step defer advantage
as Dx(s) = Hx — Wx(s), where Hx > 0 is the one-step delay penalty and Wx(s) > 0 is
the expected value of waiting. If waiting becomes more valuable when the current best
option is worse (i.e., Wx (s) is non-decreasing in s), then Dx (s) is non-increasing, yielding
the single-crossing structure in Equation (A5).

Proposition A1 (Interpretive single-valley surrogate). Under the single-crossing assumption
for metric X, the surrogate X(6) is non-increasing for 0 < sy and non-decreasing for 6 > s, i.e.,
it exhibits a single-valley (stepwise, possibly with a flat minimum interval) dependence on 6. We
emphasize that this statement concerns the one-step surrogate, not the full deterministic multi-step
DAD-6 policy.

Proof. Follows directly from Equation (A3) and the sign pattern in Equation (A5). O
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Definition A1l (Jointly Improving Threshold; Surrogate). We call a threshold 0 jointly im-
proving for the surrogate if it improves both metrics relative to the baseline: T(0) < T(oo) and
M(6) < M(c0).

The above analysis is consistent with two empirical findings: (i) 8 sweeps often
show a single-valley sensitivity curve (Figures 6 and 7), and (ii) naive deferral patterns
(random/periodic) are not reliably beneficial, because they can defer even in low-score
regimes where Dx(s) > 0 (Appendix A.3).

Remark A2 (How to Empirically Probe Single-Crossing). Although counterfactual, Dx (s)
could be estimated via paired assign/defer interventions on bin-matched safety-inactive decision
points under our common-random-numbers protocol.

Appendix C. Deterministic Construction of Q for

To estimate the mean endpoint distance & in Equation (11) without using random num-
bers or future workload information, we construct Q deterministically from the map topol-
ogy. Let (e, ..., €/g|_1) be the task endpoints in a fixed order (row-major by coordinates in
our grid implementation). We use N, = min{16, |£|} anchors and set L = [2000/N,|. We
cap | Q| at 2000; multiple anchors spread the sampled pairs across the endpoint set, while L
targets a roughly even per-anchor contribution. The fixed prime 997 defines a deterministic
anchor-specific starting index, and subsequent striding by s fills in additional pairs. For
each k € {0,...,N, — 1}, choose an anchor uj = elklE|/N, | and then generate candidate
pair indices by cycling through

j < (997k) mod |£|,  j < (j+s) mod |€], s =max{1, [|€]/L]},

visiting at most |£| indices per anchor and adding the first L pairs (uy, ¢;) with e; # uy
(skipping unreachable pairs), stopping early if 2000 pairs have been collected.
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