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Abstract

Cooperative multi-agent reinforcement learning (MARL) benchmarks commonly
emphasize aggregate outcomes such as return, success rate, or completion time.
While essential, these metrics often fail to reveal how agents coordinate, particularly
in settings where agents, tasks, and joint assignment choices scale combinatori-
ally. We propose a coordination-aware evaluation perspective that supplements
return with process-level diagnostics. We instantiate this perspective using STAT, a
controlled commitment-constrained spatial task-allocation testbed that systemati-
cally varies agents, tasks, and environment size while holding observation access
and task rules fixed. We evaluate six representative value-based MARL methods
across varying levels of centralization. Our results show that similar return trends
can reflect distinct coordination mechanisms, including differences in redundant
assignment, assignment diversity, and task-completion efficiency. We find that in
commitment-constrained task allocation, performance under scale is shaped not
only by nominal action-space size, but also by assignment pressure, sparse decision
opportunities, and redundant choices among interdependent agents. Our findings
motivate coordination-aware evaluation as a necessary complement to return-based
benchmarking for cooperative MARLE]

1 Introduction

Cooperative multi-agent reinforcement learning (MARL) studies settings in which multiple agents
learn to act in a shared environment to optimize a common objective [5, [24]. In such systems,
performance depends not only on individual agents’ skills, but also on their ability to coordinate.
Agents must avoid redundant behavior, divide work effectively, and adapt to the actions of others.
As the number of agents, tasks, and available decisions grows, coordination becomes increasingly
difficult because the joint action space can scale combinatorially with these factors [23}[14]. In these
settings, aggregate reward alone may be insufficient to explain why a multi-agent system succeeds or
fails.

Most empirical evaluations of cooperative MARL rely primarily on outcome-level measures such as
return, success rate, or completion time to evaluate methods [[19} 28} 127,120} 33]]. These metrics are
essential for measuring task performance, but they provide limited visibility into the coordination
process that produces that performance. Two policies may obtain similar return while relying on
different interaction patterns, and conversely, a change in return may conflate poor coordination, inef-
ficient division of labor, under-utilization of agents, or domain-specific bottlenecks. This limitation
is especially important for benchmarks intended to evaluate scaling behavior, where increasing the
number of agents, tasks, or available choices may change not only task difficulty but also the structure
of coordination itself. This motivates a coordination-aware evaluation perspective, in which coopera-
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tive MARL benchmarks report process-level diagnostics that characterize how agents coordinate, in
addition to their achieved return.

Existing cooperative MARL benchmarks have driven substantial progress by standardizing algorithm
evaluation, including StarCraft micromanagement [28]], particle-world coordination tasks [19], level-
based foraging [9], and Overcooked-style collaboration [8]]. These benchmarks capture challenges
such as partial observability, communication, credit assignment, and collaborative planning. However,
there remains a need for controlled testbeds that isolate how coordination changes under systematic
combinatorial scaling, where the number of agents, tasks, and available joint actions increase while
task rules and observation access remain fixed.

We study this issue through commitment-constrained spatial task allocation, a problem class with
roots in multi-robot task allocation, spatially distributed planning, and spatial crowdsourcing [13}
10} 13, 35]]. In this setting, agents assign themselves to spatially distributed tasks and commit to
completing them over time. This induces structured combinatorial coordination, as assignment
choices interact across agents, and commitment makes the effective action space state-dependent.
To instantiate this evaluation perspective, we use STAT PO
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Our contributions are as follows:

* We motivate coordination-aware evaluation for cooperative MARL under combinatorial
scaling, emphasizing process-level diagnostics beyond return.

* We instantiate this evaluation perspective in STAT, a controlled commitment-constrained
spatial task-allocation testbed that supports systematic scaling over agents, tasks, and
environment size while holding observation access and task rules fixed.

* We define task-allocation-specific process diagnostics that capture redundant assignment,
allocation quality, and task-completion efficiency, including conflict rate, conflicts per task,
per-agent assignment diversity, and task throughput.

* We provide an empirical comparison of MARL methods across varying levels of training
and execution centralization regimes, showing that return can obscure distinct coordination
failure modes as agents, tasks, and spatial scale increase.

2 Related Work

Coordination-Aware Evaluation. Prior work has recognized that aggregate performance does
not fully characterize multi-agent coordination. The broader multi-agent systems literature has
proposed coordination-specific measures for complex team behavior [21], while MARL work has
studied behavioral diagnostics such as role diversity [15] and agent-level coordination measures
[37]. Related work in human-AI and human-team collaboration similarly shows that high reward
or team score do not imply effective cooperation, motivating interaction-level measures such as
constructive interdependence, collaborative actions, and division of labor [4} [30]. While existing
work motivates evaluation protocols that measure coordination processes directly, rather than relying
solely on aggregate task outcomes, it does not focus on controlled benchmark evaluation under
systematic combinatorial scaling. We address this gap through spatial task allocation, a natural setting
for coordination-aware evaluation because agents must distribute themselves across shared tasks,



making redundant assignments and poor workload distribution directly measurable. We analyze how
these process metrics change as agents, tasks, and spatial extent are independently scaled.

Spatial Task Allocation Settings. Spatial task allocation has been studied across multi-agent
systems and robotics. This setting studies teams of agents servicing spatially distributed tasks, where
centralized planning becomes difficult as the number of agents and tasks grows [[10]. Other formu-
lations consider dynamic spatial and temporal constraints, including soft deadlines and sequential
execution requirements [3]. Related spatial crowdsourcing work studies analogous worker—task
matching problems under geographic constraints, often focusing on geographic partitioning, heteroge-
neous spatial data, or platform-mediated assignment [35, 17,138, [11]. Recent robotics and warehouse
work has also applied reinforcement learning to task allocation, including attention-based policies
for multi-robot warehouse task allocation and approaches that jointly address task allocation and
navigation [[1} 2]]. While existing work motivates spatial task allocation as an important coordina-
tion problem, it generally focuses on allocation algorithms, crowdsourcing objectives, or integrated
task-allocation and navigation systems. In contrast, we use spatial task allocation as a controlled
cooperative MARL setting for coordination-aware evaluation, with process-level diagnostics that
make assignment failures directly observable.

Cooperative MARL Benchmarks. Existing cooperative MARL benchmarks have enabled stan-
dardized evaluation across domains such as StarCraft micromanagement [28]], particle-world coordi-
nation [19]], level-based foraging [9], Overcooked-style collaboration [8], and warehouse coordination
[26]. These environments capture important challenges such as partial observability, communication,
credit assignment, collaborative planning, navigation, and domain-specific interaction dynamics.
However, their richness can also make coordination difficult to diagnose, as performance differences
may reflect coordination quality, but may also be affected by observability constraints, navigation
bottlenecks, sparse rewards, congestion, object manipulation, or domain-specific mechanics. We use
STAT as a controlled instantiation of this evaluation gap. It abstracts spatial task allocation into a
domain-general setting in which agents, tasks, and environment size can be systematically scaled
while task rules and observation access remain fixed. By isolating assignment coordination as the
dominant failure mode and making redundant assignments observable through process metrics, STAT
enables controlled analysis of coordination behavior beyond return. Table [2]in Appendix [B]compares
STAT with relevant cooperative MARL benchmarks.

3 Preliminaries

We model a cooperative MARL problem with n agents as a fully cooperative Markov game [18]].
It is defined by the tuple M = (S, A, P, R,~), where S is the global state space, A is the joint
action space, P(s;41 | s¢,aq) is the transition function, R(s;, a;) is the shared reward function, and
v € [0,1) is the discount factor. At each time step ¢, the environment is in state s; € S, each agent 4
selects an action a! € A;, and the resulting joint action is denoted by a; = (a}, ..., a?) € A. The
objective is to find a joint policy m = (1, ..., m,) that maximizes the expected discounted return,
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Equivalently, the optimal joint policy is given by 7* = arg max, J(m). The joint action space is
formed as the Cartesian product of individual agent action spaces: Ajoini = A1 x Az X -+ x A,
so that each joint action a; € A is a structured combination of individual agent actions. This
induces a combinatorial action space whose size grows exponentially with the number of agents:
| Aioine] = TT7_; |4;|. If all agents share the same action space size, i.e., |A;| = |Ajoca| for all 7,
then this simplifies to |A| = |Ajecal|™. This combinatorial growth makes learning and coordination
increasingly difficult, particularly when the value of one agent’s action depends strongly on the
simultaneous actions of others.
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4 Coordination-Aware Evaluation Design

We instantiate coordination-aware evaluation in a controlled commitment-constrained spatial task-
allocation setting. The design has three goals: (1) expose structured combinatorial scaling through



agents, tasks, and environment size, (2) isolate task-assignment coordination as the primary coor-
dination bottleneck by holding observation access fixed and abstracting away low-level collision
avoidance and path planning, and (3) support process-level diagnostics that reveal redundant assign-
ment, allocation quality, and task-completion efficiency beyond aggregate return. STAT provides the
testbed for this evaluation design.

4.1 Commitment-Constrained Spatial Task Allocation

Agents distribute themselves across spatially dis-

tributed tasks, commit to selected assignments, and A “ V 8 o
complete all tasks efficiently. This induces a structured =) L Comlecdiusk
combinatorial coordination problem, where each as- = o Ailile task
signment decision interacts with the choices of other - A N e
agents, while commitment makes the effective ac- -~ (= A

tion space state-dependent. As tasks are selected and
completed, the set of meaningful assignment choices  Fjgyre 2: Illustration of STAT. Agents start
shrinks. Thus, the challenge is not only the nominal 4t 4 fixed origin and must coordinate to com-
joint-action size, but whether agents make effective pjete spatially distributed tasks efficiently.
decisions at sparse, high-impact assignment points.

We use STAT, the Spatial Task Allocation Testbed, as a controlled environment for studying this
setting (Figure 2). STAT is not intended to reproduce the full complexity of any single application
domain. Instead, it isolates task-assignment coordination under controlled combinatorial scaling by
allowing the number of agents, number of tasks, and spatial extent to be varied while holding task
rules and observation access fixed. This makes STAT a testbed for examining whether return reflects
coordination quality or if process-level diagnostics are needed to interpret performance. We further
describe STAT in Section[5.1]

4.2 Process-Level Diagnostics

Coordination-aware evaluation requires metrics that characterize how agents produce a given return.
We therefore report task-performance metrics together with process-level diagnostics tailored to
STAT’s assignment structure. These diagnostics capture three important aspects of coordination in this
setting: redundant assignment, allocation quality, and task-completion efficiency. Figure [3]illustrates
the relationship between assignment conflicts and assignment diversity. Our task-performance
metric is mean return, which captures the cumulative reward achieved by a method. To characterize
coordination beyond return, we report total task assignment conflicts, conflict rate, conflicts per task,
assignment diversity, and task completion throughput. We report all metrics over five random seeds
using the mean and 95% confidence interval, following the evaluation protocol in Section[5.3]

Total task assignment conflicts. To measure redundant assignment, we count how many distinct
tasks are selected by more than one agent before conflict resolution. Let .S; denote the multiset of task
indices selected by agents at timestep ¢, where only task-selection actions are included. For each task
j>letny(j) = > s, 1[s = j] denote the number of agents that selected task j. The timestep-level

task assignment conflict count is K¢ =}, 1[n¢(j) > 1], and the episode-level total conflict count

is K = ZtH: 1 K, where H is the episode horizon (length). This metric captures the breadth of
redundant assignment. It counts the number of task identities experiencing conflict, but does not
consider the number of agents involved in each conflict.

Conflict rate. Because longer episodes create more opportunities for conflict, we also report a

timestep-normalized conflict rate, K10 = % Zf: 1 K. This measures the average number of task
assignment conflicts per timestep and helps distinguish methods that accumulate more conflicts
simply because episodes last longer from methods that generate conflicts more frequently.

Conflicts per task. To compare settings with different task counts, we normalize conflicts by the
number of tasks: This metric measures the density of conflict relative to the task set size, making
conflict behavior more comparable across task-scaling experiments.
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Figure 3: Illustration of the assignment-based process-level diagnostics used in this work. The top
row shows task selections at timestep ¢ before conflict resolution, and the bottom row shows the
retained assignments after conflict resolution. Task assignment conflicts count the number of tasks
selected by more than one agent before conflict resolution. Assignment diversity counts the number
of distinct task assignments retained after conflict resolution.

Assignment diversity. To complement conflict metrics, we measure how broadly the team generates
distinct new task assignments after conflict resolution. Let A; denote the set of final agent actions at
timestep ¢ after conflict resolution. Since task-selection actions are indexed as 3 + 7, corresponding to
selecting task j, we define timestep-level assignment diversity as Dy = |[{a —3:a € A, a > 3 }].

The episode-level assignment diversity is D = % Zf: 1 D¢. This metric counts distinct newly
retained task assignments at the current timestep. It does not measure all tasks currently being
pursued, since agents may already be moving toward or executing tasks selected earlier. Higher
values indicate the team more often produces diverse, non-redundant assignments at decision points.

Task completion throughput. We measure task-completion efficiency as the number of completed

tasks per timestep: p = w, where Mcompleted 18 the number of tasks completed by the end of
the episode. Throughput is not a pure conflict metric; rather, it helps distinguish poor assignment
coordination from slow completion due to spatial scale, travel time, or long commitment phases.

These diagnostics are related but not redundant. Total conflicts, conflict rate, and conflicts per task
capture redundant assignment before conflict resolution. Assignment diversity captures how broadly
the team produces distinct retained assignments after conflict resolution. Throughput captures whether
assignment decisions translate into completed tasks efficiently. Reporting these metrics together
helps distinguish whether a method fails because agents select the same tasks, fail to distribute work
broadly, or complete tasks slowly despite avoiding conflicts.

5 Experimental Setup And Analysis

5.1 STAT Environment and Commitment Structure

We use STAT to instantiate coordination-aware evaluation in commitment-constrained spatial task
allocation. Building on the victim-tagging environment introduced in prior work [6l [7]], STAT
abstracts the core agent-task assignment structure into a domain-general testbed where agents, tasks,
and environment size can be systematically varied while task rules and observation access remain fixed.
In STAT, all agents begin at a fixed origin and tasks are distributed across a 2D grid. The environment
is fully observable. The global state includes agent—task distance features, each agent’s current mode,
and task status variables indicating whether each task is available, assigned, or completed. We use full
observability to avoid conflating coordination failures with unequal information access, so differences
between methods primarily reflect how learning and action selection are structured across agents.



Table 1: STAT configurations used to evaluate controlled scaling behavior. The first three columns
define the controlled scaling axes, and the remaining columns report derived quantities that affect
assignment complexity and spatial density.

Problem Scale | # Agents | # Tasks | Environment Size | Timesteps for Training Task Density # Tasks per Agent | Task Choices/Agent # Joint Actions
(#T / env. area) (HT / #A) (#T) |A| = (#1)*4
3 6 5x3 2M 0.400 2.0 6 216
. 3 6 10 x 6 M 0.100 2.0 6 216
3 12 10 x 6 M 0.200 4.0 12 1,728
5 12 10 x 6 2M 0.200 24 12 248,832
5 25 25 x 15 20M 0.067 5.0 25 9,765,625
5 25 50 x 30 20M 0.017 5.0 25 9,765,625
Extreme 5 50 50 x 30 20M 0.033 10.0 50 312,500,000
5 100 50 x 30 20M 0.067 20.0 100 10,000,000,000
9 25 50 x 30 20M 0.017 278 25 3,814,697,265,625

Each agent has a discrete action space consisting of idle, move, execute task, and select task. The
select task action expands into one action for each currently selectable task. Agents are governed by a
finite-state commitment structure (Figure [5]in Appendix [B). After selecting a task, an agent becomes
committed to that assignment, moves toward the task until it is reached, executes the task for a fixed
number of timesteps, and then returns to select task mode if selectable tasks remain, or idle otherwise.
Thus, assignment decisions occur only at sparse decision points when agents are in select task mode,
making each assignment choice high-impact.

Action masking enforces this commitment structure. Invalid actions are removed according to the
agent’s current mode and task status. For example, an agent that has not reached its assigned task
cannot execute it, and an agent that is moving toward or executing a task cannot select a different task
until its current commitment is resolved. Completed or already assigned tasks are also removed from
the selectable task set. These masks remove invalid low-level choices so that the benchmark focuses
on the high-level coordination problem of distributing agents across tasks.

When multiple agents select the same task at the same assignment timestep, STAT applies retrospective
conflict resolution where the closest agent retains the assignment, while the others are forced to
idle. The selected task is then treated as assigned and is no longer selectable. This makes redundant
allocation observable as a process-level coordination failure. Conflict wastes assignment opportunities
and delays task completion, rather than only appearing indirectly through lower return. Under this
design, the assignment-level joint action space scales as m}'*, where m; is the number of currently
selectable tasks and n, is the number of agents currently in select task mode. The effective action
space is therefore state-dependent. As agents commit to tasks and as tasks become assigned or
completed, fewer assignment choices remain. Additional details and formulation are provided in

Appendix

5.2 Methods Evaluated

We evaluate representative value-based cooperative MARL methods as probes for coordination-aware
evaluation under scale. The methods span different assumptions about coordination. Centralized
Training with Centralized Execution (CTCE) methods can reason over joint decisions but scale
poorly, Decentralized Training with Decentralized Execution (DTDE) methods are scalable but do not
explicitly model inter-agent dependencies, and Centralized Training with Decentralized Execution
(CTDE) methods seek a middle ground. We include CTCE, CTDE, and DTDE approaches to test
how different training and execution structures affect process-level coordination diagnostics. These
include DQN [22], FDQN [7], VDN [31]], QMIX [27], QTRAN [29], and IQL [32]]. Additional
method details are in Appendix

5.3 Scaling Configurations and Evaluation Protocol

STAT supports controlled scaling along three axes: number of agents, number of tasks, and envi-
ronment size. Increasing the number of agents increases the number of simultaneous assignment
decisions, which can improve parallel task completion but also raises the risk of redundant allocation.
Increasing the number of tasks expands the assignment choice set and increases the number of
possible agent—task allocations. Increasing environment size changes the distance structure of the
problem, affecting travel time and task-completion efficiency.
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Figure 4: Coordination-aware scaling analysis. Each row isolates one scaling axis: (A) environment
size, (B) number of tasks, and (C) number of agents. Bars show mean changes across five seeds with
95% confidence intervals. Return alone gives an incomplete picture of scaling behavior.

We construct benchmark configurations by varying one axis at a time, allowing us to compare how
outcome-level performance and process-level diagnostics change under different forms of scale.
These controlled comparisons help distinguish whether performance changes are driven by spatial
efficiency, assignment pressure, or increased simultaneous decision-making. Table [I] summarizes
the nine STAT configurations used in our benchmark. The Baseline regime contains smaller settings
where most methods are expected to learn reasonable task-completion behavior, while the Extreme
regime creates substantially larger assignment spaces and stronger coordination demands. Standard
DQN is included only in the three smallest configurations because its fully centralized output layer
enumerates the joint action space and becomes computationally infeasible as the number of agents and
task choices increases. We therefore include DQN where tractable as a reference for unconstrained
centralized joint-action reasoning, but omit it from larger-scale comparisons.

To ensure a fair comparison across methods, we use the same training budget and evaluation protocol
within each regime. We train each method for 2 million environment timesteps on the Baseline
settings and 20 million environment timesteps on the Extreme settings. Each run uses one A100 GPU.
During training, we evaluate the current policy every 10,000 environment timesteps using 20 test
episodes. We run each method/configuration with five training seeds.

For each evaluation checkpoint, we record the task-performance, process-level coordination, and
computational-efficiency metrics deﬁned in Section .2] For metric X, we report the average at
checkpoint ¢ for experiment j as X; ; = i= 7P ZZ, Xi,4,j, where P = 20 is the number of test episodes
and X, ; ; denotes the value of metric X in the i- th test episode at checkpoint ¢ for experiment j.
Unless otherwise stated, reported curves and tables summarize performance across five seeds using
the mean and 95% confidence interval. Additional implementation and hyperparameter-tuning details
are provided in Appendix

5.4 Systematic Scaling Benchmark Analysis

We analyze coordination under three controlled scaling interventions: environment size, number of
tasks, and number of agents. Using matched configurations from the Baseline and Extreme regimes
in Table[I] we vary one axis at a time to separate changes driven by spatial efficiency, assignment
pressure, and simultaneous decision-making. Figure ] summarizes each scaling intervention using



the core metrics defined in Section[#.2] Table[T4]in Appendix [G]reports statistical significance and
direction for the changes across each setting. Additional supporting mechanism-level diagnostics,
computational efficiency, and exploratory COMA results and are reported in Appendix [H] Appendix [J}
and Appendix [K]respectively.

Scaling Environment Size: Increasing environment size primarily changes the spatial structure of
the problem. Agents must travel farther before completing tasks, so changes in return may reflect
task-completion efficiency, assignment coordination, or both. Figure[JA separates these effects. When
grid size increases, return and throughput decrease substantially. Per-agent assignment diversity
also decreases, indicating that agents generate fewer distinct new assignments per unit time. This
is expected because agents spend longer periods committed to movement or execution, reducing
how often they return to sparse assignment decision points. These trends show why return alone is
insufficient under spatial scaling. The decrease in return does not necessarily imply more redundant
assignment; the process-level diagnostics show that performance loss is largely associated with
lower throughput and fewer assignment opportunities. Meanwhile, conflict-rate changes are smaller
and may even decrease because agents have fewer opportunities to conflict. Together, throughput,
conflict rate, and per-agent assignment diversity distinguish spatial inefficiency from assignment-level
coordination failure.

Scaling Number of Tasks: Increasing the number of tasks expands each agent’s assignment choice
set and increases the number of possible agent—task allocations. This directly stresses combinatorial
assignment pressure. Figure @B shows that return generally increases as task count grows, since
additional tasks create more opportunities for reward. However, this outcome-level improvement
masks a simultaneous degradation in the coordination process: total conflicts also increase, indicating
that agents more often select overlapping tasks as the assignment space expands. The contrast is
most visible in the second extreme comparison, where task count increases from 50 to 100. Conflicts
continue to rise, but the return gains are smaller than in earlier task-scaling comparisons. This
suggests that adding tasks initially improves productivity by increasing the number of available
task-completion opportunities, but at larger scales the added coordination burden begins to offset
these gains. Thus, higher task count can make the benchmark look easier from return alone while
making the underlying assignment problem more coordination-limited. The normalized diagnostics
further clarify this behavior. Conflicts per task indicate whether contention grows relative to the size
of the task set, rather than only in absolute terms. In Figure @B, conflicts per task are mixed and
sometimes decrease, suggesting that some conflict growth is absorbed by the larger task set. However,
this does not mean coordination improves since total conflicts still rise, so agents accumulate more
redundant assignments overall. Per-agent assignment diversity changes only modestly, indicating
that agents do not consistently use the expanded task set to produce substantially broader division of
labor. These metrics show that higher return can coexist with increasing redundant assignment, and
at extreme task counts these coordination costs begin to limit further performance gains.

Scaling Number of Agents: Increasing the number of agents increases potential parallelism, but
also produces the largest combinatorial growth in the nominal joint action space. Agent scaling
therefore tests whether methods can convert additional team capacity into coordinated work, or
whether added decision-makers amplify redundant assignment. Figure 4|C shows that adding agents
does not uniformly improve performance. In the Baseline comparison, return decreases for several
methods, indicating that additional agents can hurt performance when the task load is not large
enough to offset the added coordination burden. In the Extreme comparison, return improves more
consistently because there are enough tasks for added agents to provide useful parallelism. However,
these gains are method-dependent, showing that additional agents help only when a method can
translate increased team capacity into coordinated assignments. The process-level diagnostics explain
this pattern. Conflict rate and conflicts per task increase under agent scaling, especially in the Baseline
comparison, showing that additional agents create more overlapping selections among the same task
set. Per-agent assignment diversity also decreases or changes only modestly, indicating that the added
agents do not necessarily produce proportionally broader division of labor. Thus, higher agent count
can increase parallel capacity while simultaneously reducing coordination efficiency.

These results show why return alone is insufficient for evaluating agent scaling. A higher-return
policy may still waste assignment opportunities through conflicts, while a lower-return policy may
fail because added agents amplify redundant decisions rather than useful parallelism. Conflict rate,
conflicts per task, and per-agent assignment diversity reveal whether additional agents improve
coordinated parallelism or simply increase simultaneous decision pressure.



6 Discussion and Conclusion

We present a coordination-aware evaluation perspective for cooperative MARL under combinatorial
scaling. Rather than evaluating methods only by aggregate return, we argue that benchmarks
should also report process-level diagnostics that reveal how agents coordinate. We instantiate this
perspective using STAT, a controlled commitment-constrained spatial task-allocation testbed that
supports systematic scaling over agents, tasks, and environment size while making assignment
conflicts, assignment diversity, and task-completion throughput directly observable.

The benchmark analysis supports three conclusions. First, return alone is insufficient for diagnosing
cooperative behavior under scale. Similar returns can correspond to different coordination efficiency,
measured in this benchmark through conflict rates, conflicts per task, assignment diversity, and
throughput. Second, performance becomes increasingly coordination-limited as problem complexity
grows. Environment-size scaling primarily reduces throughput and assignment opportunities, task
scaling increases absolute assignment conflict while eventually limiting return gains, and agent
scaling increases simultaneous decision pressure. These results show that scaling is governed not
only by nominal action-space size, but also by how methods handle assignment pressure, sparse
commitment decisions, and inter-agent dependence. Third, method structure shapes these failures.
Centralized or factorized reasoning can reduce redundant assignment when tractable, CTDE methods
remain scalable and competitive across settings, and independent learning is most vulnerable to
redundant assignment in highly interdependent settings (see more in Appendix [I). These findings
support coordination-aware evaluation for cooperative MARL and indicate that benchmarks should
evaluate not only what return agents achieve, but how agents coordinate to achieve it.

Limitations and Future Work. This work studies coordination-aware evaluation in a controlled
commitment-constrained spatial task-allocation setting. STAT intentionally holds observation access
and task rules fixed, abstracts away low-level collision avoidance and path planning, and isolates
assignment coordination as the primary coordination bottleneck. These choices make process-
level failures directly measurable, but they also limit the scope of the conclusions. STAT does not
capture partial observability, explicit communication, heterogeneous agent capabilities, stochastic task
arrivals, congestion, or richer movement dynamics. Future work could extend the same evaluation
protocol to controlled variants with these factors while preserving interpretable process diagnostics.
Another direction is to relax STAT’s action-masking and finite-state commitment structure, allowing
agents to learn when to replan, abandon commitments, or recover from inefficient choices.

Our empirical evaluation focuses primarily on value-based MARL methods spanning CTCE, CTDE,
and DTDE paradigms. These methods serve as useful probes for studying how training and execu-
tion structure affect coordination under scale, but they do not cover the full space of cooperative
MARL algorithms. Extending the evaluation to actor-critic, communication-based, transformer-based,
planning-learning hybrid, and combinatorial-action methods would provide a broader view of how dif-
ferent algorithmic families handle assignment pressure and sparse commitment decisions. Exploratory
COMA results are included in the appendix, but a more complete evaluation of policy-gradient and
on-policy methods remains important future work. Finally, applying the same process-level evaluation
lens to other cooperative MARL benchmarks would help determine which coordination diagnostics
generalize across domains and which are specific to commitment-constrained spatial task allocation.

Overall, this work highlights the importance of evaluating how cooperative agents coordinate, not
only what return they achieve. Coordination-aware diagnostics provide a more interpretable view of
failure modes under scale and can help future benchmarks distinguish task performance from the
coordination processes that produce it.
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A Code Release

We release the STAT environment together with executable training and evaluation code for all
methods considered in this paper. The release includes DQN and FDQN training/evaluation
scripts, PYMARL integration for IQL, VDN, QMIX, QTRAN, and COMA, smoke-test con-
figurations, and example commands for running methods on configurable STAT instances.
This artifact is intended to support reproducibility, executable verification, and future ex-
tensions of STAT with additional methods or environment variants. Code is available at
https://github.com/mariacardei/coordination_aware_MARL.

B STAT Environment Details

We provide additional details on STAT, the Spatial Task Allocation Testbed, used to instantiate
coordination-aware evaluation in commitment-constrained spatial task allocation. STAT generalizes
the victim-tagging environment used in prior work [7} 6] into a domain-general spatial task-allocation
testbed. Unlike the prior application-specific formulation, we use STAT to systematically vary agents,
tasks, and spatial extent, and to evaluate process-level coordination diagnostics under controlled
combinatorial scaling. STAT provides a controlled setting in which task rules and observation access
remain fixed while coordination pressure changes with scale.

B.1 Environment Parameters, State, and Observability

A STAT instance is specified by
E=(nm W H K, v,0Og),

where n is the number of agents, m is the number of tasks, W x H defines the spatial grid, K is
the number of timesteps required to execute a task after arrival, v is the agent movement speed, and
Or = {Ro,n, 5, a, Astep} denotes the reward parameters. In the current benchmark, agents and tasks
are homogeneous, but the same formulation can be extended to agent-specific speeds, task-specific
execution times, heterogeneous task requirements, or partial observability.

Let V' = {1,...,n} denote the set of agents and M = {1,...,m} denote the set of tasks. All agents
begin from a fixed origin, and tasks are spatially distributed across a 2D grid. At timestep ¢, agent
i € N has position x;(¢) € [0, W] x [0, H], mode g;(t), and current assignment g;(t) € M U {@}.
Each task j € M has a fixed location y; and status

z;j(t) € {AVAILABLE, ASSIGNED, COMPLETED}.

The team objective is to complete all tasks efficiently. An episode terminates when all tasks are
completed or when the environment reaches the maximum episode length.

We use a fully observable setting so that comparisons across training and execution paradigms are
not confounded by differences in information access. The global state includes agent—task distance
information, each agent’s current mode, and task status variables indicating whether each task is
available, assigned, or completed. Although STAT is fully observable in this benchmark, its structure
naturally supports partially observable variants in future work.

B.2 Action Space and Finite-State Commitment

Each agent has a discrete action space consisting of IDLE, MOVE, EXECUTE, and SELECT actions.
The SELECT action expands into one action for each task:

A; = {IDLE, MOVE, EXECUTE} U {SELECT(j) : j € M}.
Thus, the nominal action set has size 3 + m. The valid action set is state-dependent and is enforced
through action masking, as described in the next subsection.

Agents are governed by a finite-state commitment structure (Figure[5). We represent each agent’s
mode as
qi(t) € {IDLE, SELECT TASK, MOVE, EXECUTE TASK }.

The SELECT TASK mode is the decision mode in which an agent may choose among currently
selectable tasks. Once a task is selected and retained after conflict resolution, the agent becomes
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Figure 5: Finite-state commitment structure representing agent modes and valid transitions.

committed to that task and transitions to MOVE. The agent remains in MOVE while it advances toward
the assigned task. Once the assigned task is reached, the agent transitions to EXECUTE TASK, where
it remains for a fixed number of timesteps K until the task is completed. After execution, the agent
returns to SELECT TASK if incomplete selectable tasks remain, or transitions to IDLE if no selectable
tasks remain. If an agent loses conflict resolution after selecting a task, it transitions to IDLE for that
timestep.

This design makes STAT a commitment-constrained task-allocation problem. The nominal assignment
space is combinatorial, but the effective action space is state-dependent. As agents commit to tasks
and as tasks become assigned or completed, the set of selectable tasks decreases. Therefore, the
complexity of the assignment problem changes over the episode as early timesteps may contain many
feasible task assignments, while later timesteps contain fewer meaningful choices. This property
concentrates coordination pressure at sparse, high-impact decision points.

B.3 Action Masking and State-Dependent Assignment Complexity

STAT uses action masks to enforce the finite-state commitment structure and remove invalid actions.
Let V;(s;) C A; denote the valid action set for agent 7 in state s;. If agent ¢ is in SELECT TASK
mode, then its valid task-selection actions are V;(s;) = {SELECT(j) : z;(t) = AVAILABLE}. If
agent 7 is in MOVE mode and has not yet reached its assigned task, then the valid action set is
restricted to V;(s;) = {MOVE}. If agent ¢ is in EXECUTE TASK mode, then the valid action set is
restricted to V;(s;) = {EXECUTE}. If no selectable tasks remain, the valid action set is restricted to
V;(s¢) = {IDLE}. Completed or already assigned tasks are removed from the set of selectable task
actions.

The masking removes invalid low-level choices so that the benchmark focuses on the high-level
coordination problem of distributing agents across tasks. Without masking, a substantial part of the
learning problem would involve discovering which actions are invalid in each state. With masking,
the core challenge becomes whether agents make compatible assignment decisions when meaningful
choices are available.

At an assignment decision point, let m; be the number of selectable tasks and n; be the number of
agents currently in SELECT TASK mode. The effective assignment-level joint action space is

| Aassign (£)] = m;*.

Thus, the assignment space grows combinatorially with the number of agents simultaneously making
assignment decisions and the number of selectable tasks. Unlike settings with a fixed joint action
space, both m; and n, change throughout an episode. Tasks become assigned or completed, and
agents become temporarily committed to movement or execution. STAT therefore induces a state-
dependent combinatorial action space whose complexity generally decreases as tasks are assigned
and completed.
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B.4 Conflict Resolution

Multiple agents may select the same task at the same assignment timestep. STAT resolves these
assignment conflicts retrospectively. Let

S;j(t) = {i € N : a;(t) = SELECT(j)}
be the set of agents that select task j at timestep ¢. If |S;(¢)| > 1, the retained agent is

* () = in d(z;(t),y;
i*(j,t) arg min (z:(t), v5),

with ties broken deterministically by agent index. Agent i*(j, ) receives assignment g; (t) = 7,
while all other agents in S;(¢) \ {i*(j,t)} default to IDLE. The selected task is then marked as
ASSIGNED and is no longer available for future selection.

This conflict-resolution rule makes coordination failures explicit and measurable. In STAT, a conflict
is not only reflected indirectly through lower reward, it is an observable process-level event that reveals
redundant allocation. Agents that lose conflict resolution do not make progress during that timestep,
making redundant assignment costly through lost opportunity and delayed task completion. This
allows the benchmark to distinguish policies that achieve similar return but differ in how efficiently
they distribute agents across tasks.

B.5 Movement, Execution, and Abstractions

After an agent receives a task assignment, it moves toward the selected task. For an agent in MOVE
mode, the position update is

Ygi(t) — Ti (t)
d(xz (t)a Yg: (t)) ’
where d(-, -) denotes Euclidean distance. When the agent reaches the assigned task location, it enters

EXECUTING. After K execution timesteps, the task is marked COMPLETED, and the agent becomes
available to select another task if any remain.

zi(t +1) = z;(t) + min{v, d(xi(t), yg, 1)) }

STAT abstracts away explicit agent—agent collision dynamics and low-level path-planning constraints.
Agents move toward their assigned tasks without needing to solve a separate pathfinding problem.
This abstraction prevents collision avoidance or complex navigation from becoming the dominant
source of difficulty. The benchmark instead isolates spatial task-assignment coordination under
combinatorial scaling.

B.6 Reward Function

We use a fixed reward function across all STAT configurations to provide a consistent task objective
as problem complexity scales. Each agent ¢ € N receives an individual reward R;(t) at time ¢, and

the total team reward is
Rtotal(t) = Z Rl (t)
ieN
At each timestep, an agent receives a step penalty R; () = —Astep, unless it completes a task. When

an agent completes a task, it instead receives

’Rz(t) = Rb(t) (1 + odcompleted (t)) ’

where Teompleted (£) 18 the total number of tasks completed by time ¢, and « controls the progressive
bonus for cumulative task completion. The base reward decays with elapsed time:

steps;
ﬂ Y

where Ry is the initial base reward, 7 is the penalty applied at each decay interval, and 3 is the
interval length in timesteps. In our experiments, we set Ry = 30, n = 0.5, 8 = 10, a = 0.1, and
Astep = 1, following prior work [[7]. We keep these reward parameters fixed across all benchmark
settings so that methods optimize the same task objective.

RY(t) =Ry — 17 {
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Table 2: Relevant benchmarks for cooperative MARL evaluation. v/, v'*, and — denote direct support,
partial or configuration-dependent support, and not a primary focus, respectively.

Benchmark Systematic Built-in Process Isolated Coord. Sparse High-Impact Main Coordination Bottleneck
Combinatorial Scaling Metrics Failure Mode Decisions
SMAC [28 v - - - Decentralized micromanagement under partial observability
MPE [19 v - - - Particle-world coordination, communication, and competition
LBF [9 v v - - Cooperative foraging and capability matching
Overcooked [8 v v - - Collaborative planning and division of labor
RWARE (26 v v - - Warehouse routing, pickup, and delivery coordination
STAT (ours) ' ' v v Commitment-constrained spatial task assignment

B.7 Environment Scope

STAT has the broad structure of a grid-based cooperative task-allocation problem, making it relevant
to domains such as warehouse logistics, order fulfillment, delivery, victim tagging, and search and
rescue [25| (16} [7, [39]]. The current benchmark intentionally uses homogeneous agents, homoge-
neous tasks, full observability, and simplified movement. This controlled scope is chosen to isolate
structured combinatorial coordination without introducing additional confounds such as heteroge-
neous capabilities, partial observability, complex perception, collision avoidance, or domain-specific
execution mechanics.

These simplifications are also natural extension points. STAT could be extended to heterogeneous
agents by varying speed, specialization, or sensing capabilities; to heterogeneous tasks by varying
execution time, priority, or completion requirements; and to partially observable settings by restricting
each agent’s access to the global state. In this work, we keep these factors fixed so that the benchmark
specifically tests how coordination-aware metrics change as agents, tasks, and spatial scale are varied.

Table [2] compares STAT with commonly used cooperative MARL benchmarks along dimensions
central to coordination-aware evaluation under scale. Existing benchmarks provide rich testbeds
for cooperative behavior, while STAT is designed to complement them by isolating assignment
coordination and exposing process-level coordination failures that may be hidden by return, success
rate, win rate, or completion time alone.

C Methods Evaluated

Table 3: Comparison of algorithms across training schemes, including their descriptions, advantages,
limitations, and roles in the benchmark.

Method Training Scheme | Description Advantages Limi Role in Bench: k

DQN [22 CTCE Fully centralized Q-learning over the | No factorization assumptions; | Poor scalability due to exponential | Upper-bound baseline for full joint
full joint action space. fully expressive. joint action growth. reasoning.

FDQN (7 CTCE Centralized Q-learning with a factorized | Handles large combinatorial | Requires centralized execution; | Evaluates centralized control with
action representation. spaces; captures dependencies. | less scalable. structured action decomposition.

VDN [31 CTDE Decomposes the joint Q-value as the | Scalable; enables some coordi- | Cannot model agent interactions; | Tests the limits of additive factoriza-
sum of individual agent Q-values. nation via shared reward. assumes additivity / weak depen- | tion in structured settings.

dence.

QMIX [27 CTDE Learns a joint Q-function via monotonic | Captures limited dependencies; | Monotonic constraint restricts ex- | Evaluates coordination under con-
mixing of individual agent Q-values. strong empirical performance. | pressivity. strained interaction modeling.

QTRAN [29] | CTDE Learns an unconstrained joint Q- | More expressive; can model | Hard to train; unstable; higher op- | Tests whether greater expressivity im-
function with consistency constraints for | complex dependencies. timization complexity. proves performance in combinatorial
decentralized execution. settings.

IQL 32 DTDE Each agent learns an independent Q- | Simple, scalable, easy to imple- | Limited coordination; non- | Baseline for fully decentralized learn-
function using local observations. ment. stationarity; ignores d denci ing without dination.

We evaluate representative value-based cooperative MARL methods as probes for coordination-aware
evaluation under scale. The methods span different assumptions about coordination. Centralized
Training with Centralized Execution (CTCE) methods can reason over joint decisions but scale poorly,
Decentralized Training with Decentralized Execution (DTDE) methods are scalable but do not explic-
itly model inter-agent dependencies, and Centralized Training with Decentralized Execution (CTDE)
methods seek a middle ground [32, 31} 27, 29]. We include CTCE, CTDE, and DTDE approaches
to test how different training and execution structures affect process-level coordination diagnostics.
Table 3] summarizes the evaluated algorithms and their roles in the benchmark. Exploratory COMA
[12] results are reported in Appendix

Centralized Training and Centralized Execution In the CTCE paradigm, both learning and
action selection are performed centrally over the full multi-agent system. We employ a DQN and
FDQN.
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DQN. We extend Deep Q-Networks (DQN) [22]], originally proposed for single-agent reinforcement
learning, to a fully centralized multi-agent setting. Specifically, we formulate the full multi-agent
system as a single centralized learner over the global state and joint action space. A centralized
Q-network is then trained to estimate the value of each joint action for the full system state, enabling
direct reasoning over joint decisions without factorization assumptions, but scaling poorly as the size
of the joint action space grows exponentially with the number of agents.

FDQN. In Factorized Deep Q-Networks (FDQN) [[7]], the centralized joint action-value function is
learned using a factorized representation of the joint action space. This preserves centralized training
and execution while improving scalability relative to standard DQN, enabling more efficient learning
in structured combinatorial settings. We categorize FDQN as CTCE because its factorization is used
to represent a centralized joint value function rather than to enable decentralized action selection.

Centralized Training and Decentralized Execution In the CTDE paradigm, agents use centralized
or joint information during training but select actions independently at execution time. We leverage
VDN, QMIX, and QTRAN.

VDN. In Value Decomposition Networks (VDN) [31]], the joint action-value function is decomposed
as the sum of individual agent Q-functions. Each agent maintains its own utility network, and the
joint action-value function is trained using a DQN-style temporal-difference loss [22], with gradients
from the joint loss backpropagated to each agent’s network.

QMIX. In QMIX [_27], the joint action-value function is computed by a monotonic mixing network
that combines the individual agent Q-functions into a global Q-function. This extends VDN to more
complex settings while preserving decentralized execution, since the joint argmax is consistent with
the individual argmax actions of each agent. The model is trained using a DQN-style loss, with
gradients backpropagated through the mixing network to the individual agent utilities.

QTRAN. In QTRAN [29], the joint action-value function is learned using a more general factorization
that relaxes the monotonicity constraint imposed by QMIX. It introduces consistency constraints to
align a centralized joint Q-function with decentralized action selection, enabling a more expressive
representation of inter-agent dependencies while still supporting decentralized execution.

Decentralized Training and Decentralized Execution In the DTDE paradigm, each agent learns
independently and treats the other agents as part of the environment. We utilize IQL.

IQL. In Independent Q-Learning (IQL) [32], each agent learns a decentralized action-value function
conditioned only on its own state or observation. Each agent updates its Q-network independently
using a standard Q-learning objective [22]], without explicitly modeling the actions or policies of
other agents.

C1 COMA

We additionally evaluate COMA [[12] as an exploratory actor-critic baseline. COMA follows the
centralized training with decentralized execution (CTDE) paradigm, using a centralized critic to train
decentralized stochastic policies. Its critic estimates a counterfactual advantage for each agent by
comparing the value of the agent’s selected action to a baseline that marginalizes over that agent’s
alternative actions while holding the other agents’ actions fixed. This counterfactual baseline is
designed to address multi-agent credit assignment. Unlike the value-based methods emphasized in
the main benchmark, COMA is on-policy and optimizes stochastic policies, so we report its results as
exploratory and leave a broader evaluation of actor-critic methods to future work. COMA results are
reported in Appendix [K]

D Implementation and Hyperparameter Tuning

Implementation We implement VDN, QMIX, QTRAN, and IQL using PYMARL [28]], while
FDQN follows implementation in [7], and DQN is implemented as its non-factorized centralized
counterpart.

Hyperparameter Tuning We perform a controlled, lightweight hyperparameter search over two
optimization parameters: learning rate and e-decay fraction. For each algorithm, we evaluate
learning rates of 3 x 10~* and 103, and e-decay fractions of 0.2 and 0.4. Hyperparameter tuning is
performed on three representative problem scales: Small, Medium, and Large. For each algorithm and
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Table 4: Selected hyperparameters across representative benchmark settings. Small, Medium, and
Large denote representative tuning settings used to select hyperparameters for the full benchmark
suite. LR denotes learning rate, and e-decay denotes the fraction of training over which e is decayed.

Algorithm Small Medium Large
LR e-decay LR e-decay LR e-decay

DQN 0.0003 0.2 - - - -
FDQN 0.0003 0.2 0.001 0.2 0.0003 04
VDN 0.001 0.2 0.001 0.2 0.001 0.2
QMIX 0.001 0.2 0.001 0.4 0.001 04
QTRAN 0.001 0.2 0.001 0.4 0.001 04
IQL 0.001 0.2 0.001 0.4 0.001 0.2

representative setting, we select the hyperparameter configuration that maximizes mean evaluation
return over the final 20% of evaluation checkpoints, averaged across training seeds. This criterion
emphasizes stable late-stage evaluation performance rather than transient peaks during training. When
multiple configurations produce similar final return, we break ties using average return over the full
training trajectory, favoring stability and sample efficiency.

The hyperparameters selected from the Small setting are used for experiments with 3 agents, those
selected from the Medium setting are used for experiments with 5 agents and environment sizes
smaller than 50 x 30, and those selected from the Large setting are used for experiments with
environment size 50 x 30. For DQN, it was only computationally feasible to run the first three
experiments with 3 agents. This strategy adapts hyperparameters to broad changes in problem scale
while avoiding per-configuration overfitting and maintaining a consistent evaluation protocol across
the benchmark.

E Full Learning Curves

For each STAT configuration, we plot evaluation return together with process-level diagnostics over
training. Baseline experiments are in Figure[6]and Extreme experiments are in Figure[7} These curves
show how performance, redundant assignment, and allocation breadth evolve as learning progresses.
As Extreme experiments

F Full Per-Environment Results

We report the full per-environment numerical results supporting the main benchmark analysis. These
tables report the absolute final or peak performance of each method in every STAT configuration.
Table [5|reports final return, Table []reports maximum return and the timestep at which it is attained,
Table [7] reports final conflict rate, Table [§] reports conflicts per task, Table [9] reports per-agent
assignment diversity, and Table[I0|reports task throughput.

For each table, values are reported as mean + 95% confidence interval over five seeds. Bold indicates
the best method for a configuration, and  indicates methods that are not statistically significantly
different from the best according to Welch’s two-sample ¢-test at & = 0.05 [34]]. For return, maximum
return, per-agent assignment diversity, and task throughput, higher values are better. For conflict rate
and conflicts per task, lower values are better.

Together, these tables show that outcome-level performance and coordination behavior do not always
move together. Methods with similar final or maximum return can differ substantially in conflict rate,
conflicts per task, and assignment diversity, especially in larger task-allocation settings. This supports
the notion that return-based comparisons are incomplete without process-level diagnostics.

Figure 9] provides a different compact visual summary of the full benchmark. The heatmaps are
intended as an overview of absolute metric values across methods and configurations. They show
that return, conflict rate, per-agent assignment diversity, and throughput capture different aspects of
behavior. In particular, methods that are close in return can still differ substantially in conflict rate
and assignment diversity, reinforcing the need for process-level diagnostics.
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Figure 6: Learning curves for Baseline STAT configurations. Curves show mean evaluation per-
formance across five seeds, with shaded regions denoting 95% confidence intervals. We report
episodic return as the outcome-level metric and conflict rate, and per-agent assignment diversity as
process-level diagnostics.

Table 5: Final return over 5 seeds, reported as mean = 95% CI. Higher is better. Bold indicates the
best method and T indicates methods not significantly different from the best at o« = 0.05.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 215.05 + 0.7 214.97 £ 0.7 214.59 + 1.11 215.06 + 0.4 212.31 £ 1.0 211.73 £ 1.4
3A-6T-10x6 199.94 + 1.4 199.87 +0.7% 199.76 + 0.87 199.61 + 0.8f 196.90 + 1.5 195.52+0.7
3A-12T-10x6 504.20 + 2.5 499.72 +22 499.14 + 2.6 502.07 + 3.7° 495.87 + 3.4 496.29 + 1.9
5A-12T-10x6 - 503.68 + 2.5 501.31 + 3.2F 500.11 +2.2 492.66 + 1.8 487.81 +3.0
5A-25T-25x15 - 1263.87 + 14.21 1266.00 + 5.3 1261.98 + 8.51 1248.17 + 7.9 124552 + 5.4
5A-25T-50x30 - 857.58 & 32.51 866.90 + 26.3 856.06 + 17.11 853.16 & 16.91 854.01 +9.0°
5A-50T-50x30 - 2697.84 +19.6  2666.88 +46.61  2664.23 +66.7"  2648.79 = 52.41 267491 + 35.8"
5A-100T-50x30 - 6075.01 + 198.87  5892.01 + 185.17  5934.09 + 207.37  6144.00 + 268.8 6122.33 + 182.57

9A-25T-50x30

- 909.51 £ 28.6

909.08 + 21.17

902.58 + 23.6

888.71 & 25.61

872.16 £ 11.6

G Scaling Significance Tests

Table[T4] (sideways, at the end) reports statistical tests for the controlled scaling comparisons shown
in Figure E} For each method, comparison, and metric, we test whether the change between con-
figurations is statistically significant using Welch’s two-sample ¢-test at o = 0.05 [34]. The table
reports the direction of change and whether the effect is significant. The purpose of this table is to
provide statistical support for the scaling-induced changes discussed in the main paper (Section[5.4).
Significant differences indicate that the observed effects are consistent across seeds rather than being
driven only by random variation, supporting the interpretation that scaling changes coordination
behavior and overall performance in measurable ways.

19



A) Episodic Return B) Conflict Rate C) Per-Agent Assignment Diversity

5o 0.10 20066
£ o055
= 1270 0.08 a
El H E 0,064
£ 1260 2 006 2
2 g £0.063
i) 5A 25T 25x15 2250 E H
2 Goo4 AN A NN NSNS < 0,062
& ]
1240 rod Boser
002{ / o)
1230 ! £ 0,060
00 5 10 pg 20 00 05 10 5 20
Environment Timesteps le7 Environment Timesteps 1e7
2:0.037
900 0.04 Z
2
880 30036
El 2003 =
& 860 4 2
2 2 0035
ii) 5A 25T 50x30 Z o gom 2
£ 8§ MMWW«\ <
820 001y Euu 034
r B
800 000 &
000 025 050 075 100 125 150 175 200 00 05 0 s 20 00 05 0 s 20
Environment Timesteps 1e7 Environment Timesteps le7 Environment Timesteps le7
20,0390
750 0030 %
g
g
0.025 A 00385
£ 2700 ) =
5 vl £ 0020 ]
& YR o) A S £ 0030
g 2 A = 0015 8
iii) 5A 50T 50x30 g 2650 i E Z
E C 0.010 W"’m«“ = 00375
5
2600 oas] e <
A 5 0.0370
0,000 =
00 ¥ 0 5 2 00 0 s 2 00 05 0 s 20
Environment Timesteps 1e7 Environment Timesteps 1e7 Environment Timesteps Ie7
6300 0025 Zoo410
6200 2
E 0.020- 3 0.0405
5 2 <
26100 g g
< a4 i N AV W A J | < o0is £ 00400
. 2 000y VARG ! g s )
iv) SA 100T 50x30 ] WA q N E % oos0s| IVNIAARMAARA VAN pmAmAMY
25900 S 0.010 200395 |
s S z
= g
5800 0.00. e[ 200390
P ans M
5700 0.000 B 0.0385
00 5 0 1 2 00 05 0 T 20 00 1 T 20
Environment Timesteps 17 Environment Timesteps 1e7 Environment Timesteps 1e7
940 0.12 2z
920 s
. 010 Z 0030
EES W A Zoos g
o 5 £,0.029
2 880 3
v) 9A 25T 50x30 2 "é"m’ Adi Z
2 PSSR VNN
v/
860 “ o0 oV Eoons
3
840 0o2| ¥ g
&
0.027
000 025 050 075 100 125 150 175 200 00 05 0 s 20 00 05 0 s 20
Environment Timesteps 1e7 Environment Timesteps Ie7 Environment Timesteps 1e7

® FDON ® VDN ® QMIX ® QTRAN @ oL

Figure 7: Learning curves for Extreme STAT configurations. Curves show mean evaluation perfor-
mance across five seeds, with shaded regions denoting 95% confidence intervals. Return summarizes
task performance, while conflict rate and per-agent assignment diversity summarize coordination
behavior over training.

H Computational Efficiency

We report computational efficiency as an important context for interpreting scalability. A method
that reduces coordination failures may still be impractical if it scales poorly with the nominal joint
action space. Conversely, a method may remain computationally tractable while still producing poor
coordination. We therefore report both wall-clock training time and training throughput.

Table[TT]reports wall-clock training time in hours, and Table[T2)reports average environment timesteps
per second. Standard centralized DQN is evaluated only in the three smallest configurations because it
explicitly represents values over the full joint action space. Although DQN is tractable in the smallest
settings, its throughput drops sharply as the centralized joint-action output grows, making it infeasible
for larger configurations. FDQN avoids this failure mode through a factorized centralized action
representation and remains tractable across the full benchmark. It achieves the lowest wall-clock
training time in all configurations where it is evaluated, often requiring less than half the training time
of the CTDE and DTDE methods in the Extreme settings. This indicates that factorized centralized
representations can provide practical scalability benefits in this testbed.

The PyMARL-based CTDE and DTDE methods have broadly similar computational profiles. Their
throughput remains relatively stable across many configurations, but wall-clock time increases
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Figure 8: Full benchmark overview across STAT configurations. Final return summarizes task
performance, while conflict rate and per-agent assignment diversity summarize coordination behavior.
Methods with similar return can exhibit substantially different conflict rates and assignment diversity.

Table 6: Maximum return over 5 seeds, reported as mean £ 95% CI. Higher is better. Bold indicates
the best method and ' indicates methods not significantly different from the best at & = 0.05. Peak
Step denotes the median earliest evaluation timestep at which a seed attains its maximum reward.

Training Paradigm DTDE CTDE CTCE

Methods QL VDN QMIX QTRAN FDQN DQN
Environments/Metrics Max Reward Peak Step Max Reward  Peak Step  Max Reward  Peak Step  Max Reward  Peak Step  Max Reward  Peak Step  Max Reward  Peak Step
3A-6T-5x3 215.79 £ 0.5 1.21M 215.59 + 0.6 1.92M 21532 + 1.0 1.05M 215.70 + 0.6" 1.56M 213.61 £ 0.7 1.60M 21273 + 1.6 1.52M
3A-6T-10x6 201.02 £+ 1.1 1.81M 200.86 + 1.11 1.60M 200.53 + 0.7F 1.66M 200.62 £ 0.97 1.68M 198.53 + 1.3 1.69M 196.99 + 1.1 831k
3A-12T-10x6 507.05+22  187M  S0383+131  127M 50222300 152M 50424 +£157  197M  498.92+30 152M 500.54 + 0.8 1.24M
S5A-12T-10x6 - - 505.74 + 2.1 1.80M 503.09 + 1.6 1.75M 502,72 + 1.57 1.89M 496.26 + 1.0 1.50M 493.13 + 1.8 871k
5A-25T-25x15 - - 1289.77 + 6.9 10.65M 1288.83 +9.11 12.50M 1285.16 + 11.5 16.14M 1271.63 + 7.91 3.7IM 1271.69 + 7.1 3.04M
5A-25T-50x30 - - 91141 +168  69IM 906981597  1844M 906911111 793M  887.67+219  1183M  89948+155"  10.13M
5A-50T-50x30 - - 2818.90 + 17.1 8.83M 2785.10 + 44.97 5.02M 2789.98 + 40.5" 14.95M 2784.33 + 4531 39IM 2791.03 + 35.6 17.78M
5A-100T-50x30 - - 6521.22 + 71.3 1221M 6510.74 + 80.67 12.88M 6442.63 + 49.6" 1.99M 6441.12 + 86.17 4.23M 6497.27 + 122.11 11.61M
9A-25T-50x30 - - 94L14+19.0  1149M 93769+ 1347  1599M 93890+ 1811  17.08M  92598+206'  8I3M  91126=17.6  7.78M

substantially in the Extreme regime due to the larger training budget and more expensive environment
dynamics.

I Additional Method-Level Observations

Our main analysis focuses on scaling-induced changes. Here, we summarize additional method-level
patterns observed across the full set of STAT configurations. These observations are intended to
provide additional context for the main results.

Centralized Training Centralized Execution Methods. The centralized methods illustrate the
trade-off between joint-action reasoning and computational tractability. Standard DQN performs
competitively in the smallest configurations, where explicit centralized joint-action reasoning remains
feasible. However, it becomes infeasible beyond the three smallest settings because its output
layer enumerates the full joint action space. FDQN avoids this failure mode through a factorized
centralized representation and remains tractable across the full benchmark. Across the full results,
FDQN often achieves low conflict rates and strong task performance, suggesting that structured
centralized representations can reduce redundant assignment when the joint-action representation
remains scalable.

Centralized Training Decentralized Execution Methods. The CTDE methods, including VDN,
QMIX, and QTRAN, remain tractable across all configurations and generally achieve competitive
return under scale. This makes them useful references for studying the coordination—scalability trade-
off. However, their process-level diagnostics reveal that comparable return does not necessarily imply
comparable coordination quality. In several configurations, CTDE methods remain competitive in
return while exhibiting higher conflict rates or lower per-agent assignment diversity than the strongest
centralized or factorized approaches. This supports the notion that return-based comparisons alone
can obscure differences in redundant assignment and allocation behavior.
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Table 7: Final conflict rate over 5 seeds, reported as mean 4+ 95% CI. Lower is better. Bold indicates
the best method and T indicates methods not significantly different from the best at & = 0.05.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 0.0210 £ 0.0161  0.0341 £ 0.01517  0.0329 + 0.0156"  0.0273 £ 0.0125"  0.1080 + 0.0315  0.1494 + 0.0488
3A-6T-10x6 0.0114 £ 0.0107  0.0307 £ 0.0195"  0.0356 + 0.0128  0.0305 £ 0.0121  0.0719 +0.0174  0.1237 +0.0118
3A-12T-10x6 0.0349 £ 0.0150  0.0404 + 0.00907  0.0637 +0.0150  0.0568 £ 0.0142  0.0733 +0.0132  0.0924 + 0.0062
5A-12T-10x6 - 0.0975 + 0.0153  0.1325 +0.0209  0.1405 £ 0.0192  0.2131 £ 0.0314  0.2426 + 0.0197
5A-25T-25x15 - 0.0420 + 0.0023  0.0567 +0.0053  0.0518 +0.0060  0.0773 + 0.0033  0.0859 + 0.0045
5A-25T-50x30 - 0.0132 + 0.0038  0.0214 +0.0033  0.0223 +0.0026  0.0314 +0.0014  0.0412 + 0.0046
5A-50T-50x30 - 0.0096 + 0.0011  0.0189 +0.0034  0.0191 +0.0021  0.0253 + 0.0036  0.0295 + 0.0012
5A-100T-50x30 - 0.0048 + 0.0011  0.0200 + 0.0020  0.0155 £ 0.0043  0.0206 + 0.0024  0.0246 + 0.0020
9A-25T-50x30 - 0.0465 + 0.0124  0.0715+£0.0051  0.0699 + 0.0107  0.0889 + 0.0073  0.1138 + 0.0056

Table 8: Final conflicts per task over 5 seeds, reported as mean + 95% CI. Lower is better. Bold
indicates the best method and T indicates methods not significantly different from the best at v = 0.05.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 0.0417 £ 0.0327  0.0683 + 0.03221  0.0667 +0.0335T  0.0550 £ 0.02607  0.2367 + 0.0704  0.3367 + 0.1201
3A-6T-10x6 0.0333 + 0.0319  0.0900 + 0.0573"  0.1050 +0.0391  0.0900 4+ 0.0369  0.2233 + 0.0564  0.3950 + 0.0324
3A-12T-10x6 0.0925 + 0.0383  0.1108 £ 0.0244"  0.1767 £ 0.0418  0.1542 £ 0.0396  0.2075 + 0.0336  0.2608 + 0.0209
5A-12T-10x6 - 0.1808 + 0.0326 0.2458 + 0.0425 0.2650 4+ 0.0376  0.4233 4+ 0.0586  0.4992 + 0.0270
5A-25T-25x15 - 0.1324 + 0.0101 0.1780 £ 0.0167 0.1652 + 0.0185  0.2504 £+ 0.0107  0.2800 = 0.0139
5A-25T-50x30 - 0.0760 + 0.0232 0.1216 + 0.0156 0.1284 +0.0166  0.1812 +0.0091  0.2368 + 0.0251
5A-50T-50x30 - 0.0504 + 0.0054  0.1000 + 0.0178  0.1010 + 0.0120  0.1340 + 0.0184  0.1558 + 0.0083
5A-100T-50x30 - 0.0242 + 0.0055  0.0987 + 0.0095  0.0765 + 0.0208  0.1004 + 0.0105  0.1209 + 0.0098
9A-25T-50x30 - 0.1756 + 0.0493  0.2672 +0.0155  0.2672 + 0.0384  0.3360 + 0.0248  0.4408 + 0.0144

Decentralized Training Decentralized Execution Methods. IQL provides a decentralized base-
line for testing how independent learning behaves under assignment interdependence. Across many
configurations, IQL exhibits higher conflict rates than the more centralized or CTDE methods, indi-
cating that independent learners are more vulnerable to overlapping task selections when assignment
decisions are coupled across agents. In some high task-to-agent-ratio settings, IQL remains com-
petitive in return because many reward opportunities are available, but its conflict metrics indicate
that this performance can coexist with poorer coordination. This again illustrates why process-level
diagnostics are needed alongside aggregate return.

Overall, these method-level observations complement the controlled scaling analysis in Section
[5.4] The results suggest that method structure affects how coordination failures appear under scale.
Explicit or factorized centralized reasoning can reduce redundant assignment when tractable, CTDE
methods remain scalable and competitive across configurations, and independent learning is more
vulnerable to redundant assignment when task choices are strongly interdependent.

J Additional Process Diagnostics

Our main set of process-level diagnostics (Section[4.2)) are directly interpretable across scaling axes:
return, conflict rate, conflicts per task, per-agent assignment diversity, and throughput. Here, we report
additional mechanism-level diagnostics that provide finer detail about how coordination failures arise
within STAT’s commitment-constrained decision structure.

These diagnostics are useful because assignment decisions in STAT occur only at sparse decision
points, separated by movement and execution phases. As a result, changes in raw conflict or
assignment diversity can arise either because coordination quality changes, or simply because the
number of agents simultaneously available to make assignment decisions changes. The metrics below
help disentangle these effects.

Forced idle rate measures the agent-level cost of conflict resolution. When multiple agents select the
same task, one agent retains the assignment and the others are forced to idle for that timestep. We
compute this as the number of forced-idle agents per episode timestep, providing a measure of how
redundant assignments reduce usable team capacity.

Decision-active agent fraction measures the average fraction of agents that are at meaningful
assignment decision points rather than committed to deterministic movement or task execution.
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Table 9: Final per-agent assignment diversity over 5 seeds, reported as mean £ 95% CI. Higher is
better. Bold indicates the best method and T indicates methods not significantly different from the
best at o = 0.05.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 22754 0.1347 2324 +£0.152  1.092 £ 0.034 1.086 4+ 0.044 0.906 + 0.098 0.804 & 0.143
3A-6T-10x6 2.565 4+ 0.269 2.328 +0.299"  1.062 +0.036 1.084 +0.036 0.9254+0.073 0.735+0.014
3A-12T-10x6 1.316 + 0.064  1.303 +0.042F 0913 4+0.049 0.925+0.042 0.829 +0.026 0.804 + 0.023
5A-12T-10x6 - 1.461 £ 0.086 0.842 4+ 0.043 0.802 +0.038 0.652 £ 0.061 0.526 £ 0.008
5A-25T-25x15 - 1.093 £ 0.023 0.859 +0.014 0.837 +0.037 0.732 £0.021 0.681 £ 0.009
5A-25T-50x30 - 1.183 £ 0.031 0.890 &+ 0.028 0.855 +0.038 0.776 £ 0.009 0.699 + 0.016
5A-50T-50x30 - 1.070 + 0.008 0.886 4 0.028 0.881 +0.030 0.825 +0.023  0.799 + 0.007
5A-100T-50x30 - 1.036 £ 0.007 0.875 4+ 0.010 0.907 +0.033 0.873 £0.011 0.851 £ 0.008
9A-25T-50x30 - 1.222 £ 0.126  0.668 & 0.036  0.663 + 0.055 0.554 +£0.033  0.397 £ 0.004

Table 10: Final task throughput over 5 seeds, reported as mean & 95% CI. Higher is better. Bold
indicates the best method and T indicates methods not significantly different from the best at v = 0.05.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 0.5052 + 0.0128  0.5015 + 0.0148"  0.4965 + 0.01497  0.4981 £ 0.0111T  0.4568 + 0.0112  0.4468 + 0.0170
3A-6T-10x6 0.3467 + 0.0133  0.3404 + 0.0067"  0.3399 + 0.0082  0.3400 + 0.0071T  0.3224 4 0.0109  0.3130 + 0.0097
3A-12T-10x6 0.3760 + 0.0103  0.3643 +0.0082  0.3605 4 0.0055  0.3693 + 0.0150T  0.3529 4 0.0099  0.3545 + 0.0068
5A-12T-10x6 - 0.5406 + 0.0194  0.5398 & 0.01441  0.5305 £ 0.0150"  0.5030 £ 0.0086  0.4857 +0.0154
5A-25T-25x15 - 0.3176 +0.0078"  0.3183 +0.0030  0.3137 +0.0053"  0.3087 £ 0.0053  0.3067 + 0.0037
5A-25T-50x30 - 0.1741 +0.00691  0.1754 + 0.0063  0.1738 4 0.0028"  0.1733 + 0.00197  0.1738 4 0.0038"
5A-50T-50x30 - 0.1899 + 0.0019  0.1890 + 0.00297  0.1888 4 0.0036"  0.1886 + 0.00297  0.1894 + 0.0035"
5A-100T-50x30 - 0.1982 4+ 0.0033  0.2024 + 0.0013"  0.2025 + 0.00157  0.2048 + 0.0025  0.2037 & 0.0013"
9A-25T-50x30 - 0.2656 + 0.0093"  0.2676 + 0.0064  0.2615 + 0.0045"  0.2646 & 0.0093"  0.2582 + 0.0054

Conflicts per decision opportunity measures conflicts relative to the amount of assignment decision
activity in an episode. We define decision opportunities as the average number of decision-active
agents multiplied by episode length, and divide total conflicts by this quantity.

Assignment diversity per decision-active agent measures how many distinct task assignments
are produced per decision-active agent, normalizing assignment diversity by the number of agents
actually available to make assignment decisions.

Figure [I0] provides mechanism-level context for the main scaling results. Under environment-size
scaling, the most consistent pattern is a decrease in decision-active agent fraction across methods, for
both the baseline and extreme environment-size comparisons. This indicates that, as the environment
becomes larger while the number of agents and tasks is held fixed, agents spend a smaller fraction
of episode time at assignment decision points and a larger fraction of time committed to movement
or task execution. Forced idle rate generally decreases or remains close to zero, suggesting that
larger environments do not increase the agent-level cost of conflict resolution and may reduce
direct assignment contention for several methods. Changes in conflicts per decision opportunity
are comparatively small and mixed, with uncertainty intervals often overlapping zero, indicating
limited evidence that spatial scaling substantially worsens coordination quality per available decision
opportunity. Assignment diversity per decision-active agent is also mostly stable, aside from a larger
positive change for DQN in the Baseline comparison, suggesting that the main effect of environment-
size scaling is reduced opportunity for reassignment rather than a broad collapse in assignment quality
once agents become decision-active.

Under task scaling, the diagnostics show that adding tasks changes both assignment availability
and per-opportunity allocation behavior. In the Baseline comparison, decision-active agent frac-
tion increases most strongly for DQN and FDQN, with smaller or near-zero changes for several
CTDE methods and IQL. This suggests that additional tasks can keep some agents at assignment
decision points more often, but the effect is method-dependent rather than uniform. At the same time,
assignment diversity per decision-active agent drops sharply for DQN and FDQN in the Baseline
comparison, indicating that more decision activity does not necessarily translate into more distinct
assignments per active decision-maker. For the larger task-scaling comparisons, changes in assign-
ment diversity are much smaller and often near zero. Conflicts per decision opportunity are mixed
across methods and scaling regimes, with several uncertainty intervals overlapping zero. Forced idle
rate also varies by method, increasing for some methods and decreasing for others, with the clearest
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Figure 9: Full benchmark overview across STAT configurations. Each heatmap reports the final
evaluation metric averaged over five seeds. Final return summarizes task performance, conflict
rate measures redundant assignment frequency, per-agent assignment diversity measures allocation

breadth, and task throughput measures completion efficiency.

Table 11: Wall-clock training time across STAT configurations, reported in hours as mean £ 95%
CI over five seeds. Lower is better. — indicates that the method was not evaluated because it was
computationally infeasible.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 1.874+0.15 091 +0.02 293+1.09 2.62+022 2744+0.64 2.334+0.04
3A-6T-10x6 1.84+0.12 1.00£0.09 270+0.72 2254+0.04 2424042 2274+0.12
3A-12T-10x6 345+0.03 0.86 £ 0.03 2.10+ 020 2.07+0.09 221+044 2.07+0.10
5A-12T-10x6 - 1.09+£0.02 2.21+0.07 241 +0.11 2.31+0.05 2.54 +0.52
5A-25T-25x15 - 11.22 £ 046 2942 +£0.68 30.69 £2.26 30.70+0.97 29.44 +0.57
5A-25T-50x30 - 1176 £ 041 2892 +£1.48 2891 +£043 2933+0.57 2894+0.87
5A-50T-50x30 - 13.68 £ 0.13 3225 +0.48 3254 +0.40 32.80+0.49 32.20+0.49
5A-100T-50x30 - 1777 £ 0.11 41.73+£0.70 4191 +0.53 42.03+0.69 41.43+0.70
9A-25T-50x30 - 16.01 £0.23 33.74 £2.85 33.69+0.96 33.38+0.71 33.13+0.70

decrease appearing for IQL in the larger task-scaling comparisons. Overall, task scaling expands
return and assignment opportunities, but these additional opportunities do not uniformly improve
per-decision coordination. Instead, results suggest that the effect of adding tasks depends strongly
on the learning method and on whether scaling occurs in the smaller Baseline regime or the larger
Extreme regimes.

Under agent scaling, the mechanism-level diagnostics show the clearest evidence of coordination
stress. Forced idle rate increases for all methods in both the Baseline and Extreme comparisons,
with especially large increases for QTRAN and IQL. This indicates that adding agents creates more
overlapping assignment attempts and more agents losing conflict resolution. Conflicts per decision
opportunity also generally increase, suggesting that the rise in conflict is not only a byproduct of
having more agents, but also reflects greater contention per unit of decision activity. Decision-active
agent fraction decreases slightly for FDQN, is near zero for VDN and QMIX, and increases most
clearly for QTRAN and IQL. Thus, adding agents does not uniformly change the fraction of agents
at meaningful assignment points. Assignment diversity per decision-active agent tends to decline
for most methods, especially in the extreme comparison, showing that added decision capacity is
not converted proportionally into distinct assignments. Together, these patterns support the main
conclusion that increasing the number of agents creates the strongest coordination pressure and that
additional team capacity is beneficial only when methods can translate it into distinct work.
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Table 12: Training throughput across STAT configurations, reported as environment timesteps per
second and averaged over five seeds with 95% CI. Higher is better. — indicates that the method was
not evaluated.

Training Paradigm CTCE CTDE DTDE
Environments/Methods DOQN FDQN VDN QMIX QTRAN IQL
3A-6T-5x3 30495 £84 65125+ 1.8 58528 +12.8 588.79+6.5 591.51+10.3 581.50+15.0
3A-6T-10x6 326.63 £ 3.1 698.67 +62.0 594.15+23.6 603.12+5.7 599.77 £ 8.9 584.02 +26.4
3A-12T-10x6 164.04 £1.9 70892 £17.9 595.63 £304 6051663 59236 £223 590.13 £26.3
5A-12T-10x6 - 556.31 £20.3  575.19+7.8 573.94 £ 4.0 569.53 £9.8 566.40 +23.3
5A-25T-25x15 - 526.52 £22.1 548.01 +4.3 54053 £11.4 539.69 + 6.8 54524 £53
5A-25T-50x30 - 515.07 £ 185 541.62£14.6 538.73+7.6 539.68 £9.3 539.20 £ 8.1
5A-50T-50x30 - 473.66 + 6.8 47220+ 7.0 46993 +£2.1 47272 £ 6.6 47141 +£7.5
5A-100T-50x30 - 421.39 £ 2.8 37549 £7.0 375.01 £5.7 377.34 £7.0 37693 £ 6.3
9A-25T-50x30 - 369.71 £5.7 48653 +£11.0 484.76 £5.1 487.88 £3.0 48553+ 6.5
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Figure 10: Additional mechanism-level scaling diagnostics. Each row isolates one controlled scaling
axis: (A) environment size, (B) number of tasks, and (C) number of agents. Bars show mean change
across five seeds with 95% confidence intervals. These metrics provide a more detailed view of
coordination behavior by accounting for agent availability and decision opportunity.

K Exploratory COMA Results

We additionally report exploratory COMA results using the same STAT evaluation protocol as the
main benchmark. Table @ shows the final metrics, including return, conflict rate, conflicts per task,
per-agent assignment diversity, and task throughput. COMA is an on-policy actor-critic method,
whereas the main benchmark focuses on value-based methods trained with replay. Because COMA
differs substantially in optimization procedure, exploration behavior, and hyperparameter sensitivity,
we treat these results as an initial actor-critic comparison rather than a definitive evaluation of
policy-gradient MARL methods.

This distinction is especially important in STAT because assignment decisions occur only at sparse,
high-impact decision points. Action masking and finite-state commitment create intervals in which
agents have limited meaningful choices, which may reduce the frequency of informative policy-
gradient updates for assignment coordination. As a result, COMA may require different tuning
choices, longer training budgets, or alternative actor-critic implementations to be fully competitive.
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The COMA results are included to broaden the empirical context of the benchmark, while the
main conclusions are drawn from the value-based methods evaluated consistently across all STAT
configurations. A more complete evaluation of actor-critic methods, including MAPPO [36] and
other on-policy approaches, is left for future work.

Table 13: Exploratory COMA results across STAT configurations. Values are reported as mean +
95% CI over five seeds. Final return and final task throughput are outcome and efficiency metrics,
while final conflict rate, final conflicts per task, and final per-agent assignment diversity characterize
coordination behavior.

Configuration Return Conflict Rate Conflicts per Task  Per-Agent Assignment Diversity Task Throughput
3A-6T-5x3 214.94 4+ 0.44 0.0278 £ 0.0155 0.055 4+ 0.031 0.169 + 0.002 0.505 % 0.007
3A-6T-10x6 198.66 £ 1.01 0.0562 £ 0.0305 0.170 £ 0.094 0.112 4+ 0.003 0.331 4 0.009
3A-12T-10x6 493.36 + 2.99 0.0963 £ 0.0119 0.278 4+ 0.036 0.117 £ 0.003 0.347 £+ 0.009
5A-12T-10x6 488.20 + 2.38 0.2510 4 0.0154 0.521 +0.031 0.097 + 0.001 0.482 £ 0.005
5A-25T-25x15 1248.35 +£13.82  0.0904 + 0.0082 0.292 + 0.026 0.063 + 0.002 0.310 £ 0.011
5A-25T-50x30 835.63 +9.23 0.0382 £ 0.0030 0.223 +0.017 0.035 + 0.001 0.171 4+ 0.003
5A-50T-50x30 2676.18 +-34.02  0.0303 & 0.0027 0.159 +0.011 0.038 + 0.001 0.190 + 0.004
5A-100T-50x30  6003.06 + 193.40  0.0248 4 0.0024 0.122 +0.011 0.040 + 0.000 0.203 & 0.001
9A-25T-50x30 853.51 +10.83  0.1050 + 0.0055 0.418 +0.021 0.028 + 0.000 0.251 £+ 0.002
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