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ABSTRACT

Cooperative multi-agent reinforcement learning (MARL) is typi-
cally framed as a decentralised partially observable Markov deci-
sion process (Dec-POMDP), a setting whose hardness stems from
two key challenges: partial observability and decentralised coordina-
tion. Genuinely solving such tasks requires Dec-POMDP reasoning,
where agents use history to infer hidden states and coordinate
based on local information. Yet it remains unclear whether popu-
lar benchmarks actually demand this reasoning or permit success
via simpler strategies. We introduce a diagnostic suite combining
statistically grounded performance comparisons and information-
theoretic probes to audit the behavioural complexity of baseline
policies (IPPO and MAPPO) across 37 scenarios spanning MPE,
SMAX, Overcooked, Hanabi, and MaBrax. Our diagnostics reveal
that success on these benchmarks rarely requires genuine Dec-
POMDP reasoning. Reactive policies match the performance of
memory-based agents in over half the scenarios, and emergent co-
ordination frequently relies on brittle, synchronous action coupling
rather than robust temporal influence. These findings suggest that
some widely used benchmarks may not adequately test core Dec-
POMDP assumptions under current training paradigms, potentially
leading to over-optimistic assessments of progress. We release our
diagnostic tooling to support more rigorous environment design
and evaluation in cooperative MARL.!
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1 INTRODUCTION

The widespread deployment of autonomous multi-agent systems is
bounded by their ability to coordinate under uncertainty. In such
settings, no single agent possesses a complete view of the world,
yet outcomes depend on joint behaviour. This tension lies at the
heart of cooperative multi-agent reinforcement learning [MARL,
2]. The standard formalism for these problems, decentralised par-
tially observable Markov decision processes [Dec-POMDPs, 5, 21],
capture this intrinsic hardness through two fundamental character-
istics: partial observability, where agents cannot directly observe
the full global state, and decentralised coordination, where agents
must cooperate based on local and private information.

The intrinsic hardness of this setting stems directly from the
interaction of these two factors. In principle, to act optimally, each
agent must recover a Markovian signal by maintaining a multi-
agent belief over the joint state and the policies (or histories) of
other agents [21]. However, exact multi-agent belief computation
is typically infeasible [5]. Consequently, practical model-free meth-
ods approximate this reasoning using finite-memory or recurrent
policies (e.g., GRUs) [13], often instantiated within the centralised
training with decentralised execution [CTDE, 17, 22] paradigm to
leverage extra information during learning.

The empirical success of MARL approaches in benchmarks [among
others, 23, 31] is often interpreted as evidence that practical ap-
proximations (e.g., recurrent policies) effectively capture the Dec-
POMDP reasoning these problems demand. We challenge this inter-
pretation. High returns can mask a failure to learn the underlying
coordination challenge, as agents may exploit reactive shortcuts
permitted by the task design rather than employing genuine history-
based reasoning. This distinction is critical. If valid solutions exist
that ignore the theoretical challenges of partial observability and
coordination, then the environment can become a weak proxy for
the Dec-POMDP formalism, yielding an illusion of progress on
coordination under uncertainty. We therefore use trained policies
as diagnostic probes to ask:

Do modern cooperative MARL environments truly test the
Dec-POMDP properties that make these problems hard, or do
they permit success via strategies that bypass them?
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To answer this, we introduce a suite of MARL diagnostics that cou-
ple statistically grounded performance comparisons with information-
theoretic probes to measure history dependence, private informa-
tion flow, synchronous action coupling, and directed temporal in-
fluence. Together, these reveal whether learned policies genuinely
employ Dec-POMDP reasoning, or bypass it entirely.

We apply these diagnostics to policies learned by standard base-
lines in 37 popular MARL scenarios, across MPE [19], SMAX? [26],
Overcooked (V1 and V2) [6, 11], Hanabi [4] and MaBrax [24, 26].
Across these settings, our analysis reveals three main takeaways:
(i) history dependence rarely translates to history utility—while all
learned policies encode some history dependence, only 43% actu-
ally need memory to achieve high returns, indicating that current
observations often suffice for strong performance; (ii) hidden en-
vironment state and hidden teammate information act as separate
drivers of difficulty, which our metrics successfully disentangle
(e.g., empirically validating the design shift from Overcooked V1 to
V2); and (iii) while coordination is common, its structure is highly
variable—synchronous and temporal mechanisms dissociate across
benchmarks. Notably, MPE emerges as the only suite where every
scenario satisfies all four diagnostic criteria, consistently requiring
both meaningful history use and decentralised coordination.

Ultimately, these findings suggest that, under current training
paradigms, success on popular benchmarks often does not require
the Dec-POMDP reasoning these tasks are intended to evaluate.

Contributions.

(1) Diagnostic framework. We introduce information-theoretic
probes — measuring history dependence, private information
flow, synchronous action coupling, and directed temporal in-
fluence — that audit whether learned policies actually exhibit
Dec-POMDP reasoning, beyond what raw returns reveal.

—
Y
~

Systematic benchmark audit. We evaluate 37 scenarios across
seven benchmark suites, revealing that history dependence is
ubiquitous but rarely performance-critical, coordination struc-
tures vary qualitatively across domains, and few environments
jointly test both partial observability and coordination.

(3) Open-source tooling and implications. We release diagnos-
tic tools for researchers to audit their own environments, and
discuss implications for designing tasks where partial observ-
ability and coordination are non-optional.

2 BACKGROUND

We introduce key concepts that will be needed throughout the
paper.

Interaction Protocol. As a base model for interaction, we con-
sider a discounted Dec-POMDP [5], defined by the tuple M =
(N,S,T,0, 1, {A'}ic N> {O'}iens R, y). Here, N is the set of N € N
agents and S is the set of global states. At each time step ¢, the
system is in some state s; € S. Each agent i € N selects an ac-
tion ai e Al forming a joint action a; = (a}, e, af,v) in the joint
action space A = xN A’ This action leads to a state transition
according to the probability function T(s;+1|s;, a;) and a shared
reward R(s;, a;). Agents do not observe the global state s;, instead
they receive a local observation o} € O'. The joint observation

2Both SMAC-V1 [27] and SMAC-V2 [9] maps were tested.
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o; is drawn according to the observation function O(o¢|s;, ar—1).
The goal is to learn a joint policy & at which no agent has any
incentive to deviate, while maximising the expected discounted
return By, 7 pm [Zf’:o Y'R(s;, a,)] . These solution concepts are usu-
ally described through various notions of equilibria: we report a
brief description in Appendix A.

Mutual Information. To study the information embedded in
agents’ policies, we propose metrics based on mutual informa-
tion (MI). For two discrete random variables X and Y with joint
probability mass function® p(x,y) and marginals p(x), p(y), we
can measure MI as follows:

106Y) = HOO ~E(X | V) =B ~HY X, (1)
P(x%.y)
= ,y) log ———.
2P 918 G @

where H is the Shannon entropy. Intuitively, I(X; Y) is the average
amount of information that X conveys about Y, or vice versa. MI
is symmetric and non-negative, and I(X;Y) = 0 iff X and Y are
independent.

We will also use metrics based on conditional mutual information
(CMI), I(X; Y | Z). Intuitively, CMI measures the extra information
that X tells us about Y, excluding what we know about Y given Z.
I(X;Y | Z) = 0iff X and Y are conditionally independent given Z.

3 RELATED WORK

Benchmarking Partial Observability. Ellis et al. [9] found that
many SMAC [27] maps admit open-loop solutions that ignore local
observations. While they redesigned these maps to enforce "mean-
ingful partial observability", they provided no metric to quantify it.
In single-agent RL, Tao et al. [28] formalised memory improvability
based on performance gaps between agents with access to more or
less state information. Our framework provides quantitative tools
for the multi-agent case, moving beyond raw performance metrics.
We disentangle history dependence, private information flow, and
coordination as separate dimensions of Dec-POMDP difficulty.

Conventions. Co-trained agents typically develop conventions
that are efficient but arbitrary and brittle when paired with unfa-
miliar partners [10, 15]. Prior work shows that grounding these
conventions in observations makes coordination more robust [14].
Our AA and DAI diagnostics explicitly quantify these dynamics,
disentangling instantaneous, ungrounded conventions from coor-
dination that is temporally responsive to a partner’s trajectory.

4 PROBING DEC-POMDPS

To probe the reasoning demands specific to MARL environments,
we focus on two core properties of Dec-POMDPs — partial observ-
ability and decentralised coordination. While the interaction of these
factors renders the general problem class NEXP-complete®, theo-
retical worst-case hardness does not necessarily imply practical
difficulty in specific benchmarks.

Our goal is therefore to characterise these properties functionally,
measuring them only as they matter for solving a task. Consequently,

3For continuous variables, we use the probability density function.

4The worst case complexity of DEC-MDPs is the same as Dec-POMDPs [5], as such
hardness comes from decentralisation as well, and not (only) from the presence of
hidden states.
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Figure 1: Summary of information-theoretic diagnostics. Colours denote source (blue), target (green), and conditioning (amber,
dashed) variables. All quantities are expectations under the converged joint policy p”; O! is agent i’s observation, Al its action,
H! the local history (RNN hidden state or finite window), r’_, agent i’s action—observation history up to t—1, and T the episode

horizon.

we define every diagnostic as an expectation under the trajectory
distribution of a joint policy 7 after convergence. We do not de-
fine purely structural properties of Dec-POMDPs independent of
behaviour, but rather, we quantify the specific reasoning capabilities
necessitated by the task. Figure 1 presents a summary and interpre-
tation of our proposed diagnostic measures, and we discuss the
technical details in the following sections.

4.1 Partial Observability
Is Partial Observability Relevant?

While many environments are structurally partially observable
(states are hidden), this does not guarantee that the missing infor-
mation is functionally relevant to solving a task. For example, the
hidden state may not affect the rewards or dynamics, or it may be
redundant given the current observations.

We are therefore interested in identifying when partial observ-
ability strictly affect success. If a task requires memory, it confirms
that immediate observations are insufficient and that history con-
tains decision-relevant information. Therefore, we measure this
using history dependence.

Definition 4.1 (Relevant Partial Observability). An environment
exhibits relevant partial observability if:
(i) memory-based agents (7rnn) outperform reactive agents
(7pr) under matched training conditions; and
(ii) learned policies actively exploit history, rather than relying
solely on immediate observations.

This definition requires that memory is both beneficial (produc-
ing higher returns) and active (influencing decisions). We quantify
this with a performance diagnostic, and with two complementary
information-theoretic probes.
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Diagnostic 1 (Memory-Reactive Gap). We test whether memory
results in a performance gain by comparing recurrent and feed-
forward policies. For matched training runs (sharing seed, environ-
ment, and algorithm), let J(r) denote the mean evaluation return.
We define the paired performance gap as:

Apem = J (7rNN) — J (7r5E).

We test Hy : median(Apen) < 0 vs. Hy : median(Apen) > 0
using a one-sided Wilcoxon signed-rank test [30] over the paired
differences. A significant result (p < 0.05) indicates a reliable per-
formance advantage from memory under matched training.

Diagnostic 2 (History—Action Relevance (HAR)). We quantify
memory use beyond the current observation via conditional mutual
information:

HAR

HAR™™ £ ——— ¢
H(A; | 0})

HAR £ I(Hj; 4; | O;), [0,1]. (3)
Here, H! denotes the agent’s history representation, for reactive
policies, H! = Oﬁ_ s (@length-k window excluding 0}), and for
recurrent policies, H! is the RNN hidden state.

Diagnostic 3 (Observation—-Action Relevance (OAR)). We quantify

reactivity by measuring how informative the current observation
is about the agent’s action:

OAR

OAR™™ & ——
H(AY

OAR 2 1(0}; AD),

€ [0, 1]. 4)
High OAR™™ indicates that Al is largely predictable from the
current observation Of (i.e., near-reactive behaviour). Conversely,
low OAR™"™ combined with high HAR"™ provides evidence that
history contributes information for selecting Al beyond what is
contained in O%.
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Is Partial Observability Reliant on Private Information?

The previous diagnostics measure whether agents benefit from his-
tory or memory, which acts as a behavioural proxy for functionally
relevant partial observability. Crucially, history dependence alone
does not imply that the hidden information is relevant for coordina-
tion. An agent may use its history only to infer latent environment
state, as in single-agent POMDPs [3, 16], even if this provides no
additional information about coordinating with teammates.

We therefore introduce a cross-agent diagnostic that quantifies
whether the private information of one agent helps predict the
actions of another. This metric is related to the intuition behind
meaningful partial observability [9], where hidden information ob-
served by one agent is critical for the actions of another. Such
cross-agent information asymmetries are central to the hardness of
Dec-POMDPs [5].

Diagnostic 4 (Private Information Flow (PIF)). We measure how
much additional information agent i’s history provides about agent
J’s action, beyond what is already contained in j’s own history. We
define this using conditional mutual information:

PIF,_;

I(zi_,, 0% A} | 7/, 0]),
PIF,_,,

—— e o.1].

H(A; | Tt]—l’oi)

©)

norm
i—j

1>

Here, 7;-1 denotes an agent’s action-observation historys. We
explicitly condition on the current observations O, O{ alongside
the past 7;_; to capture information asymmetries at decision time.

PIF;_, ; quantifies how much information about Ai is contained in
agent i’s trajectory that is not already captured by agent j. PIF?S;‘“
rescales this as the fraction of agent j’s residual action uncertainty
(given its own history T{_l and observation O{ ) that is explained

by agent i.

4.2 Decentralised Coordination

The previous diagnostics quantify whether hidden information is
relevant to decision-making, specifically, whether agents require
memory of local state (HAR; Diagnostic 2) or access to a team-
mate’s private information (PIF; Diagnostic 4). However, they do
not characterise the form of coordination that emerges in the joint
behaviour induced by the converged policies (if any). We therefore
introduce coordination probes that separate instantaneous action
coupling from temporally extended, more directional dependence.

Is Coordination Synchronous?

Diagnostic 5 (Action—-Action Coupling (AA)). We quantify instan-
taneous action dependence via the coupling of actions at time ¢:
AA

(6)

AA£1(aia]|0,0]), Aamme 22
H (4] | 0},0])
AA measures same-timestep dependence between agents’ actions
beyond what their current observations explain, and AA > 0 is con-
sistent with symmetry breaking or instantaneous conventions (e.g.,
agents taking distinct roles such as heading to different landmarks).

5In practice, we approximate 7,_; using the RNN hidden state (for recurrent policies)

or a finite window of size k, (O! A ) (for reactive policies).

i
t—k:it—-1"""t-k:t-1
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Is Coordination Temporally Responsive?

AA alone cannot distinguish task-driven role differentiation from
arbitrary, ungrounded conventions, as it detects instantaneous cou-
pling beyond shared observations, but cannot distinguish static
conventions (e.g., fixed roles) from agents adapting to evolving
partner behaviours.

To probe this temporally extended, directional dependence, we test
whether agent i’s past provides additional predictive information
about agent j’s current action, conditioned on agent j’s own his-
tory. While a lagged AA could measure this, it would rely on fixed
windows that are brittle to unknown or variable delays. We instead
use Directed Information [20], which aggregates directional cross-
timestep dependence over the episode, capturing dependencies
regardless of the temporal lag.

Diagnostic 6 (Directed Action Information (DAI)). We measure
the average directional, cross-timestep dependence from agent i to
agent j as follows:

T
A 1 i j j
DAli; = ZE(Tﬁ-l;Af Tt]—l)’
=1
norm A DAIi—)j (7)
DA™ 2 e [0,1].

b ()

Here, /_, is agent i’s action-observation history up to ¢ — 1,

-1
-1
on 7;_, controls for what is already predictable from agent j’s own
past, so DAI;_,; > 0 indicates that agent i’s past carries additional
predictive information about agent j’s current action. Unlike PIF,
which includes current observations to capture information at de-
cision time, DAI conditions only on the causal past (the trajectory
completed before j’s action), isolating strictly temporal, directional
influence.

including A!_,, the last act before agent j selects A{ . Conditioning

5 CASE STUDY: HOW OBSERVATION
STRUCTURE SHAPES BEHAVIOUR

Multi-Particle Environments (MPE) [19] provide a controlled testbed
with differing observation and communication structures. We ex-
amine three cooperative tasks—Simple Reference, Speaker—Listener
and Simple Spread—using our diagnostics (Section 4) and MAPPO.
Performance. We see from Tbl. 2d, recurrent policies (RNN) out-
perform feed-forward (FF) baselines in all three tasks (p < 0.05,
one-tailed Wilcoxon), confirming that memory provides a reliable
advantage across MPE.

What the diagnostics reveal. Viewing MPE through our diagnos-
tics shows that learned behaviour varies sharply across tasks, not
because the algorithm changes, but because the observation/com-
munication structure does.

Simple Reference (Fig. 2a). In Simple Reference, two agents move
and observe the other’s goal alongside a rich communication chan-
nel (dim.=10). Goal information is thus redundantly available at
every timestep, reducing the need for history: HAR""™ is the low-
est across tasks and declines over training (~ 0.06, Fig. 3b), and
PIF/DAI remain low (Fig. 3c, 3d).

Speaker—Listener (Fig. 2b). In this scenario, a stationary speaker
observes a hidden goal and must guide a listener that receives



Research Paper Track

Q

speaker

O

agent 0

=
O

agent 1

O

listener

(a) Simple Reference (b) Speaker Listener

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

O

agent 0

soentt Scenario A (RNN—FF)
Simple Reference 6.50
. Speaker Listener 14.84
Simple Spread 2.50

(c) Simple Spread (d) Amem; bold: p<0.05.

Figure 2: MPE tasks and per-environment performance deltas (RNN-FF). Memory improves performance across tasks.
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(c) Private Information Flow
(PIF)

(d) Directed Action Informa-
tion (DAI)

(a) Observation-Action Rele-
vance (OAR)

(b) History—-Action Rele-
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Figure 3: Evolution of diagnostic metrics during training in MPE with recurrent MAPPO (mean and 95% CI): (a) Observation—
Action Relevance, (b) History—Action Relevance, (c) Private Information Flow, and (d) Directed Action Information. For the
same algorithm and training paradigm, environment modifications can have a large impact on the kinds of behaviour learned.

no goal information except through a narrow message channel
(dim,=3). This dependency produces the highest DAT"*™ across
tasks (> 0.15, Fig. 3d), reflecting sustained directional influence
from speaker to listener. HAR™"™ rises over training but remains
moderate (x 0.10), suggesting that the listener’s history use, while
present, is secondary to the cross-agent information channel.

Simple Spread (Fig. 2c). Here, agents must cover distinct land-
marks without explicit communication. Consequently, HAR"*™
and PIF"°™ are the highest across tasks (Fig. 3b, Fig. 3c), indicating
that agents condition on each other’s private trajectories to avoid
overlapping landmarks. DAI"®™ is also substantial (~ 0.12), con-
firming coordination is both temporally extended and reliant on
private information.

Takeaway. The form of coordination that emerges is
shaped primarily by information bottlenecks in the
environment. When task-relevant information is fully
available at each timestep (Simple Reference), agents default
to reactive behaviour despite having recurrent architec-
tures. Conversely, when information is restricted, e.g., fun-
nelled through a narrow channel (Speaker-Listener) or left
implicit in a partner’s trajectory (Simple Spread), agents de-
velop qualitatively different coordination structures:
higher directional influence in the former, and higher pri-
vate information flow in the latter.
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6 RESULTS

We apply our diagnostics (Sec. 4) to widely used cooperative MARL
benchmarks, using learned policies as probes of partial observability
and decentralised coordination as they arise in behaviour. Concretely,
we ask a fundamental question: do these tasks genuinely elicit Dec-
POMDP reasoning, where agents exploit history to infer decision-
relevant hidden states and coordinate based on private information,
or do they permit solutions that largely bypass these demands?

Experimental Setup. We evaluate 37 scenarios across MPE [19],
SMAX (V1 maps and V2-style maps) [26, 27], Overcooked (V1 and
V2) [6, 11], Hanabi [4] and MaBrax [24, 26].

Evaluation Protocol. We train with 10 seeds, matching original
training budgets, and evaluate every 5% of training (mean evalua-
tion return over 32 episodes) [12]. For aggregate comparisons, we
report min-max normalised interquartile mean (IQM) with 95%
stratified bootstrap CIs [1]. Hyperparameters are tuned per scenario,
full details in App. A.1.

Algorithms. We use Independent PPO [IPPO, 8] and Multi-
Agent PPO [MAPPO, 31] as they are widely used MARL baselines.
We treat them as two training paradigms: IPPO uses independent
critics, whereas MAPPO uses a centralised critic. Additionally, we
compare feed-forward (FF) and recurrent (RNN) policies to study
the role of memory and temporal information flow in these settings.
Finally, to avoid confounders from optimisation and representation

SMAPPO is omitted for Overcooked V1 as full observability renders a centralised critic
redundant.
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Figure 4: Sample efficiency of IPPO and MAPPO across diverse MARL benchmarks. We show the min-max normalised in-
terquartile mean (IQM) with 95% stratified bootstrap confidence intervals (CIs). Detailed plots in App. B.

choices associated with shared weights in heterogeneous tasks [7,
29], we do not use parameter sharing in any baseline.

6.1 Diagnostic Probes

To answer the questions from Section 4, we use a two-stage protocol.
First, we compute diagnostics on converged policies. Then, we deter-
mine whether each value reflects genuine structure or finite-sample
noise by comparing against a permutation null baseline.

Permutation null baselines. Information-theoretic estimators
(e.g., KNN/KSG [18, 25]) can exhibit bias when working with finite
samples, resulting in non-zero values even under independence.
We therefore construct an empirical null by independently per-
muting each agent’s action sequence within each episode, which
destroys temporal and cross-agent dependencies while preserving
each agent’s marginal action distributions. We recompute each
diagnostic on the permuted data and deem the result meaningful
only if its value on the original trajectories exceeds the mean of the
corresponding permutation baseline.

Aggregation. We apply a two-stage aggregation to probe for
the emergence of Dec-POMDP reasoning capabilities. First, within
each run, we compute the maximum diagnostic value across agents,
asking whether any agent exhibits the property. Second, we max-
imise across training configurations (IPPO/MAPPO x FF/RNN) to
determine if any algorithm elicits the behaviour. This returns a
conservative, per-scenario verdict: a property is flagged as absent
only if no agent under any tested paradigm displays it.

Decision Rules. We now translate the conceptual questions
from Section 4 into concrete decision rules, evaluating partial ob-
servability and coordination directly through agent behaviour.

2237

Decision Rule 1 (Do agents benefit from memory?). Following

Definition 4.1, agents benefit from memory iff both:

(1) Significant performance gap: The memory-reactive gap Apem
is significant (one-tailed Wilcoxon signed-rank, p < 0.05), see
Diagnostic 1.

(2) Meaningful history use: Under the memory-based policy, HAR"™
exceeds its permutation null baseline, see Diagnostic 2.

Criterion (1) establishes a reliable performance advantage from
memory, while criterion (2) confirms that this advantage reflects
active use of history rather than other confounding factors, such
as optimisation dynamics.

Decision Rule 2 (Do agents use hidden teammate information?).
Agents use hidden teammate information iff PIF"°™ exceeds its
permutation null baseline, indicating that agent i’s trajectory and
observation inform agent j’s action beyond agent j’s own history
(Diag. 4).

Decision Rule 3 (Does synchronous coordination emerge?). In-
stantaneous, synchronous coordination emerges iff AA"™ exceeds
its permutation null baseline, indicating coupling beyond shared ob-
servations (Diag. 5).

Decision Rule 4 (Does temporal coordination emerge?). Temporal,
directional coordination emerges iff DAI"™ exceeds its permutation
null baseline, indicating genuine causal influence from past actions
(Diag. 6).
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Table 1: Diagnostics of learned behaviour across cooperative MARL benchmarks. We report the share of scenarios (count/total)
where trained policies satisfy our decision criteria (Sec. 6.1). Crucially, these reflect dependencies induced by the policy rather
than strict environment requirements. Per-scenario metrics are detailed in App. D.

MPE SMAX V1 SMAX V2 MaBrax Hanabi Overcooked V1 Overcooked V2
Do agents benefit from memory? 1100% (3/3)| 20% (1/5) 0% (0/1) 0% (0/5) 0% (0/11)
Do agents use hidden teammate information? _ 67% (6/9) 67% (2/3) _ 0% (0/1) 20% (1/5) _
Does synchronous coordination emerge? [[007BB)  44% (4/9) 0% (0/3) 60% (3/5) 0% (0/1) 1100% (5/5) '82% (9/11)
Does temporal coordination emerge? _ 67% (6/9) 67% (2/3) _ _ 40% (2/5) _

6.2 The Relevance of Partial Observability

How often does memory really matter?

Applying Decision Rule 1, we find that memory-based policies
yield a statistically significant performance advantage in 43.2%
(16/37) of tested scenarios (Apem > 0; see Tbls. 1, 14, and Fig. 4).
However, we observe a clear dissociation between history depen-
dence and utility. HAR™™ exceeds its permutation null in all 37
scenarios (App. Tbl. 15), confirming that trained policies universally
encode some history dependence, yet this dependence translates
into a measurable performance gain in less than half of the cases.
Hanabi illustrates this disconnect. Despite being a canonical par-
tially observable task, the memory-reactive gap is not significant
under our baselines (Apen = 0.279, Tbls. 1, 14), as IPPO/MAPPO
fail to meaningfully exploit recurrent architectures to improve per-
formance on this task (Fig. 11).

This suggests that much of the observed history dependence
could be redundant, i.e., policies learn to track past information
that offers no functional advantage over current observations O:.
Consequently, to genuinely test Dec-POMDP reasoning, environ-
ments should ensure decision-relevant information is exclusively
available through history, rendering reactive policies insufficient.

Is partial observability reliant on private information?

From applying Decision Rule 2, we find that PIF"*™ exceeds
its permutation null in 70.3% (26/37) of tested scenarios (Tbl. 1).
Notably, many of these are not the same scenarios flagged by the
HAR criterion, confirming that hidden environment state and hid-
den teammate information are distinct drivers of difficulty that our
metrics can successfully disentangle (App. Tbl. 15).

This separation is especially visible in Overcooked. Overcooked V1
is fully observable and triggers PIF in only 20% of layouts, while
Overcooked V2, which introduces hidden teammate information
by design [11], rises to 82%. This serves as an external validation of
our diagnostic, as PIF recovers the design intentions of the environ-
ment authors. SMAX V2 maps, following SMACv2, were similarly
motivated by "meaningful partial observability" [9], however, PIF
is detected in 67% of both V1 and V2 maps. This suggests that,
at least under current baselines, several V1 maps already exhibit
meaningful cross-agent information flow, and the redesign may not
have widened this gap as intended.

6.3 Decentralised Coordination

Synchronous vs. Temporal coordination.

Decision Rules 3 and 4 probe two distinct coordination mech-
anisms. Synchronous coordination (AA) captures instantaneous
action coupling conditioned on current observations, and 64.9%
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(24/37) of scenarios exceed the null permutation. While high AA
indicates action-action dependence, this coupling can be brittle,
e.g. when it reflects rigid, ungrounded conventions that do not
generalise [15]. Nonetheless, it remains a signature of coordination.

Directed Action Information (DAI), by contrast, measures tem-
poral influence between agents. Under this measure, 81.1% (30/37)
of scenarios exceed the null permutation. Notably, 10/37 scenarios
lack synchronous coupling yet exhibit significant temporal influ-
ence (App. Tbl. 15), indicating that meaningful sequential coordina-
tion can arise without simultaneous conventions.

These two mechanisms dissociate systematically across bench-
marks, revealing the underlying coordination structure each envi-
ronment induces. SMAX V2 maps show the starkest separation—
none trigger AA, yet 67% elicit DAI, suggesting that SMAX V2-
style combat micro-management relies on sequential positioning
rather than synchronous actions. Overcooked V1 presents a con-
trasting profile (100% AA, 40% DAI), reflecting rigid positional
conventions in many scenarios. However, Overcooked V2’s intro-
duction of hidden information strengthens temporal dependence
(100% DAI) while retaining synchronous coupling (82% AA). Finally,
MPE stands out as the only suite where every scenario demands
both coordination forms (100% AA and 100% DAI).

Summary. Our audit yields four main takeaways:

(1) History dependence # history utility. All policies
exhibit detectable history dependence (HAR™™ > null
in 37/37 scenarios), yet only 43.2% show a significant
performance gain from memory (Fig. 4, Tbl. 14).

(2) Hidden state and private information are separa-
ble. PIF flags 70.3% of scenarios, often different ones
from HAR, confirming these are separate drivers of dif-
ficulty. The Overcooked V1—V2 contrast (20% — 82%)
validates PIF as an environment-agnostic audit tool.

(3) Coordination is structurally diverse. AA (64.9%)
and DAI (81.1%) dissociate across benchmarks: SMAX
V2 exhibits temporal but not synchronous coordina-
tion, Overcooked V1 the reverse, while MPE, SMAX V1,
MaBrax, and Overcooked V2 trigger both.

(4) Few benchmarks jointly test partial observabil-
ity and coordination. MPE is the only suite in which
every scenario satisfies all diagnostic criteria. Most sce-
narios do not require meaningful history use for strong
performance despite being framed as Dec-POMDP chal-
lenges.
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(a) MPE Simple Reference (b) MPE Simple Spread
Figure 5: Robustness to observational noise in MPE. We re-
port the mean return and 95% stratified bootstrap confidence
intervals for IPPO FeedForward (FF) across varying noise
scales. Scenarios with higher OAR"™™ (Simple Spread) corre-
late with greater sensitivity to sensory perturbations.

Our diagnostics expose the divergence between what a bench-
mark intends to test and what it actually requires. By characterising
how agents coordinate rather than just how well, these tools enable
researchers to verify Dec-POMDP demands and deliberately select
environments that stress-test specific capabilities. Furthermore, as
demonstrated in Section 5, our metrics capture the behavioural
impact of structural environment changes, potentially providing
actionable guidance for designing more rigorous cooperative envi-
ronments.

7 IMPLICATIONS

In many real-world cooperative systems, agents are expected to
adapt to changes in their environment and to the behaviour of
other agents. While our probes and metrics do not directly measure
generalisation, they allow us to detect when policies exhibit weak
statistical dependence between observations/histories and actions,
ie., low OAR™™ and HAR""™. Such instances suggest that agents
may be relying on learned conventions or implicit coordination
strategies rather than actively conditioning on current observations.

This distinction has nuanced implications. On the one hand,
environments in which agents can solve the task via conventions
without relying on observations may yield policies that are robust to
sensory noise or partial occlusion. On the other hand, such policies
may be brittle under structural changes to the environment, to the
behaviour of other agents, or even to minimal variations in the
task definition [32], since coordination may depend on fixed joint
strategies rather than observation-driven adaptation.

To examine how our diagnostics relate to behavioural robustness,
we conduct controlled evaluations under noisy observations in
two MPE tasks with differing OAR"*™ values: Simple Spread and
Simple Reference. The former exhibits substantially higher estimated
mutual information between observations and actions than the
latter (IPPO FF, App. D).

To test robustness to noise, we perturb observations x with ad-
ditive Gaussian noise scaled by the feature-wise standard deviation
oy, computed over N initial rollouts. For noise scale k € [0,0.5].
For more details on how we add noise see the (App. C).

Fig. 5 shows that performance in Simple Spread degrades more
substantially under increasing noise than in Simple Reference. This
is consistent with the higher OAR™™ observed in Simple Spread,
when using IPPO FF.

A key take-away is that information-theoretic diagnostics can
provide structured signals about how policies utilise observations
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and interact with other agents under the training distribution. When
interpreted jointly, they can indicate whether behaviour appears
observation-driven or convention-driven. However, these metrics
quantify statistical dependence rather than causal relationships. As
a result, high mutual information does not guarantee sensitivity
to noise, and low values do not necessarily imply the absence of
structured coordination. Careful behavioural evaluation alongside
the use of diagnostics can however provide indications of robustness
and generalisation of learned policies.

8 CHALLENGES AND LIMITATIONS

Policy-dependent probes. All diagnostics are expectations under
the converged joint policy p” and therefore characterise learned
behaviour under IPPO/MAPPO with FF/RNN architectures, not
worst-case or best-case properties of the environment. This is delib-
erate, as we probe behaviours induced by widely used algorithms;
however, stronger or weaker algorithms may yield different diag-
nostic profiles for the same scenario.

Estimation noise. Our MI/CMI/DI estimators (kNN and KSG [18])
are biased in finite samples, especially with long histories or large
action spaces. We mitigate this via permutation null baselines that
account for estimator-specific bias, and report bootstrap confidence
intervals throughout. Nonetheless, these probes are diagnostic tools,
not hard pass/fail filters, and borderline cases should be interpreted
with caution.

9 CONCLUSION

In this work, we introduce a principled diagnostic framework to
probe whether cooperative MARL agents genuinely exhibit Dec-
POMDP reasoning. By coupling information-theoretic metrics with
simple decision rules, our diagnostics evaluate how policies solve
tasks, not just how well, moving evaluation beyond raw returns.

Applied to 37 scenarios across seven environments, our analysis
reveals that: (i) history dependence is ubiquitous but rarely yields
a performance advantage; (ii) hidden state and private teammate
information are separable drivers of difficulty; and (iii) synchronous
and temporal coordination frequently dissociate across domains.
Notably, MPE is the only environment in which every scenario
satisfies all diagnostic criteria. Our case study further demonstrates
that the form of emergent coordination is shaped primarily by
information bottlenecks in the environment design.

These findings motivate a shift toward benchmarks that strictly
compel agents to exploit historical context and coordinate under
private information—making partial observability and decen-
tralised coordination non-optional for success.
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