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PC3D: Zero-Shot Cooperation Across Variable Rosters
via Personalized Context Distillation
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Abstract
Cooperative multi-agent reinforcement learning
often assumes a fixed execution team, yet many
decentralized systems must operate with vary-
ing numbers of active agents during deployment.
We study this setting under episodic roster vari-
ation: each episode is executed by a set of ho-
mogeneous agents, with the team size varying
across episodes. Agents act only from local histo-
ries, without execution-time communication, priv-
ileged coordinators, or online retraining. There-
fore, effective cooperation requires each agent to
recover relevant context about the active team and
adapt its behavior accordingly. To this end, we
propose PC3D (Personalized Central Coordina-
tion Context Distillation), a method for training
decentralized policies to recover and use person-
alized coordination context from local interac-
tion histories. During training, a set-structured
centralized teacher compresses the active team
into coordination tokens and personalizes them
into agent-specific contexts, which are distilled
into decentralized policies. At execution, each
agent predicts its own context from local his-
tory and adaptively uses it to condition decision-
making. Across three cooperative MARL bench-
marks, PC3D achieves higher returns than the
evaluated baselines with both seen and unseen
roster sizes, and ablations attribute these gains to
both context distillation and adaptive context use.

1. Introduction
Multi-agent reinforcement learning (MARL) studies how
multiple decision-makers learn to act in shared environ-
ments, which makes it a natural framework for coopera-
tive control problems that involve multiple learners with
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<anon.email@domain.com>.
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coordinated behavior (Zhang et al., 2021b; Oroojlooy &
Hajinezhad, 2023; Gronauer & Diepold, 2022). As the
application domains expand, cooperative multi-agent sys-
tems are increasingly expected to operate in settings where
agents cannot rely on execution-time coordination mech-
anisms (Zhang et al., 2021a). Centralized training with
decentralized execution (CTDE) has become the dominant
framework for addressing this tension in cooperative MARL
(CMARL) (Amato, 2024). Classical value-factorization
methods such as VDN and QMIX improve decentralized
control by constraining how a centralized training objective
decomposes into per-agent utilities (Sunehag et al., 2018;
Rashid et al., 2020). Centralized-critic methods such as
MADDPG, COMA, and MAPPO instead use training-time
information to stabilize policy learning while preserving
decentralized execution (Lowe et al., 2017; Foerster et al.,
2018; Yu et al., 2022).

Although CTDE methods have substantially advanced the
field, they typically assume a fixed execution team. This
leaves a structural gap for open-team cooperation (OTC),
where the team size may vary during deployment. We refer
to the set of agents active in a given episode as a roster, and
study episodic roster variation: each episode is executed by
a fixed roster, but the roster size may change across episodes.
Our setting involves homogeneous agents and assumes fully
decentralized execution under partial observability, with-
out execution-time communication, global observations, or
online retraining. OTC naturally arises in many decentral-
ized control problems, including robot teams, which can be
restructured to meet operational requirements (Rosenfeld
et al., 2006; Portugal & Rocha, 2017); warehouse systems,
where the infrastructure can be rescaled depending on corpo-
rate objectives (Rjeb et al., 2021); and autonomous vehicle
routing, where the fleet size may evolve with changing de-
mand and adoption rates (Boesch et al., 2016; Qu et al.,
2022; Akman et al., 2025).

Several lines of work address variation in team composition
in CMARL (Yuan et al., 2023) with different constraints
on the execution model or the task structure. Agent–entity
graph methods (Agarwal et al., 2020) learn policies over
agents and entities by relying on graph message passing.
SOG (Shao et al., 2022) organizes agents into temporary
conductor-follower groups, exchanging summarized mes-

1



055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109

PC3D: Zero-Shot Cooperation Across Variable Rosters

Figure 1. PC3D at a glance. PC3D trains with centralized information over a distribution of roster sizes for a given cooperative task (a).
The centralized teacher provides personalized coordination contexts, which decentralized agents learn to recover from local interaction
histories (b). At execution, agents act only from local histories, without communication or retraining, and coordinate across both seen and
held-out roster sizes (c).

sages during execution. COPA (Liu et al., 2021) uses a
privileged coach with an “omniscient” view to distribute
strategies during both training and execution. MIPI (Wang
et al., 2023), building on REFIL (Iqbal et al., 2021), regu-
larizes reliance on team-related information by assuming
that the designer could decompose agent states into team-
related (s−) and -unrelated (s+) components. In contrast,
we explore whether a method can address the OTC prob-
lem natively within the CTDE setting without changes to
the execution model, with centralized information available
only during training and execution relying solely on each
agent’s local history. By keeping the execution contract
fixed and treating the method as the variable of interest,
we ask whether methodological changes alone can improve
zero-shot cooperation across roster sizes.

In this setting, the core challenge is not merely learning
effective coordination for a given task, but maintaining it
across different, possibly unseen roster sizes at execution
time. This aspect resembles Ad Hoc Teamwork (AHT),
which is an adjacent problem concerned with adapting learn-
ers to unfamiliar teammates (Stone et al., 2010; Rahman
et al., 2023; Wang et al., 2024). Although the two set-
tings share structural challenges, AHT primarily focuses
on mitigating coordination failures caused by unfamiliar
teammate policies, whereas OTC requires leveraging addi-
tional teammates when new cooperative opportunities arise.
This makes CTDE methods a viable option to train such
policies, although their standard form does not account for
changing cooperation regimes across roster sizes. To that
end, this study explores whether CTDE methods can im-
prove cooperation across varying team sizes and zero-shot
generalization to unseen ones by leveraging a centralized
team representation, which can provide personalized and
locally recoverable coordination signals while preserving
fully decentralized execution.

Existing methods provide ingredients for this goal. Teacher-
student methods such as CTDS and PTDE show that cen-
tralized guidance can be distilled into decentralized agents
(Zhao et al., 2024) and that this guidance should be agent-
personalized (Chen et al., 2024); however, they leave open
how this signal should be formed, personalized, and used
under the OTC setting. On scalability and architectural
compatibility with changing roster sizes, attention-based
and permutation-invariant critics have shown that central-
ized representations can handle unordered agent collections
(Iqbal & Sha, 2019; Liu et al., 2020), with Deep Sets and
Set Transformers providing the underlying design principles
(Zaheer et al., 2017; Lee et al., 2019). However, these pieces
do not, by themselves, solve OTC: a set-compatible critic
improves the centralized training signal but does not auto-
matically provide the decentralized policy with a reusable
notion of coordination across roster sizes.

Building on these ideas, this paper introduces PC3D
(Personalized Central Coordination Context Distillation): a
method for improving CTDE learners under episodic roster
variation by (i) extracting a compact team-level coordina-
tion summary using a set-structured central module, (ii)
personalizing that summary into locally recoverable con-
texts, and (iii) distilling it into decentralized policies that
learn how and when to rely on it. We instantiate it on top
of a MAPPO backbone, although the idea can be extended
to other CTDE learners. During training, a centralized set
critic embeds the active team as an unordered set, com-
presses it into a small number of coordination tokens via
token-based cross-attention, and produces personalized per-
agent teacher contexts. These teacher contexts are used for
training agents to infer team context estimates from local
interactions, while the coordination tokens support central-
ized value estimation. At execution, each agent still acts
only on its local observation history while also predicting a
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PC3D: Zero-Shot Cooperation Across Variable Rosters

student coordination context to adaptively condition policy
features. As illustrated in Figure 1, training PC3D over
a distribution of roster sizes within the same cooperative
task enables decentralized policies to recover relevant team
context from local histories and coordinate under both seen
and held-out roster sizes.

This research has been structured around our central hypoth-
esis: For a given task structure, compact team coordina-
tion representations can be personalized into locally re-
coverable agent contexts and distilled into decentralized
executors, enabling enhanced team-context awareness
at the agent level for stronger cooperation across seen
rosters and better zero-shot generalization to unseen
ones. To rigorously study it, we first formalize the problem
(Section 2), propose a method that reflects this method-
ological intent (Section 3), conduct evaluations tailored to
confirm our hypothesis (Section 4.2), and perform ablations
to strengthen our conclusions (Section 4.3). Our evalua-
tions across three cooperative MARL benchmarks show that
PC3D achieves the highest returns on both seen and held-
out rosters, consistently improving its MAPPO backbone
by a clear margin and outperforming the IPPO and PIC-

MAPPO baselines. Moreover, ablations attribute these gains
to the full distillation-adaptive conditioning mechanism, not
merely to adding a stronger centralized critic.

Contributions.

• We provide a new formalization for the variable-roster
cooperation problem (where each episode is executed
by varying teams of homogeneous agents) using a fam-
ily of cooperative tasks induced from a common tem-
plate.

• We propose personalized central coordination context
distillation as a solution for open-team cooperation and
instantiate it on top of a MAPPO backbone.

• We evaluate our method across three cooperative
MARL benchmarks with varying roster sizes. We high-
light the added value of our method by comparing it to
three MARL baselines.

• We perform ablations to test the marginal gains of dis-
tillation and adaptive policy conditioning. Moreover,
we offer additional insights on whether the distilled
context is recoverable from local history and is mean-
ingfully used for decision-making.

2. Open-Team Cooperation
We study fully cooperative, partially observable tasks in
which a set of agents must act autonomously to optimize
a shared objective. Such tasks are generally formalized
as a Decentralized Partially Observable Markov Decision
Process (Dec-POMDP) (Bernstein et al., 2002). Although
this formulation is useful for describing a task instance, it

is insufficient to capture the higher-level OTC objective of
learning generalizable cooperative policies in the presence
of episodic roster variability.

We focus on tasks with homogeneous agents (sharing the
same action and observation spaces) and refer to a set of
agents admitted in an episode as a roster. We represent a
cooperative task with different rosters using a family of Dec-
POMDPs induced from a common environment template.
An environment template E describes the shared structural
properties of a space of Dec-POMDPs and can be formalized
as a tuple:

E = (S, A,O,U ,R,Γ, γ) ,

where S is the shared state-description schema of the task,
A and O are the shared per-agent action and observation
spaces, U is the shared cooperative objective, R is the set
of admissible rosters, Γ is the roster-indexing mechanism
that instantiates roster-specific Dec-POMDPs with the task
semantics defined by the template, and γ is the discount
factor. For each roster r ∈ R, the template induces a roster-
indexed Dec-POMDP

Mr = Γ(r) = (r, Sr, A,O, Pr,Ωr, Rr, ρr, γ) ,

where r is the roster (active agent set), Sr is the state space
induced by the template for that roster, Pr is the transition
kernel, Ωr is the joint observation kernel, Rr is the shared
reward function, and ρr is the initial-state distribution. Thus,
Γ-induced Dec-POMDPs share the task semantics and co-
operative objective of E, while allowing roster-dependent
dynamics and observation/reward structure.

Optimality. To define optimality for a given environment
template E, we use the notion of policy generators. A pol-
icy generator G is a mapping of the given environment
template and roster pair to a joint decentralized policy
(G(E, r) = πr ∈ Πr). This object describes the family
of decentralized policies induced across rosters and not an
execution-time coordinator. A policy generator G∗ is opti-
mal for the given environment template E if

G∗(E, r) ∈ arg max
πr∈Πr

Jr(πr), ∀r ∈ R,

where Jr(πr) is the expected discounted return of a decen-
tralized joint policy πr for the roster r. This defines the
ideal roster-wise objective. Since training separate policies
across R is often impractical as it scales with |R|, we study
whether a shared policy mechanism trained on Rs ⊂ R
can approximate this objective and generalize zero-shot to
held-out rosters in R \Rs.

3. PC3D: Personalized Central Coordination
Context Distillation

We hypothesize that achieving strong generalization across
different-roster task instances in a partially observable, fully
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PC3D: Zero-Shot Cooperation Across Variable Rosters

decentralized setting requires enhanced context awareness
and adaptive decision-making. We therefore propose PC3D,
a CTDE extension for open-team settings that preserves the
practical conveniences that make CTDE attractive: central-
ized information can shape learning during training, while
execution remains fully decentralized with the same local
observation interface.

PC3D builds on the teacher-student CTDE idea of distilling
centralized signals into decentralized executors (Zhao et al.,
2024; Chen et al., 2024), but targets a distinct structural
limitation. For instance, PTDE (Chen et al., 2024) distills
global information into decentralized agents to improve lo-
cal decision-making. While this is useful for fixed-roster
cooperation, extending this idea to the OTC setting requires
additional requirements, which we tailor PC3D to explicitly
address: the centralized representation should be responsive
to roster variability, transferable across roster-induced co-
operation regimes, and personalized in a way that remains
tied to agent-observable features to support recoverability.
Therefore, the method employs components to (i) produce
a global representation that compactly summarizes the co-
ordination context for the active team, (ii) from which to
produce per-agent teacher contexts that include useful and
recoverable coordination cues for decision-making, (iii) use
context distillation to recover these contexts from local in-
formation at execution time, and (iv) adaptively condition
agent policies on the estimated context. This study intro-
duces PC3D atop a MAPPO backbone (illustrated in Figure
2) with parameter-shared (to reuse across varying numbers
of agents) and recurrent (using GRUs (Cho et al., 2014) to
mitigate partial observability (Hausknecht & Stone, 2015;
Rashid et al., 2020)) actor networks.

3.1. Centralized coordination context and
personalization

We replace the fixed-width centralized critic with a
permutation-invariant set critic for architectural compati-
bility with varying team sizes. At each training step, the
set critic receives the observations of the active agents and
encodes them individually with a shared encoder:

eti = ϕψ(o
t
i), i ∈ r,

where r is the active roster and oti is the observation of agent
i ∈ r. Then, within the teacher module, a small number
K of learned query vectors (qk) attend to these observation
encodings through a single-head cross-attention layer with
identity projections to produce K coordination tokens (ztk):

αtkj = softmaxj∈r

(
q⊤k e

t
j√
d

)
,

ztk =
∑
j∈r

αtkje
t
j , k = 1, . . . ,K.

Figure 2. PC3D-MAPPO architecture. PC3D extends MAPPO
with a critic/teacher module (left) and a context-conditioned actor
(right). The critic encodes agent observations with a shared en-
coder, read by learned query tokens Q1:k through cross-attention to
produce coordination tokens zt1:k, used for team value prediction.
This representation is personalized in a secondary cross-attention
into per-agent teacher contexts cti. The actor uses recurrent fea-
tures ht

i to predict a student context ĉti to FiLM-modulate policy
features, controlled by the context-reliance gate gti . The dashed
boxes indicate trainable components and the coral connection de-
notes the distillation path.

By using cross-attention with a fixed number of trainable
query vectors, we enforce an information bottleneck that
yields a compact coordination summary. This is intended to
make the representation more transferable across rosters by
biasing the critic toward team-level factors most useful for
value estimation rather than overly granular roster-specific
details. The coordination tokens Zt are concatenated into
a fixed-width team representation and passed to the value
head to predict the centralized team value. In parallel, the
per-agent observation encodings attend back to the coordina-
tion tokens in a secondary cross-attention layer to produce
per-agent teacher contexts (cti), which are personalized co-
ordination contexts used in context distillation:

ηtik = softmaxk=1,...,K

(
(eti)

⊤ztk√
d

)
,

cti =

K∑
k=1

ηtikz
t
k, i ∈ r.

(1)

This construction is permutation-invariant for the value
branch and permutation-equivariant for the per-agent teacher
contexts, which allows for assigning one personalized con-
text to each active agent independently of agent ordering.
Implementing the teacher module within the centralized
critic enables the value loss to shape the teacher’s param-
eters to identify useful team features for value estimation.
The learned query vectors (Q) first extract team-level fac-
tors from the set of agent observation embeddings (Et),
shaped by the value objective, so that the coordination to-
kens (Zt) tend to encode compact patterns that matter at
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PC3D: Zero-Shot Cooperation Across Variable Rosters

the collective level. Then, the secondary attention provides
each agent with a personalized context (cti) by retrieving the
subset of these latent factors most aligned with the agent’s
embedding (eti). Using dot-product attention with identity
projections keeps this readout similarity-based, which is a
deliberate inductive bias intended to reduce the risk that the
context is overly shaped by the value loss through unnec-
essary learnable flexibility and to make it more likely to
remain structured, recoverable, and tied to agent-observable
features.

3.2. Decentralized context recovery and adaptive
conditioning

PC3D employs shared-parameter actor networks for reuse
by a variable number of agents. To enable agents to recover
and leverage teacher context under partial observability,
we equip the actor networks with context-estimation and
feature-modulation paths. First, recurrent actor features (hti)
undergo two linear transformations to produce the agent’s
context (ĉti) and context reliance control signal (ρti) esti-
mates:

ĉti = Wch
t
i + bc,

ρti = clip
(
w⊤
u h

t
i + bu, ρmin, ρmax

)
.

(2)

We clip ρti to stabilize early training and reduce premature
gate (gti below) saturation. ρti is then converted into a gating
scalar to control the modulation of the recurrent features
in a Feature-wise Linear Modulation (FiLM) (Perez et al.,
2018) with the agent’s context estimation:

[
γti ;β

t
i

]
= Wf ĉ

t
i + bf ,

gti = σ(agρ
t
i + bg),

h̃ti = hti ⊙ (1 + gtiγ
t
i ) + gtiβ

t
i ,

(3)

where γti and βti are the scaling and shifting terms for the
FiLM modulation; ag and bg are scale and offset control
parameters for the context reliance gating. The resulting
transformed hidden features (h̃ti) are then fed into the policy
head.

We use feature modulation (instead of a concatenation such
as [hti; ĉ

t
i]) so that context estimation can adaptively influ-

ence the policy features without competing with them as
a separate input stream. Moreover, the context estimate ĉti
is distilled from the teacher context cti (Eq. 4) shaped for
team-value estimation, so the way this information should
affect action selection is not fixed a priori. The actor learns,
through the policy objective, how (by γti and βti ) and to
what extent (by gti ) the recovered context should shape pol-
icy features.

3.3. Training objective

PC3D-MAPPO retains the standard MAPPO optimization com-
ponents, including PPO-style clipped policy updates, cen-
tralized value regression, entropy regularization, and GAE-
based advantage estimation (Schulman et al., 2017; 2018;
Yu et al., 2022; Ahmed et al., 2019), and extends the learning
objective with a single distillation term.

Let c̄ti denote the detached personalized teacher context
used as the distillation target for agent i at time t (from Eq.
1), and let ĉti denote the student context predicted from local
history (from Eq. 2). We train the student context with a
smooth L1 (Huber) distillation loss:

Ldistill =
1

|D|
∑

(t,i)∈D

ℓHuber

(
ĉti, c̄

t
i

)
, (4)

where D is the set of valid agent-time decision pairs in the
minibatch. Huber distillation loss allows the distillation
to recover from large early-stage teacher-student misalign-
ment without weakening regression in well-aligned contexts.
In practice, we use the exponential moving average of the
teacher to stabilize the distillation target during policy up-
dates.

Then the full PC3D-MAPPO objective becomes

L = LPPO + λV LV − λHLH + λdistillLdistill, (5)

where LPPO, LV , and LH are the standard MAPPO actor,
value, and entropy terms, respectively.

The objective is optimized over a training distribution over
a subset of admissible rosters for the same cooperative task.
This exposes the learner to multiple roster sizes during train-
ing, while preserving the evaluation goal of decentralized
execution on both seen and held-out rosters.

Importantly, the context-reliance estimation receives no di-
rect supervision. It is optimized only with respect to the
policy objective so that the model learns, via return maxi-
mization, how strongly and under what conditions the con-
text estimates should influence action selection.

4. Results
4.1. Experimental setup

Benchmarks. We evaluate PC3D on three fully cooper-
ative MARL environments (Figure 3). In each benchmark,
the roster size varies across episodes, execution is decentral-
ized, agents are homogeneous, and each agent acts based
on its local observation history. We modify environments
to use fixed-width local observations where possible, lim-
iting exposure to trivial roster cues arising from changing
observation dimensionality across roster sizes. The roster
sizes we use in our training and evaluations are split into ex-
plicit training (seen during training), validation (unseen but

5



275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

PC3D: Zero-Shot Cooperation Across Variable Rosters

Table 1. Evaluation performance across roster splits. Returns (means ± standard deviations) across five seeded final checkpoints. For
each seed, the mean is the average per-count evaluation returns within the corresponding train, validation, or test roster sizes. Higher is
better for all tasks. LBF values are multiplied by 102 for readability. Bold indicates the best method in each column.

Method Spread LBF (×1e2) RWARE

Train Validation Test Train Validation Test Train Validation Test

IPPO −57.06 ± 1.6 −65.01 ± 2.0 −103.43 ± 2.6 6.84 ± 1.4 3.98 ± 0.7 8.24 ± 0.6 2.58 ± 1.5 2.58 ± 1.5 6.17 ± 3.0
MAPPO −42.45 ± 0.8 −51.96 ± 1.3 −86.13 ± 1.7 5.61 ± 0.6 3.44 ± 0.5 7.91 ± 0.8 1.07 ± 0.6 0.99 ± 0.6 2.77 ± 1.6
PIC-MAPPO −42.00 ± 0.5 −50.34 ± 0.9 −84.42 ± 1.3 6.84 ± 1.4 3.76 ± 0.7 8.40 ± 1.1 2.30 ± 1.4 2.22 ± 1.4 5.67 ± 2.8
PC3D-MAPPO −39.90±0.7 −48.09±1.0 −79.18±1.5 7.91±0.7 4.47±0.3 8.98±0.1 3.58±1.5 3.53±1.5 7.73±2.7

(a) Spread (b) LBF (c) RWARE
Figure 3. Evaluation benchmarks. We evaluate PC3D on Spread,
LBF, and RWARE, adapting each benchmark to episodic roster
variation under fixed local observation interfaces.

used for selection during hyperparameter search, reserved
for intermediate values), and held-out test counts (unseen
and used only for reporting, reserved for larger counts to
demonstrate extrapolation).

Simple Spread (Mordatch & Abbeel, 2018) is a standard
MPE particle-world coverage task, with a two-dimensional
arena in which agents must spread out to cover the land-
marks while avoiding collisions (Figure 3a). Our ver-
sion was built from PettingZoo’s (Terry et al., 2021)
simple_spread_v3 environment with discrete actions
and n landmarks for each n agent roster. We modify the
environment interface with shared team rewards (negative-
sum of distances between each landmark and the closest
respective agent minus collision penalties), disabled com-
munication channels, and fixed-width local observations
(retaining only the agent’s own velocity and position, the
three nearest landmarks and teammates). We use training
roster sizes {1, 2, 4, 6, 8}, validation roster sizes {3, 5, 7},
and held-out test roster sizes {9, 10}.

Level-based foraging (LBF) (Christianos et al., 2020; Pa-
poudakis et al., 2021) is a grid-world mixed cooperative-
competitive game (Figure 3b) where agents and food items
have levels and a food item can be collected only when
adjacent agents execute the loading action with a suffi-
cient combined level. We use the cooperative variant
Foraging-2s-10x10-{n}p-{f}f-coop-v3, with
sight range 2. We report normalized team returns, com-
puted as the native team reward divided by the active roster
size. We scale the number of food items (f) with the active
roster size (n). We replace the native observation with a
fixed-width local entity encoding that does not grow with

team size. We use training roster sizes {2, 4, 6}, validation
roster sizes {3, 5}, and held-out test roster sizes {7, 8}.

Multi-Robot Warehouse (RWARE) (Papoudakis et al.,
2021) is a robotic warehouse control benchmark in which
robots move through aisles, pick up requested shelves, and
deliver them to goal cells (G) (Figure 3c). We use the
rware-small-{n}ag-v2 layout (20×10). The reward
type is set to global, so every robot receives the same re-
ward when the team successfully delivers the requested
shelves. RWARE is sparse and congestion-sensitive: larger
teams can increase throughput, but they also congest the
passages and interfere with shelf retrieval. We use training
roster sizes {2, 4, 6, 8}, validation roster sizes {3, 5, 7}, and
held-out test roster sizes {9, 10}.

Baselines. We compare PC3D against three MARL base-
lines chosen to evaluate its contribution under the same
decentralized execution setting: agents act from local his-
tories without execution-time communication, privileged
coordinators, global observations, or problem-specific state
decompositions. Our analyzes systematically evaluate the
gains introduced by personalized context distillation and
adaptive context use in isolation, rather than reporting an
exhaustive benchmarking study. IPPO is the MARL adap-
tation of the Proximal Policy Optimization algorithm with
an independent learning setting, where both training and
execution are fully decentralized (de Witt et al., 2020; Yu
et al., 2022). MAPPO extends it with a centralized critic
and serves as our backbone method (Yu et al., 2022). In
our variable-roster setting, MAPPO uses a fixed-width critic
input based on the maximum admitted roster size, with in-
active slots masked. PIC-MAPPO replaces the fixed-width
centralized critic with a permutation-invariant set critic (Liu
et al., 2020), but it does not distill personalized teacher
contexts or adaptively condition the actor on the recovered
context. All method implementations employ recurrent and
shared-parameter actor networks so that the same policy can
be reused across roster sizes.

Training and evaluation. We adopt a staged curriculum
that gradually increases roster diversity (Long et al., 2020;
Agarwal et al., 2020). We specify these stages in Figure 4.
We report five seeded repetitions for each method-task pair.
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(a) Spread (b) LBF (c) RWARE
Figure 4. Training returns. Curves show mean training returns (±95 CI) across seeds, with each colored patch corresponding to one
curriculum stage and its active training roster set. Higher returns are better.

Table 2. Ablation study. We train three versions of each model with ablations. Entries report mean ± standard deviation across five
seeded final checkpoints, using the same split-level aggregation as Table 1. PC3D-MAPPO row is taken from Table 1. Bold indicates the
best variant in each column.

Method Spread LBF (×1e2) RWARE

Train Validation Test Train Validation Test Train Validation Test

PC3D-MAPPO −39.90 ± 0.7 −48.09±1.0 −79.18±1.5 7.91±0.7 4.47 ± 0.3 8.98±0.1 3.58±1.5 3.53±1.5 7.73±2.7
Always Off Gate −41.71 ± 0.8 −50.23 ± 0.7 −82.95 ± 2.3 7.09 ± 0.5 3.54 ± 0.6 8.39 ± 0.5 2.14 ± 0.9 2.00 ± 0.9 5.43 ± 2.1
Always On Gate −41.40 ± 0.7 −49.67 ± 1.1 −82.20 ± 2.1 7.67 ± 1.0 4.28 ± 0.5 8.93 ± 0.3 3.19 ± 2.1 3.06 ± 2.0 7.22 ± 3.9
A-MAPPO −39.78±0.9 −48.24 ± 1.1 −80.65 ± 2.2 7.54 ± 0.7 4.61±0.4 8.97 ± 0.4 2.69 ± 1.7 2.58 ± 1.7 6.14 ± 2.9

For the results reported in Tables 1 and 2, and Figure 5, the
final checkpoints are evaluated on train, validation, and test
agent-count splits, with 100 rollouts per count.

4.2. Main results

Table 1 reports final-checkpoint performance across the
three benchmarks. PC3D-MAPPO obtains the strongest mean
return in all tasks and splits, including held-out roster sizes
that are never seen during training. The gains are clearest in
Spread, where the PC3D actor improves substantially over
the second-best method (PIC-MAPPO). LBF shows the same
pattern on a different reward scale, with PC3D improving
validation and test returns while preserving better training
performance. RWARE results appear noisier (reflected in
larger standard deviations), but display the same pattern:
PC3D improves its backbone (MAPPO) by a clear margin
and performs the best on train, validation, and test counts.

The learning curves in Figure 4 show optimization behav-
ior under the active curriculum distribution. First, PC3D
remains competitive throughout the curriculum, with more
notable improvements over baselines in later stages as ros-
ters grow and roster distribution becomes more diverse. This
is consistent with the primary objective of PC3D: a method
that extends the single-roster optimizers to generalize across
diverse roster distributions.

Figure 5 shows the evaluation returns for each method and
benchmark across the used roster sizes. These plots better
highlight count-specific performances that are compressed
in the split means we report in Table 1. PC3D generally
shifts the return distribution upward across both seen and

unseen counts, rather than improving only a single favorable
roster size. In particular, evaluations on larger rosters show
that PC3D widens the margin over baselines as coordination
becomes less trivial.

4.3. Ablations

We perform ablations to test whether the gains reported
in Section 4.2 are correlated with our methodological ob-
jectives. Using the same PC3D runs (from Section 4.2),
we ablate the two mechanisms that form the basis of the
intuition behind PC3D: context distillation and adaptive con-
text conditioning. Always Off Gate sets gti = 0 (see Eq.
3), preventing context modulation; Always On Gate sets
gti = 1, forcing non-adaptive modulation; and A-MAPPO
sets λdistill = 0 (see Eq. 5), retaining the attention critic and
feature conditioning path without teacher-student alignment.
The ablations use the same training and evaluation protocol
as the corresponding PC3D runs.

The results presented in Table 2 support three conclusions.
First, turning the gate off consistently hurts performance,
showing that the learned context pathway is not a passive
auxiliary head. Second, forcing the gate on is competitive in
LBF but notably weaker in Spread and RWARE, suggesting
that adaptive reliance is most useful when roster diversity
increases and task demands vary across roster sizes. Third,
removing distillation can occasionally remain competitive
(most notably Spread seen and LBF unseen splits), but it
weakens generalization in Spread and substantially hurts
RWARE across splits. Overall, these results suggest that the
centralized teacher does not merely improve the critic; it
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(a) Spread

(b) LBF

(c) RWARE
Figure 5. Evaluation returns across roster sizes. Final-checkpoint returns for each evaluated roster size. Each count is evaluated
separately with 100 rollouts. Downward markers indicate methods whose returns fall below the displayed range.

provides a personalized signal that helps the recurrent actor
recover and use coordination context under roster shift.

5. Conclusions
This study focused on open-team cooperation under episodic
roster variation and partial observability, where fully decen-
tralized agents cooperate across varying and unseen team
sizes. We formalized this setting as a family of roster-
indexed Dec-POMDPs induced by a shared template, and
argued that standard CTDE methods lack an explicit mecha-
nism for turning centralized coordination information into a
reusable decentralized representation.

We introduced PC3D on top of a MAPPO backbone as a
method that trains a set-structured centralized teacher to per-
sonalize its context and distill it into decentralized policies.
The resulting actor recovers a student coordination context
from local history and adaptively uses it through gated fea-
ture modulation. In contrast to approaches that address OTC
by introducing structural assumptions, PC3D preserves the
fully decentralized execution contract while providing the
policy with a direct training signal to recover useful coordi-
nation context from local interactions, supporting zero-shot
adaptation across varying roster sizes.

Across Spread, LBF, and RWARE, PC3D improves over
IPPO, MAPPO, and PIC-MAPPO on both seen and unseen
roster sizes. Furthermore, the ablations support that non-

adaptive modulation or the removal of distillation weakens
performance, especially under larger roster shifts. Gener-
ally, our results indicate that open-team cooperation should
be treated not only as a robustness problem but also as a
representation-transfer problem between centralized train-
ing and decentralized execution.

Extending PC3D to heterogeneous teams and in-episode
roster changes is a natural next step. Moreover, testing it
with value-factorization or off-policy critic CTDE meth-
ods would clarify the transferability of the coordination-
distillation principle. PC3D is least compelling when exe-
cution permits communication or centralized observations,
or when the task does not contain a reusable cooperative
structure across rosters. It is intended for settings where
centralized roster-dependent representations can be person-
alized and meaningfully guide decentralized execution.

PC3D aims to support more robust decentralized coordina-
tion in robotics, logistics, and distributed control. However,
deployment in safety-critical settings requires additional
validation, as failures in unseen team configurations could
lead to unsafe collective behavior.

Accessibility. We make our codebase (with hyperparame-
ters and environment configurations) publicly available in
an online repository1.

1Anonymized repository: https://anonymous.4open.
science/r/pc3d_anon
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