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Scalable multiagent control under stochastic communica-
tion remains an open challenge. Several real-world multia-
gent problems, including robot exploration teams (Saboia
et al. 2022; Roucek et al. 2019), cooperative driving (Zhao
et al. 2021; Li et al. 2023), and satellite collision avoidance
(Dolan, Nayak, and Balakrishnan 2023; Zhao et al. 2025),
feature stochastic communication dynamics conditioned on
the underlying environment or actions taken. These semi-
decentralized systems (Al-Husseini, Wray, and Kochenderfer
2026) (Figure 1) necessitate planning over the stochastic in-
formation structure under which actions are executed and
observations are received. Planning approaches (RS-SDA*)
scale poorly, sampling-based search methods (Dec-MCTS)
assume fixed-period communication, and MARL methods
(QMIX, MAPPO, MAZero) enforce strict execution-time
decentralization, foreclosing coordination opportunities that
arise stochastically at decision time.

We adopt the Semi-Decentralized POMDP, which unifies
the Dec-POMDP and MPOMDP through a distribution over
agent communication-sojourn times. We introduce SDecM-
CTS, a multiagent MCTS algorithm competitive with RS-
SDA™* in solution quality at comparable compute on small
benchmarks. SDecMCTS uses a centralized belief-MDP tree
as a high-quality critic, then solves a factored local-policy
extraction problem over reachable decentralized stages. We
extend SDecMCTS to Semi-Decentralized Zero (SDecZero),
a scalable AlphaZero-style algorithm that trains centrally
and executes semi-decentrally (Figure 2). SDecZero searches
over the belief-MDP using a unified value and policy network.
We add a communication head to the network to learn the
communication-sojourn time distribution.

SDecMCTS is competitive with Approximate RS-SDA*
and significantly outperforms DecMCTS across three canoni-
cal semi-decentralized benchmarks and deterministic and
stochastic versions of six generated labyrinth environ-
ments. Similarly, SDecZero significantly outperforms QMIX,
MAPPO, IPPO, and MASAC across two scenarios in large
multi-drone search problems in real-world cave systems as-
sociated with the DARPA Subterranean Challenge. Overall,
the results show a consistent progression across planning,
learning with known communication, and learning with in-
ferred communication. SDecMCTS establishes that semi-
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Figure 1: Illustrating semi-decentralization in the DARPA
Subterranean Challenge environment.
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Figure 2: SDecZero algorithm outline.

decentralized search can approach centralized planning qual-
ity on small and medium-scale benchmarks while avoiding
the brittleness of fixed-period Dec-MCTS. SDecZero then
amortizes this search procedure and scales it to realistic cave-
system graphs. Finally, our learned-communication-head ex-
periment demonstrates that the stochastic communication
model itself can be recovered from data with sufficient accu-
racy to support high-return semi-decentralized execution.
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Abstract

Scalable multiagent control under stochastic communication
remains an open challenge. Planning approaches (RS-SDA*)
scale poorly, sampling-based search methods (Dec-MCTS)
assume fixed-period communication, and MARL methods
(QMIX, MAPPO, MAZero) enforce strict execution-time
decentralization, foreclosing coordination opportunities that
arise stochastically at decision time. We adopt the Semi-
Decentralized POMDP, which unifies the Dec-POMDP and
MPOMDP through a distribution over agent communication-
sojourn times. We introduce SDecMCTS, a multiagent MCTS
algorithm competitive with RS-SDA”* in solution quality at
comparable compute on small benchmarks. SDecMCTS uses
a centralized belief-MDP tree as a high-quality critic, then
solves a factored local-policy extraction problem over reach-
able decentralized stages. We extend SDecMCTS to Semi-
Decentralized Zero (SDecZero), a scalable AlphaZero-style
algorithm that trains centrally and executes semi-decentrally.
SDecZero searches over the belief-MDP using a unified value
and policy network. We add a communication head to the
network to learn the communication-sojourn time distribu-
tion. SDecZero significantly outperforms QMIX, MAPPO,
IPPO, and MASAC across two scenarios in large multi-drone
search problems in real-world cave systems associated with
the DARPA Subterranean Challenge.

Introduction

Several real-world multiagent problems, including robot ex-
ploration teams (Saboia et al. 2022; Roucek et al. 2019),
cooperative driving (Zhao et al. 2021; Li et al. 2023), and
satellite collision avoidance (Dolan, Nayak, and Balakrishnan
2023; Zhao et al. 2025), feature stochastic communication
dynamics conditioned on the underlying environment or ac-
tions taken. These semi-decentralized systems (Al-Husseini,
Wray, and Kochenderfer 2026) necessitate planning over the
stochastic information structure under which actions are exe-
cuted and observations are received. Consider a robot team
conducting a search and rescue mission in a subterranean
cave with line-of-sight communication, depicted in Figure
1. The robots may temporarily share observations and co-
ordinate a joint plan, lose contact while moving through
different tunnels, and later reconnect with new local histories.
Most MARL methods, including centralized training with
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Figure 1: Illustrating semi-decentralization in the DARPA
Subterranean Challenge environment.

decentralized execution (CTDE) (Amato 2024) and learned-
communication approaches (Zhu, Dastani, and Wang 2024a),
assume a fixed execution-time information structure. Agents
either execute decentralized policies, possibly conditioned
on learned messages, or operate under an always-centralized
planner. Few methods perform online joint-action planning
at intermittent communication opportunities; exceptions in-
clude the very classical Dec-POMDP planners (Al-Husseini
et al. 2026) that inspire our work. Recent multiagent model-
based tree-search algorithms (Liu et al. 2024a; Hao et al.
2024a) demonstrate improved sample efficiency, but again
assume online decentralization. There is a well-defined gap
between scalable and efficient MARL algorithms and do-
mains in which communication opportunities are stochastic,
recurrent, and action- or state-dependent. We address this by
explicitly modeling the execution-time information structure
as part of the control problem, enabling agents to plan over
both actions and the future communication regimes those
actions may induce.

We formalize the semi-decentralized setting using the
Semi-Decentralized POMDP (Al-Husseini, Wray, and
Kochenderfer 2026), a multiagent model in which communi-
cation and coordination opportunities evolve stochastically in
the environment. We first introduce SDecMCTS, a classical



Monte Carlo tree search implementation that uses Centralized
Planning Semi-Decentralized Execution (CPSDE). We then
extend this planner to SDecZero, an AlphaZero-style method
that amortizes semi-decentralized search through learned pol-
icy and value networks. Finally, we introduce SDecMuZero,
which learns the stochastic communication-sojourn model
during online search. Unlike prior CTDE and model-based
MARL methods, our algorithms do not commit to a purely
centralized or decentralized executor. Instead, they derive
both joint coordination and decentralized fallback behavior
from a single semi-decentralized search procedure. Across
canonical semi-decentralized benchmarks and large-scale
subterranean search-and-rescue simulations, our results show
that search-based semi-decentralized policy learning can re-
cover much of the value of centralized coordination under
stochastic communication loss while remaining tractable.
Contributions

* We introduce SDecMCTS, a novel multiagent extension
of MCTS which uses centralized planning and semi-
decentralized execution (CPSDE). SDecMCTS demon-
strates state-of-the-art performance across nine canonical
semi-decentralized planning benchmarks.

¢ We further introduce SDecZero, which extends SDecM-
CTS to the AlphaZero framework, and enables significant
scaling.

* We learn the underlying stochastic communication dy-
namics by adding a network communication head.

* We show that SDecZero significantly outperforms model-
free (MAPPO, IPPO, QMIX, MASAC) methods in eight
real-world semi-decentralized cave system simulations, to
include that of the DARPA Subterranean Challenge site.

Related Work

Planning approaches. Multiagent planning is commonly
formalized using the Dec-POMDP (Oliehoek, Amato et al.
2016), which provides a principled model for cooperative
decentralized agents acting under partial observability. Dec-
POMDP solvers such as MAA* (Szer, Charpillet, and Zilber-
stein 2005) and modern recursive small-step variants (Koops
et al. 2023; Koops, Junges, and Jansen 2024a) optimize policy
trees with admissible heuristic search and partial policy prun-
ing, but remain limited by the combinatorial growth of joint
policies and observation histories. More directly related to
our setting, the SDec-POMDP formalism and RS-SDA* ex-
tend this line of work to semi-decentralized systems in which
communication evolves stochastically per the environment or
control strategy (Al-Husseini, Wray, and Kochenderfer 2026;
Al-Husseini et al. 2026). Hybrid decentralized search tech-
niques like Dec-MCTS (Best et al. 2019) and Dec-MCTS-SP
(Li et al. 2019) improve scalability by maintaining agent-
specific search-trees aided by prediction-based heuristics;
they are however limited to the narrow case of fixed-period
communication, and do not implement networks for scale.

Model-free multiagent reinforcement learning. Model-
free MARL has produced scalable algorithms for cooperative
and mixed multiagent domains, primarily through CTDE.
Actor-critic methods such as MADDPG (Lowe et al. 2017)

and COMA (Foerster et al. 2018) use centralized critics
to stabilize learning and address multiagent credit assign-
ment while deploying local policies at execution time. Value-
factorization methods such as VDN (Su, Adams, and Bel-
ing 2021), QMIX (Rashid et al. 2020), and QPLEX (Wang
et al. 2021) learn structured decompositions of the joint
action-value function that permit decentralized action se-
lection. Policy-gradient methods such as MAPPO (Yu et al.
2022) have proven performant across standard cooperative
MARL benchmarks. Although scalable and generally effec-
tive, model-free approaches perform poorly in multiagent
domains with stochastic information flow, sparse reward sig-
nals, and critical joint actions. Model-free approaches are
sample inefficient, which degrades performance when inter-
action with the environment is limited.

Model-based multiagent reinforcement learning. Model-
based MARL improves sample efficiency by exploiting
known or learned dynamics models to enable imagined roll-
outs. MAMBA learns a multiagent communication world
model to reduce environment interaction in cooperative tasks
(Egorov and Shpilman 2022). MuZero-style methods that
incorporate tree search into multiagent learning have become
increasingly popular: MAZero uses a centralized model with
MCTS to enhance policy search and introduces two search ef-
ficiency techniques (Liu et al. 2024b), MA Gumbel MuZero
replaces the traditional PUCT exploration mechanism with
Gumbel-top-k search to overcome combinatorial joint-action
spaces (Hao et al. 2024b), and MALinZero cleverly projects
joint-action returns into a low-dimensional space and solv-
ing a contextual linear bandit problem (Tang, Chen, and Lan
2026). Notably, these algorithms assume a fixed execution-
time information structure. In contrast, our methods explicitly
model stochastic transitions between communication regimes
and derive centralized and decentralized behavior from a sin-
gle semi-decentralized search procedure.

Communication and hybrid execution in multiagent rein-
forcement learning. The MARL-COMM literature (Zhu,
Dastani, and Wang 2024b) augments decentralized policies
with learned explicit communication mechanisms, includ-
ing continuous differentiable messages, discrete protocols,
gating, targeted communication, and attention-based aggre-
gation. Representative methods such as DIAL (Foerster et al.
2016) learn communication channels jointly with policies,
while later approaches such as IC3Net (Singh, Jain, and
Sukhbaatar 2019), TarMAC (Das et al. 2019), and ATOC
(Jiang and Lu 2018) learn when to communicate, whom to
communicate with, or how to aggregate messages. Closest
to our setting, MARO (Santos et al. 2025) studies hybrid
execution, in which agents may encounter arbitrary commu-
nication levels at test time, ranging from fully decentralized
to fully centralized execution, and proposes an autoregres-
sive model for imputing missing observations under faulty
or partial communication. These approaches improve co-
ordination under partial observability and communication
constraints, but they primarily learn message-conditioned
policies or missing-observation predictors under a prescribed
communication process.



Preliminaries

Definition 1. The semi-Markov property for communica-
tion, or semi-decentralization, admits a distribution over time
for what information agents can store in memory.

Sojourn communication time T is general continuous ran-
dom variable representing the time for an agent to return to
an information-sharing state. We here overload 7 for sojourn
communication time, distinct from sojourn control time.

eq:secondQ( < 7,8 | 7, s,a,a’)

As with SMDPs, we can define @ as the product of F(7/ |
s',a',7)and T'(s' | s,a,7), where ¥ may be conditioned on
the subsequent joint action set @’. SMDPs have one agent with
an implicit conditioned 7 = 0. However, SDec-POMDPs
have multiple agents with varied 7. Thus it is more general
with 7/ conditioned on 7. Semi-decentralized models assume
an initial 79, which can be interpreted as the communicating
state of each agent when 77 = 0. When 7 =0, information shar-
ing can occur coinciding with a communication epoch. We
assume noise-free instantaneous broadcast communication re-
sulting in a single communicating agent set as in a blackboard
(Erman et al. 1980; Craig 1988). Semi-decentralization may
however incorporate multiple distinct communicating sets.
Whereas as semi-Markov control systems toggle model tran-
sition dynamics using 7, semi-decentralized systems toggle
updating histories using 7.

We pose the problem as a semi-decentralized partially
observable Markov decision process (SDec-POMDP) (Al-
Husseini, Wray, and Kochenderfer 2026). The SDec-POMDP
is a principled model for cooperative multiagent teams sub-
ject to stochastic communication constraints. The SDec-
POMDP unifies the Dec-POMDP and MPOMDP frameworks
along a communication dimension.

SDec-POMDPs

Shown in Figure 2, the semi-decentralized partially ob-
servable Markov decision process (SDec-POMDP) is
a semi-decentralized multiagent decision process for
sequential decision-making under partial observability
and probabilistic communication characterized by tuple
(I,5,A,0,T,0,R, F), where:

¢ [ is a finite set of k agents,

¢ S is a finite set of states,

o A = x,A, is a finite set of joint actions,

o O = x,0, is a finite set of joint observations, and

* T:8xAxS — [0,1] is a state transition function where
T(s' | s,a) is the probability of transitioning into state s’
given joint action a being performed in state s,

* O : 0 xS x Ais a joint-observation function where
O(d | ',a) specifies the probability of attaining joint-
observation o’ when joint action @ results in state ',

* R: S x A — Ris areward function such that R(s,a)
is the immediate reward for performing joint action @ in
state s, and

e F(1 | s,a) is the communication sojourn distribution,
defining the probability an agent remains decentralized
for duration 7 conditioned on the current state and joint
action taken.

vy

Figure 2: The SDec-POMDP Bayes net. Policy infrastructure
is shown on the left and world model on the right. The purple
backdrop is the blackboard with memory M, generated from
the histories of communicating agents. The gray backdrop
with plate notation includes the individual agent memories
M;. Z selector nodes are selectively toggled by 7 to facilitate
memory propagation 7, represented by dashed lines. Policy
1) edges are represented by dotted lines.
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Figure 3: SDecMCTS algorithm outline.

Definition 4. Centralized Planning Semi-Decentralized
Execution. Centralized Planning Semi-Decentralized Exe-
cution (CPSDE) is a multiagent planning regime in which
agents conduct centralized offline planning, but toggle be-
tween centralized and decentralized policies online. Rather
than executing only the next joint action, the agents peri-
odically extract a semi-decentralized contingent policy over
private histories, allowing them to continue acting during
communication gaps. Execution proceeds open-loop with
respect to centralized communication, but closed-loop with
respect to each agent’s action-observation history. When the
agents return to a communication state, their histories are
merged and centralized re-planning resumes. This formula-
tion preserves the decision quality of centralized belief-space
planning where communication permits it, while explicitly
adhering to the constraints induced by semi-decentralized
execution.



SDecMCTS

Overview. Following from CPSDE, SDecMCTS performs
classical Monte Carlo tree search from a synchronized be-
lief, then converts the resulting centralized search tree into
a semi-decentralized execution policy (see Figure 3). Policy
extraction maps private observation histories to local actions
by aggregating the centralized tree’s joint-action evidence
over information-compatible branches. When extraction en-
counters unsupported or weakly visited histories, fallback
mechanisms can use conservative replanning, heuristic com-
pletion, robust visit-count selection, or safe default actions.
The method therefore preserves centralized search quality
where evidence exists while maintaining executable local
policies between synchronization events.

Policy Extraction. To extract a decentralized policy during
execution, the extraction mechanism groups visited decen-
tralized nodes by depth and their joint private-history cluster,
then projects those clusters into per-agent information states
conditioned on last synchronized belief plus local private his-
tory. We then solve for a factored policy mapping each agent’s
local information state to a local action. The extraction objec-
tive maximizes the expected centralized tree value under the
empirical distribution of visited private-history clusters, using
the backed-up joint-action values from the centralized tree
with shrinkage toward heuristic or prior values in low-count
regimes. Small factored optimization problems are solved
using exhaustive enumeration over candidate local policy
maps. Larger factored optimization problems use an iterative
best-response solver.

Fallback Techniques. Unlike the analytical MAA* algo-
rithms, SDecMCTS rarely generates a complete policy that
considers every reachable joint observation history. This is be-
cause finite-budget search may not visit every private-history
branch that can arise during execution, in planning. SDecM-
CTS therefore includes fallback mechanisms to make ex-
tracted policies executable without artificially re-centralizing
the agents. During extraction, actions that were never eval-
uated for a private-history cluster can be disallowed, pre-
venting the decentralized policy from selecting unsupported
branches of the centralized tree. For low-support clusters,
a configurable heuristic fallback ratio permits replacement
of fragile extracted decisions with a tiebreak action derived
from the model-based prior, such as POMDP, QMDP, looka-
head, or, when a neural policy is active, the learned policy
logits. Fallback is intended as a robustness mechanism rather
than the primary decision rule; high-quality SDecMCTS runs
should have low fallback fractions.

SDecZero

Overview. In the style of AlphaZero, BetaZero, and
MuZero, SDecZero extends SDecMCTS with learned neural
guidance to enable scaling (see Figure 4). SDecZero applies
BetaZero to belief-space semi-decentralized planning while
retaining a flat joint-action policy head. The core planner
remains centralized MCTS with PUCT exploration operating
over belief states. Beliefs may either be represented using
an exact sparse Bayesian updater or a particle filter. Policy
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Figure 4: SDecZero algorithm outline.

targets are derived from search statistics at the correspond-
ing belief, typically through MaxN-style visit distributions,
with optional Q-weighted variants implemented. SDecZero
can either train under centralized replanning and apply SDec
extraction at evaluation time, or execute an SDec-aware data-
generation path in which centralized trees are built at sync
beliefs, semi-decentralized policies are extracted, and those
policies are executed until the next sync or terminal state.

We also support auxiliary SDec-relevant training rows: cen-
tralized trigger episodes can identify private-history nodes
that lie on extracted semi-decentralized paths, and those be-
liefs can be labeled with centralized PUCT policy targets
and closed-loop target-mode values. We optionally consider
the case of learned communication dynamics by adding a
communication head to the network. Value and policy targets
are gathered from the centralized inner planning loop, and
where applicable, communication labels are gathered from
the in-environment semi-decentralized outer loop. The result-
ing algorithm amortizes expensive centralized planning into
a reusable neural guide while evaluating the policy under the
same semi-decentralized communication constraints used at
deployment.

Experiments

We conduct both planning (SDecMCTS) and learning
(SDecZero) experiments to evaluate both algorithms across
various problem types. SDecMCTS is evaluated against
RS-MAA*, RS-SDA*, and Dec-MCTS on small semi-
decentralized benchmarks including SDEC-TIGER, SDEC-
MARS, MARITIMEMEDEVAC, and various SEARCH AND
RETURN labyrinth problems. SDecZero is evaluated against
IPPO, MAPPO, QMIX, and MASAC on large semi-
decentralized benchmarks including SEARCH AND RETURN
labyrinth problems from the DARPA Subterranean Site Chal-
lenge. Collectively, these baselines comprise the current state-
of-the-art for decentralized and semi-decentralized multia-
gent planning and learning.

Setup. All experiments were conducted on an AMD Ryzen
9 9900X3D 12-Core Processor (4400 MHz), with timeout



occurring at 20 minutes. Approximate RS-SDA* is imple-
mented in Python 3, and code is available at https://github.
com/mahdial-husseini/RSSDA to support reproducibility. We
compare directly against the RS-MAA* implementation pro-
vided by Koops, Junges, and Jansen (2024b). MAPPO, IPPO,
and QMIX were sourced from the BenchMARL library (Bet-
tini, Prorok, and Moens 2024), and MASAC sourced from
the MASAC library (Felten 2023).

Canonical Benchmarks. We evaluate SDecMCTS on
three canonical SDec-POMDP benchmarks: SDEC-TIGER,
SDEC-MARS, and MARITIMEMEDEVAC (Al-Husseini,
Wray, and Kochenderfer 2026). SDEC-TIGER uses action-
based communication triggers and has stochastic observation
dynamics; RS-SDA* interleaved results are therefore pre-
sented in Table 1 as average values with standard errors across
128 paired seeds. SDEC-MARS and MARITIMEMEDEVAC
use state-based communication triggers. RS-MAA* is pre-
sented as the decentralized lower bound and RS-SDA* with
all states and joint-actions centralized is the centralized upper
bound.

We also test using LABYRINTH SEARCH & RETURN, a
two-agent graph search problem, and LABYRINTH SEARCH
& RESCUE, a more challenging variant with stochastic ob-
servations. In LABYRINTH SEARCH & RETURN, agents
navigate a graph to locate a hidden target node selected uni-
formly from the environment and then return to the start node
with the target information. The agents receive a step cost
of —1 and a terminal reward of 4100 if either returns to the
start node having found the target. Agents can only share
information and take joint actions when within line-of-sight.
LABYRINTH SEARCH & RESCUE is a high-stakes percep-
tion and assistance problem. Agents are equipped with noisy
sensors that return binary observations correlated with the
target’s presence at the current node. The action space is aug-
mented with a terminal ASSIST action. Agents must locate
the hidden target using uncertain sensor data and commit to
assistance. Both problems are tested using the six generated
labyrinth structures in Figure 5.

Real-World Cave Systems We use the Prospector simu-
lator (Ward et al. 2025) to simulate caves from the DARPA
Subterranean Challenge dataset, which features real world
data from the Louisville Mega Cavern, a former limestone
mine in Kentucky. Prospector re-meshes the 3D data provided
by DARPA, and provides simulations of other real-world
caves using data gathered from caving expeditions. We tran-
forms these maps into realistic traversability and coordination
graphs, as seen in Figure 6.

Experimental Results

Table 1 evaluates SDecMCTS on canonical semi-
decentralized planning benchmarks and on the larger
Labyrinth Search & Return and Search & Rescue fami-
lies. Across all SDec-POMDP benchmarks, SDecMCTS
consistently recovers most of the value of centralized
planning while preserving semi-decentralized execution.
On SDEC-TIGER, SDecMCTS remains close to the Exact
RS-SDA* centralized upper bound for all horizons, obtaining
60.46, 71.60, 92.10, and 121.04 at horizons 10, 12, 15, and
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Figure 5: Simulated Labyrinth Layouts

20, respectively, while requiring less than one second per
instance. In contrast, Dec-MCTS produces substantially
lower returns, ranging from 22.83 to 30.71, and requires be-
tween 18 and 41 seconds. This gap is especially pronounced
at longer horizons, where fixed-period communication
fails to exploit the state and action-dependent coordination
opportunities modeled by the SDec-POMDP.

A similar trend holds on SDEC-MARS and MAR-
ITIMEMEDEVAC. On SDEC-MARS, SDecMCTS tracks the
centralized upper bound closely, achieving 27.41 at hori-
zon 10 compared with 28.61 for Exact RS-SDA*, while
Dec-MCTS reaches only 21.85. On MARITIMEMEDEVAC,
SDecMCTS again remains near the centralized benchmark
and outperforms Dec-MCTS on three of the four horizons.
Small empirical exceedances of the exact point value, such as
the horizon-8 MARITIMEMEDEVAC result, should be inter-
preted as practical parity under finite-seed evaluation rather
than as a violation of the centralized upper-bound relation-
ship.

The Labyrinth Search & Return results further demon-
strate that SDecMCTS scales beyond the small canonical
problems while retaining strong solution quality. Across
all six graph families, SDecMCTS substantially improves
over Dec-MCTS at every reported horizon. For example, on
LABYRINTH MESH10, SDecMCTS achieves 85.67, 96.04,
and 95.48 for horizons 5, 6, and 7, compared with 53.61,
75.23, and 80.13 for Dec-MCTS. SDecMCTS also remains
close to Exact RS-SDA* on nearly all Search & Return
instances, often matching the centralized value exactly or
within a small absolute margin. This includes exact parity
on EXTCROSS9 at horizon 6, LADDER10 at horizon 6, HID-
DENTAIL11 at horizon 6, and MESH10 at horizon 5. The
largest Search & Return gap occurs on MAZE12 at horizon
6, where the more complex topology leaves a larger gap to
the centralized upper bound; nevertheless, SDecMCTS still



Table 1: SDecMCTS performance across canonical semi-
decentralized planning benchmark categories. TO denotes
timeout (>1200s). Averaged returns were performed over
128 paired seeds.

decentralized periodic semi-decentralized centralized
RS-MAA* Dec-MCTS App. RS-SDA* SDecMCTS Exact RS-SDA*
(lower bound) (Our Approach) (upper bound)
h | value  time | value  time | value  time | value time | value time
SDEC-TIGER
10 | 13.57 2| 22.83+6.33 18 | 60.26 = 0.86 1| 6046+239 <1 | 6051 1
12 | 20.76 2 2392+ 741 27 73.61 £2.85 1 71.60 & 3.09 <l 73.39 1
15 | 25.95 2| 2592+8.60 37 | 94.76 £3.09 2| 9210+£3.64 <l | 92.67 1
20 | 28.01 3| 30.71 +£10.78 41 | 120.94 + 4.46 4| 121.04 +4.23 <l | 125.19 1
SDEC-MARS (nght Band Rendezvous)
7 20.90 15.40 = 0.67 3 21.17 1 20.19 +0.56 <1 21.17 <1
8 | 2248 2 17.56 + 1.15 5 23.65 1| 2334+£027 <1 | 23.65 <1
9 2431 3 19.04 & 1.00 5 25.21 2 25.03 +£0.30 1 25.70 <1
10 | 2631 4] 2185+ 111 7 28.28 2| 2741£054 1| 286l <1
MARITIMEMEDEVAC
7 3.25 <1 483 £1.12 16 6.36 <1 5.74 £0.58 <1 6.62 <1
8 8.03 <1 9.56 £ 1.37 22 10.61 <1 11.26 £0.52 <1 10.88 <1
9 | 10.79 <1 11.78 £ 1.11 27 1274 <1 1248 £043 <1 13.01 <1
101215 <1 | 13514088 30 1335 <1 | 13264032 <1 | 1361 <l
LABYRINTH EXTCROSS9 SEARCH & RETURN (N = 2)
71.25 15 79.83 £5.42 80 84.38 1 84.38 + 0.00 2 84.38 1
7 - TO | 77254941 104 84.25 2| 83.60+0.03 3| 8425 5
8 - TO | 86.17 £11.45 108 96.75 1| 96.75+0.08 5| 9675 1
LABYRINTH LOPSIDEDY 10 SEARCH & RETURN (N = 2)
5 40.78 <l | 46.43 £18.72 44 74.67 <1 74.38 +0.02 <1 74.67 <1
6 | 5144 <l |63.00+17.77 66 8567 <1 | 85304004 <1 | 8567 <1
7 51.00 <1 | 76.03 £15.13 87 96.78 <1 95.94 + 0.06 <1 96.78 <1
LABYRINTH LADDER10 SEARCH & RETURN (N = 2)
5 | 40.78 <1 | 49.47 +18.55 50 7456 <1 | 7437+£0.02 <l | 74.67 <1
6 62.67 <1 | 55.67 £18.33 79 95.89 <1 96.33 + 0.00 1 96.33 <1
7 62.33 <l | 7583 £15.09 95 96.44 <1 96.07 +0.12 4 96.78 <1
LABYRINTH MAZE12 SEARCH & RETURN (N = 2)
5 | 3245 2| 39.47 +18.51 65 60.09 <1 | 59.90+0.00 1] 60.18 1
6 59.35 2| 60.18 £ 12.53 94 77.64 <1 77.62 +0.02 3 86.90 1
7 - TO | 80.16 £10.67 135 94.82 <1 | 9546+0.00 12| 96.00 1
LABYRINTH HIDDENTAIL11 SEARCH & RETURN (N = 2)
4 36.80 <1 | 3323 £17.81 50 57.20 <1 57.06 £+ 0.03 <1 57.20 <1
5 | 3620 13 | 36.00 £ 1828 90 66.90 <1 | 66.10+0.05 2| 66.90 1
6 | 6590 2| 48.80+18.66 128 95.80 2| 96.20 £ 0.00 4] 96.20 1
LABYRINTH MESH10 SEARCH & RETURN (N =2)
5 52.00 <1 | 53.61 £1842 23 85.67 1 85.67 &+ 0.00 4 85.67 3
6 | 73.89 6|7523+£1724 91 96.67 2| 96.04+0.03 14| 96.78 7
7 - TO | 80.13 £ 1253 111 96.67 3| 9548+0.15 37| 9678 8
LABYRINTH EXTCROSS9 SEARCH & RESCUE (N = 2)
10 ‘ 17.62 3 ‘ ‘ 80.11 + 4.80 14 ‘ 81.19 £ 3.03 14 ‘ - TO
LABYRINTH LOPSIDEDY 10 SEARCH & RESCUE (N =2)
10 | 39.91 62 | - | 65.00+5.55 4] 59.89+6.32 11| - TO
LABYRINTH LADDER10 SEARCH & RESCUE (N = 2)
10 ‘ 36.03 59 ‘ ‘ 83.00 £ 4.29 19 ‘ 86.63 +2.76 13 ‘ - TO
LABYRINTH MAZE12 SEARCH & RESCUE (N = 2)
10 | 21.53 62 | .| 4375+524 35| 64.67+540 16 | - TO
LABYRINTH HIDDENTAIL11 SEARCH & RESCUE (N = 2)
10 ‘ 21.02 65 ‘ ‘ 73.26 £5.10 41 ‘ 61.50 +4.45 11 ‘ - TO
LABYRINTH MESH10 SEARCH & RESCUE (N = 2)
10 | 48.20 17 | - | 88.10+254 115 | 88.00+2.53 33 | - TO

improves substantially over both RS-MAA* and Dec-MCTS.

The Search & Rescue variant introduces noisy observa-
tions and terminal assist decisions, making the value of semi-
decentralized coordination more visible. Exact RS-SDA*
times out on all six Search & Rescue instances, indicating that
exact centralized solution methods do not scale to this setting
within the 20-minute limit. SDecMCTS remains tractable
on every instance, producing policies in 11-33 seconds. It
is competitive with Approximate RS-SDA*, outperforming
iton EXTCROSS9, LADDER10, and MAZE12, matching it
closely on MESH10, and underperforming it on LOPSID-
EDY 10 and HIDDENTAIL11. The strongest improvement
appears on MAZE12, where SDecMCTS obtains 64.67 com-
pared with 43.75 for Approximate RS-SDA*. These results
suggest that the extracted semi-decentralized policy is espe-
cially useful when stochastic observations and graph structure
make premature local commitment costly.

Table 2 evaluates the learned SDecZero variants on two
DARPA Subterranean cave-system tasks. SDecZero with

(a) Tunnels traversability graph. (b) Tunnels coordination graph.

(c) Chamber
traversability graph.

(d) Chamber co-
ordination graph.

Figure 6: Fifteen node two-dimensional traversability and
coordination graphs for two DARPA Subterranean Challenge
cave sites: Tunnels and Chamber. The traversability graph
has an edge between two nodes if they are spatial neighbors,
and the coordination graph has an edge between two nodes if
they have a line-of-sight connection.

known communication dynamics obtains 92.31 on DARPA
3D TUNNELS-15 and 95.11 on DARPA 3D CHAMBERS-
15 after 50K environment steps. These returns exceed the
strongest model-free baseline by large absolute margins: on
Tunnels, the best baseline is IPPO at 62.10, and on Cham-
bers, the best baseline is MAPPO at 62.50. Thus, SDecZero
improves over the strongest baseline by 30.21 and 32.61 re-
turn points while using one third of the reported environment
interaction budget.

The learned-communication variant, SDecZero with a com-
munication head, remains close to the known-communication
version despite having to infer the communication-sojourn



Table 2: SDecZero performance across DARPA Subterranean
Cave Site Tunnel and Chamber Systems.

SDecZero SDecZero (learned communication) MAPPO PO QMIX MASAC
(Our Approach) (Our Approach)
h | valuie envsteps | value envsteps | value envsteps | value cnvsteps | value envsteps | value envsteps
DARPA 3D TUNNELS-15 SEARCH & RETURN (N = 2)
11| 9231 S0K | 90.31 150K | 5730 150K | 62.10 150K | -3.14 150K | 44.30 150K
DARPA 3D CHAMBERS-15 SEARCH & RETURN (N = 2)
11| 95.11 S0K | 94.09 150K | 62.50 150K | 42.60 150K | -3.14 150K | 53.33 150K

model from interaction. It obtains 90.31 on Tunnels and
94.09 on Chambers, only 2.00 and 1.02 points below the cor-
responding known-communication SDecZero results. At the
same 150K environment-step budget used by MAPPO, IPPO,
QMIX, and MASAC, the learned-communication variant still
outperforms all model-free baselines by wide margins. QMIX
fails to learn useful behavior in both DARPA tasks, produc-
ing a return of —3.14, while MASAC, MAPPO, and IPPO
learn partially successful policies but remain far below either
SDecZero variant. These results support the central claim
that amortized semi-decentralized search provides a more
effective inductive bias than strict decentralized execution in
domains with intermittent line-of-sight coordination.

Figure 7 evaluates whether the communication head learns
the underlying communication dynamic rather than merely
improving task return. The heatmaps visualize the predicted
communication probability pg(comm | b, a) across train-
ing iterations and compares it with the oracle communi-
cation map. On SDEC-TIGER, SDEC-MARS, and MAR-
ITIMEMEDEVAC, the learned communication head rapidly
suppresses false positives and recovers the sparse oracle struc-
ture within the first few training iterations. The accompanying
Brier-score curve confirms this visual trend: calibration error
drops sharply for the compact benchmarks and remains low
thereafter.

The LABYRINTH EXTCROSS9 communication function is
more difficult. Its oracle map has a structured, graph-induced
pattern rather than a small set of isolated triggers, and the
learned heatmaps remain visibly noisier than the compact-
domain predictions. Even in this harder setting, however,
training steadily reduces the Brier score and moves the pre-
dicted communication map toward the oracle structure. This
result is important for two reasons. First, it shows that the
communication head is learning a reusable model of the
semi-decentralized information process, not only overfitting
to return. Second, it explains the modest performance gap
between SDecZero and SDecZero with learned communica-
tion in Table 2: learning communication dynamics introduces
estimation error, but the learned model is accurate enough to
preserve most of the benefit of semi-decentralized search.

Overall, the results show a consistent progression across
planning, learning with known communication, and learning
with inferred communication. SDecMCTS establishes that
semi-decentralized search can approach centralized planning
quality on small and medium-scale benchmarks while avoid-
ing the brittleness of fixed-period Dec-MCTS. SDecZero then
amortizes this search procedure and scales it to realistic cave-
system graphs, substantially outperforming standard model-
free MARL baselines. Finally, the learned-communication-
head experiment demonstrates that the stochastic communi-

cation model itself can be recovered from data with sufficient
accuracy to support high-return semi-decentralized execu-
tion.

Limitations and Future Work

There are limitations to our existing work, however promis-
ing, that remain to be addressed. Current evidence suggests
that centralized performance alone can have difficulty gen-
erating high-quality semi-decentralized policies in many
benchmarks that require strategic coordination! Although
the centralized inner planning tree performs well in fully
centralized regimes, including 25 and 30-node DARPA Sub-
terranean Challenge Site instances, extracting high-quality
semi-decentralized policies for these larger problems remains
elusive. One issue is that the centralized root action may
be selected without accounting for the semi-decentralized
continuation induced by downstream communication loss.
This can degrade performance in tasks requiring tightly co-
ordinated joint actions. Addressing this mismatch through
SDec-aware backups and extracted-continuation value tar-
gets is an important direction for scaling SDecZero. We also
look forward to implementing our methods in SMAC and
SMAClite, which should further challenge the algorithm at
higher agent counts.

Conclusion

We introduce two new scalable algorithmic approaches
to semi-decentralized multiagent control, SDecMCTS and
SDecZero, evaluated across canonical benchmarks and com-
plex labyrinth layouts. SDecMCTS shows that centralized
belief-space search can be converted into executable semi-
decentralized policies that closely match centralized solu-
tion quality while avoiding the combinatorial failures of ex-
act planning in larger domains. SDecZero further amortizes
this search with learned policy, value, and communication
models, enabling strong performance on realistic DARPA
subterranean cave-system tasks where standard model-free
MARL baselines struggle under sparse rewards and stochas-
tic information flow. Together, these results demonstrate that
explicitly modeling intermittent communication is a prac-
tical and effective path toward scalable multiagent control
in environments that are neither fully centralized nor fully
decentralized.

Collaboration

Both team members contributed meaningfully and equally
towards all aspects of this research project. Mahdi prioritized
the algorithm design and literature review, and Avi prioritized
baseline development and experiments.
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