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ABSTRACT

Multi-robot task scheduling is fundamental to managing multi-
agent robotic systems (MARS) in unpredictable environments
such as logistics, disaster management and autonomous
exploration. Centralized task allocation scales poorly and
adapts slowly to change, and reinforcement learning (RL)
offers an alternative in which robots learn scheduling strategies
through interaction. This review analyses 75 studies on multi-
agent task allocation with RL, with particular attention to
PettingZoo’s Pistonball environment as a multi-agent RL
(MARL) benchmark. It combines a bibliometric profile of the
corpus, a side-by-side comparison of representative studies, a
qualitative comparison of learning paradigms and a graded
appraisal of the evidence behind five recurring claims. Fully
decentralized learning remains difficult because concurrent
policy updates produce non-stationarity, whereas centralized
training with decentralized execution (CTDE) has proved more
practicable; hardware-validated schedulers are the weakest-
supported area. The review identifies the need for systematic
comparison of CTDE-based algorithms for vision-based multi-
robot task scheduling under identical conditions in the
Pistonball environment.
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1. INTRODUCTION

Robots function as perception-information-processing-action
systems that operate independently or under human control and
have become essential in industries that demand accuracy,
repetition and risk tolerance. While single-robot research is
mature, current academic interest centres on Multi-Agent
Robotic Systems (MARS), in which robots collaborate toward
collective or individual goals. MARS offer scalability, fault
tolerance and the capacity to address multiple facets of a task
concurrently, although recent reviews also stress their open
challenges [1]. Historical roots reach to the 1980s and 1990s
through behaviour-based robotics and the ALLIANCE
framework for cooperation and fault tolerance [2], building on
earlier work on motion stability and control [3].

As MARS enter rapidly changing settings such as logistics,
disaster management and exploration, task scheduling (the
assignment of tasks to robots) has become a central concern.
Traditional methods that rely on centralized planners or fixed
rule sets encounter coordination bottlenecks and struggle with
change [4], [5]. Reinforcement learning provides an alternative
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in which an agent selects actions and receives rewards, thereby
learning strategies through direct interaction with the
environment [6]—[8].

Multi-agent reinforcement learning (MARL) extends these
techniques to systems in which agents learn independently yet
must coordinate to optimize a shared goal, typically a collective
reward. MARL suits collaborative robotics in dynamic
environments where pure programming fails, yet success
depends on how non-stationarity, partial observability,
scalability, credit assignment and communication limits are
handled [9]-[13]. Across robotics, scheduling, cloud/edge
robotics, path planning and swarm systems, MARL has moved
from centralized or rule-based formulations toward
decentralized execution combined with centralized training as
the configuration best matched to real-world constraints [10],
[14]-[17].

Reviews of flexible shop scheduling, robotic networks, cloud
robotics, UAV task assignment and multi-robot task allocation
stress the need for adaptive algorithms capable of online
reassignment while respecting completion-time, throughput,
energy and communication constraints [16], [18]-[21].
Decentralized MARL appears promising yet remains less
explored than coordination and navigation [18], [22], [23].

Open problems persist. Most MARL approaches still rely on
central control during training, remain domain-specific, or
learn slowly in visually complex settings [24]-[26].
Mainstream actor-critic algorithms such as PPO [27] depend
largely on extrinsic rewards and therefore suffer sample
inefficiency and weak temporal coordination under continuous
dynamics. This review maps the gaps in decentralized
reinforcement learning for multi-robot task scheduling and
supplies the evidentiary background for subsequent PhD
research on MARL CTDE architectures in the PettingZoo
Pistonball environment [28].

The review makes four contributions: a profile of the 75-source
corpus (Section 4.1), a side-by-side comparison of
representative studies (Section 4.2), an evaluation of learning
paradigms against five criteria (Section 4.3), and a graded
appraisal of the evidence behind five recurring claims (Section
4.4). Section 2 reviews the literature, Section 3 describes the
method and CTDE formulation, and Sections 5 and 6 discuss
gaps and conclude.

2. LITERATURE REVIEW: TASK
SCHEDULING AND REINFORCEMENT
LEARNING

The thematic review follows the chronological development of
multi-robot task scheduling along six lines: non-learning
techniques, reinforcement-learning foundations, game-
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theoretic and hybrid approaches, domain-specific applications,
system-level constraints of communication and scalability, and
benchmarking infrastructure.

2.1 Traditional Approaches to Multi-Robot
Task Scheduling

Early solutions relied on centralized controllers and
deterministic rules that proved inadequate under uncertainty
and non-stationarity, prompting a shift first to decentralized
methods and later to machine learning. Zhang and Parker [29]
showed that processor-scheduling heuristics applied to multi-
robot coalition tasks permitted formal decomposition yet
lacked flexibility in unpredictable settings. Lerman et al. [30]
demonstrated that coordinated behaviour can emerge when
robots estimate the local environment and select tasks
independently, enabling multirobot foraging without
centralized management. Bischoff et al. [31] introduced a two-
step procedure of task construction followed by local
optimization that outperformed simpler algorithms when
ordering constraints are present, and later formulations added
time windows and sequencing constraints [32], cloud-based
joint placement, assignment and scheduling [33], and
scheduling of transport and pick robots in logistics [34].
Genetic algorithms have likewise been applied: Shakeri et al.
[35] reported superior efficiency and completion times in
flexible manufacturing, while Wang et al. [36] combined
genetic search with mathematical programming for production
scheduling. All of these classical methods share a common
limitation: they cannot learn from interaction with the
environment. Reinforcement learning addresses that
shortcoming.

2.2 Reinforcement Learning Foundations
for Multi-Robot Coordination

Deep reinforcement learning (DRL) addresses these limits. Li
et al. [6] combined Model Predictive Control with Graph
Neural Networks for real-time path planning and task
allocation, and Dai et al. [7] used Deep Q-Networks for fleet
management that reduced cost and completion time in
simulation. Multi-agent variants include cooperative transport
with task prioritization and global communication [8], multi-
agent PPO on a partially observable stochastic game that
surpasses rule-based schedulers [24], and cloud-based
decentralized Q-learning for warehouse robots, consistent with
the architecture pursued in the present research programme
[26].

Broader taxonomies classify MARL techniques as independent
learners, actor-critic models, value-based algorithms, value
factorization, communication-learning, consensus-based and
hierarchical approaches [10], [11], [37]. The dominant practical
trend is Centralized Training with Decentralized Execution
(CTDE), which exploits centralized information during
training while preserving decentralized execution [10], [14],
[38]. Fully decentralized learning imposes a stricter condition:
no exchange of actions, experience, parameters or observations
may occur in either training or execution, so each agent treats
the others as part of the environment [13]. The resulting
simultaneous policy updates render the environment non-
stationary for every agent [13], [39]; best-response-based
schemes are one route to learning without centralized
information [40]. This dichotomy underpins the architectural
choices examined throughout the review.

The governing formalism is the Decentralized Partially
Observable Markov Decision Process (Dec-POMDP) [41].
Each agent receives only a local observation; the complete state
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remains hidden, so robust feature extraction and memory are
essential. Convolutional Neural Network (CNN) extractors
apply learnable filters across image patches [42], and LSTM
networks maintain a belief state over observation histories
through gated forget, input and output mechanisms [43]. Policy
optimization commonly relies on Proximal Policy
Optimization (PPO), which maximizes expected return under a
clipped surrogate objective that prevents destructively large
updates [27].

2.3 Game-Theoretic and Hybrid
Approaches

Park et al. [44] introduced a decision-revision algorithm that
allows robots to adjust assignments dynamically as the
environment changes, thereby reducing resource contention;
experiments on rubbish-collection tasks confirmed resilience to
individual robot failures. Chakraa et al. [4] surveyed market-
based, behaviour-based and optimization-based assignment
methods and devoted particular attention to reinforcement-
learning solutions.

2.4 Scheduling Applications Across

Domains

In robotics, task scheduling typically encompasses group
formation, computational offloading and the joint allocation of
communication, computation and robot resources [16], [19].
Table 1 summarizes how four application domains interpret the
scheduling problem and the design pressures each places on
MARL.

Table 1. Scheduling domains and MARL design pressures

Domain Core problem; why Typical limitation;
MARL helps; main promising direction
objectives

Flexible Dynamic multi-resource Reward and state design;

shop scheduling; handles CTDE, decentralized and

scheduling  decentralized dynamics; hierarchical methods
completion time and
scalability

Robotic Task scheduling and Communication delays

networks allocation; adapts to real- often omitted; better edge-
time conditions; task coupling
throughput, delay, energy

Cloud/edge  Resource pooling and Data and training demands;

robotics offloading; learns under DRL resource allocation
uncertain demand; cost,
latency, heterogeneous
service

UAV task Real-time dynamic Communication overhead;

assignment  assignment; responds to scalable multi-objective

sudden task changes;

methods

responsiveness and
robustness

Sources: [16], [18]—[20].

Additional recurring themes include fault tolerance [45],
energy-aware meta-heuristics for robotic swarms [46], cloud-
based load balancing [47] and bio-inspired methods such as Ant
Colony Optimization adapted to Antarctic conditions [48].
Adaptive approaches include meta-learning for rapid policy
transfer [25], graph-attention networks for spatiotemporal
scheduling [5] and hierarchical frameworks under time and
uncertainty constraints [49]. Zhu et al. [50] formulated multi-
task MARL with CTDE and attention mechanisms,
demonstrating flexible cooperation in manufacturing while
underscoring that centralized execution still hinders practical
scaling.
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2.5 System Constraints: Communication
and Scalability

Communication is simultaneously a coordination resource and
a bottleneck. MARL communication can enlarge each agent’s
observation and improve collaboration, yet energy and
bandwidth constraints demand careful design [S1], [52]. Poorly
designed communication can impair credit assignment and
inflate decision complexity [15], [53]. Scalability is an intrinsic
MARL challenge: state-action spaces grow and robustness
declines as the number of agents and environmental complexity
increase [54]. Parameter sharing, factorization, curriculum
learning, selective communication and decentralized
aggregation are among the principal remedies [54], [55]. These
constraints determine whether architectures validated in
simulation can transfer to physical robot fleets.

2.6 Benchmarking Environments:
PettingZoo and Pistonball

Rigorous comparison of centralized and decentralized systems
requires reproducible benchmarks. PettingZoo supplies a
unified Python API for multi-agent environments and employs
an Agent-Environment-Cycle design that reduces ambiguity
and hidden experimental error [28]. Environments can be
interleaved with popular MARL tool-chains without simulator
lock-in [28], [56]. Cooperative, competitive and hybrid tasks
are available, supporting tests of decentralization across a range
of interaction structures [57], and game-like settings such as
maze and board games are routinely used to train and compare
agents [58], [59]. Compatibility with libraries such as RLIlib
facilitates algorithmic prototyping [60].

Pistonball is a fully cooperative physics-based environment in
which agents coordinate vertical piston actions to drive a ball
toward the left boundary [28], [61]. Each agent receives only
local or neighbourhood observations, so success depends on
emergent coordination under partial observability [28], [62].
Realistic physics raises coordination complexity above that of
grid-world tasks, and both discrete and continuous action
spaces with flexible agent counts are supported [62]. Although
Pistonball is not itself a task-scheduling domain, it exhibits the
critical characteristics of decentralized robotic coordination:
local sensing, action coupling, delayed team-level outcomes
and alignment of local actions with a collective goal [61]-[63].
It therefore serves as a suitable test-bed for learning
coordination structure before transfer to domain-specific
schedulers [64]. Parameter sharing improves coordination and
sample efficiency [59], [65], recurrence aids independent
learning under partial observability [57], and reward shaping
together with communication design further enhance
performance [66].

3. REVIEW METHODOLOGY AND
FRAMEWORK

3.1 Literature Search and Screening

Protocol

The review draws on 75 sources located through structured
searches of Semantic Scholar, PubMed, IEEE Xplore and
related databases. Four literature streams were covered:
classical and optimization-based multi-robot task allocation;
theory and algorithms of MARL; applications in
manufacturing, cloud/edge robotics, UAV coordination and
swarm robotics; and MARL benchmarking platforms,
principally PettingZoo and Pistonball. As few reviews focus
exclusively on MARL for robotic scheduling, the search was
broadened to communication-efficient distributed learning,
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federated RL, path planning, swarm coordination and sim-to-
real transfer. Core algorithmic references [27], [42], [43] and
the PettingZoo/Pistonball literature [28] were included by
design. After filtering and deduplication the corpus spans 1997
to 2026 and comprises peer-reviewed articles, conference
papers, preprints and two book chapters [2], [9]. For the
analysis in Section 4, each source was coded by the authors to
one primary thematic stream and one venue type.

3.2 Problem Formalization and

Engineering Framework

Multi-robot task scheduling is formalized as a Dec-POMDP
following Bernstein et al. [41] and consistent with the CTDE
paradigm that dominates practical work [10], [14], [38]. The
Dec-POMDP is defined by the tuple of agent set, state space,
individual action sets, transition function, shared reward
function, individual observation sets and observation function.
Under CTDE each robot selects its action according to a policy
conditioned solely on its local observation, eliminating any
requirement for real-time exchange of observations, policies or
goals and thereby addressing the scalability and
communication concerns of Section 2.5. During training only,
a centralized critic receives the global state and joint actions
and supplies advantage estimates that stabilize learning. After
training the critic is discarded and only the decentralized
policies remain for deployment (Fig. 1). Policies are updated
with the clipped surrogate objective of PPO [27]. Team reward
may be decomposed into a global term that encourages
collective progress (for example successful scheduling or, in
Pistonball, leftward ball movement) and weighted local terms
that credit individual contributions [50], [62]. Local
observations are encoded by a CNN-LSTM feature extractor
before being passed to the decentralized policy network.

Centralized critic V(s) [training only]
inputs: global state s, joint actions a
output: advantage estimates (discarded at deployment)

I
¢ advantage v l

Agent 1 Agent 2

[ Local obs. - CNN ] [ Local obs, -~ CNN ]
v v

s Agent N
[ LSTM (memory) ] [ LSTM (memory) ]
v v
[ Policy m (actor) ] [ Policy Tt (actor) ]
Tubs. Lacliun Tobs. larliun T i
[ Pistonball environment (shared state, team reward)

Fig 1: CTDE framework for decentralized task
scheduling: the centralized critic is used only during
training.

3.3 Evaluation Framework

Four evaluations structure Section 4. (a) A bibliometric profile
counts sources by year, venue type and primary stream. (b) A
side-by-side comparison of representative studies records
method, setting, reported outcome and venue type. (c) A
paradigm comparison rates centralized control, fully
decentralized learning, CTDE and communication-based or
hierarchical hybrids on five criteria: scalability,
communication economy at execution, robustness to non-
stationarity, handling of partial observability and deployment
evidence. Ratings are ordinal (Low, Medium, High; higher is
more favourable) and synthesize statements in the cited surveys
rather than measured values. (d) Each of five recurring claims
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receives an evidence-strength score from 1 to 10 reflecting the
number and independence of supporting sources, the kind of
evidence (survey, simulation or hardware validation) and the
agreement among them. Scores are the authors’ qualitative
judgements.

4. RESULTS AND ANALYSIS

4.1 Corpus Profile

The corpus is recent: 63 of the 75 sources (84%) were published
in 2020 or later and 46 (61%) in 2023 or later, with 2025 the
single most represented year (Fig. 2). Journal articles dominate
(46 sources, 61%), followed by conference papers (16, 21%),
preprints (11, 15%) and book chapters (2, 3%). Preprints have
not been peer reviewed. Applications of RL and MARL to
robot scheduling and coordination form the largest stream (20
sources, 27%), followed by classical allocation methods and
MARL theory (18 each, 24%), benchmarks and environments
(11, 15%) and communication, scalability and sim-to-real work
(8, 11%) (Fig. 3). The benchmark and sim-to-real streams are
thinnest, mirroring the gaps in Section 5.2.

Il Journal
20
20 | @ Conference
[ Preprint
15 54 =1 Book chapter

—_
<

Number of sources

w

<2018 2019 2020 2021 2022 2023 2024 2025 2026

Fig 2: Publication year and venue type of the 75 sources.

Applications (robot scheduling

20 (27%
and coordination) ( )

Classical and optimisation-

%
based allocation 18 (24%)

MARL theory and algorithms 18 (24%)

Benchmarks and environments = 11 (15%)
Communication, scalability _| 8 (11%)
and sim-to-real

T T T T T
0 5 10 15 20 25

Number of sources
Fig 3: Sources by primary thematic stream.
4.2 Comparison of Representative Studies
Table 2 compares eleven representative studies discussed in

Section 2 across classical, deep RL, MARL and game-theoretic
families.

Table 2. Representative studies compared

Ref. Family and Setting Reported
(venue) method outcome
[31] Classical: task ~ Cooperative Outperforme
(conf.) construction, tasks, d simpler
then local precedence algorithms
optimization constraints
[35] Classical: Flexible Higher
(journal) genetic manufacturing efficiency,
algorithm shorter
completion
times
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Ref. Family and Setting Reported
(venue) method outcome
[44] Game-theoretic: Rubbish Less
(conf.) decision collection contention;
revision resilient to
robot failure
[5] Deep RL: graph Spatiotemporal Learned
(journal) attention scheduling scheduling
networks policies
[6] Deep RL: MPC  Industrial Real-time
(journal) with graph automation, path and task
neural networks search and adaptation
rescue
[7] Deep RL: Deep Task Lower cost
(journal) Q-network fleet assignment and
manager (simulation) completion
time
[8] MARL: task Cooperative Autonomy
(conf.) prioritization, transport kept;
global unknown
communication object
weights
handled
[24] MARL: multi-  Collaborative  Beat rule-

(conf.) agent PPO scheduling based

schedulers on

efficiency,
throughput
[26] MARL: Warehouse Efficiency
(preprint) decentralized Q- robots gains
learning, cloud-
parallel
[50] MARL (CTDE): Dual-resource  Flexible
(journal) multi-task, job shop with  cooperation;
attention robots centralized
execution
limits scaling
[25] Meta-RL: meta- Dynamic task ~ Rapid policy
(journal) learning scheduling transfer

Three observations follow. First, the studies optimize different
objectives (cost, completion time, throughput, contention,
robustness), so reported gains are not directly comparable.
Second, the studies summarized here do not share a benchmark,
baseline or metric; each reports improvement over a rule-based
or simpler method in its own setting. Third, among them only
Zhu et al. [50] adopts CTDE explicitly, and it notes that
centralized execution still hinders scaling. Direct comparison
of CTDE variants under identical conditions is therefore
missing, which motivates the Pistonball protocol in Section 5.2.

4.3 Comparison of Learning Paradigms

Fig. 4 rates four paradigms against the five criteria of Section
3.3. Centralized control scales poorly and loses robustness as
agent numbers grow [10], [14], [67]. Fully decentralized
learning needs no exchange of information but suffers non-
stationarity [13], [39]. CTDE keeps execution decentralized
while a centralized critic stabilizes training [10], [14], [38].
Communication-based and hierarchical hybrids improve
cooperation under partial observability at a cost in bandwidth
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and energy [51], [52]. Deployment evidence is weak for every
learned paradigm [16], [68], [69]. No paradigm dominates on
all criteria, but CTDE is the only one with no unfavourable
rating other than deployment evidence, a weakness it shares
with the other learned paradigms.

Comm.  Robustto Partial-obs. Deployment
Scalability economy  non-stat.  handling evidence

Centralized control Low Low High Low Med

CTDE High Med Low

Communication-based / :
Low High Low
hierarchical hybrids L = &

Fully decentralized
(independent learners)

Fig 4: Qualitative comparison of paradigms (darker =
more favourable).

4.4 Strength of Evidence for Key Claims
Five recurring claims emerge from the corpus, each supported
to a different degree (Table 3, Fig. 5).

Table 3. Key claims and supporting evidence strength

Claim Strength  Reasoning (representative
sources)
Decentralized Strong Repeated across robotics, path-

execution is the (8/10)
preferred deployment MARL surveys, with strong
paradigm for multi- practical rationale [10], [15],
robot MARL [70]

MARL is promising Moderate  Supported across scheduling,
for dynamic task (7/10) robotic network, cloud robotics
scheduling under and UAV reviews, but mostly
uncertainty and survey-level evidence [16],

finding, connected-vehicle and

heterogeneity [18], [19]
Fully decentralized  Strong Strong conceptual agreement
learning remains (8/10) across decentralization and non-

hard to optimize
(non-stationarity,
missing information)

stationarity surveys [13], [39]

Communication Moderate  Consistent across

design is critical to (7/10) communication-MARL,
scheduling distributed learning and swarm
performance and studies [51]-[53]

scalability

Real-world Weak Corpus repeatedly highlights

decentralized robotic  (2/10)
schedulers are

already well

validated

simulation dependence, reality-
gap issues and limited
generalization [16], [68], [69]

Decentralized execution is 8/10
the preferred paradigm
MARL is promising for dynamic 710
scheduling
Full decentralization is hard 810
(non-stationarity)

Communication design is 7/10
critical

Real-world decentralized _| 210
schedulers well validated :l

T T T T T

0 2 4 6 8 10
Evidence strength score (1-10)

Fig 5: Evidence-strength scores for the five recurring
claims
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Decentralized execution and the persistence of non-stationarity
under fully decentralized learning receive the strongest support.
Claims about MARL’s utility for dynamic scheduling and the
importance of communication design rest mainly on survey
evidence. Validation of end-to-end, hardware-deployed
decentralized schedulers is the weakest claim, which is
consistent with the thin sim-to-real stream in Fig. 3.

5. DISCUSSION

5.1 Interpretation of the Evidence

The corpus supports the practical necessity of decentralization:
centralized control introduces scalability and robustness
problems that degrade coordination quality [10], [14], [67]. The
principal limitation lies not in motivation but in the scarcity of
deployable solutions. Most work consists of surveys,
simulation studies or investigations of neighbouring domains
such as path planning and wireless resource allocation; few
benchmarks evaluate robotic scheduling on physical platforms
[12], [16], [69]. Real-world successes of deep RL in robotics
have been reviewed [71], yet the scheduling-specific evidence
summarized here remains largely simulated. Sim-to-real
transfer remains a persistent obstacle, and methods that
mitigate the reality gap are still task-specific [68], [69]. Under
fully decentralized learning the information bottleneck
intensifies because agents lack knowledge of one another’s
actions, experience and parameters [13]. Consequently, hybrid
architectures that combine decentralized execution with
centralized training, hierarchical decomposition, attention-
based communication and distributed aggregation are
repeatedly advocated [10], [22], [72], [73]. Because scheduling
in heterogeneous robotic networks is inseparable from
communication and resource management, a multi-layered
decentralized control system that jointly addresses allocation,
motion planning and edge/cloud resources is the most
promising response [16], [19], [74], [75].

5.2 Research Gap and Future Directions
Three concrete directions emerge. First, hybrid decentralized-
hierarchical methods that combine CTDE with attention-based
or selective communication are frequently proposed yet rarely
compared on standardized environments [10], [22], [73].
Second, scalable, communication-efficient coordination
mechanisms must be evaluated under realistic bandwidth and
latency constraints rather than idealized simulations [51], [52],
[54]. Third, hardware-validated and standardized benchmarks
remain scarce [68], [69], although PettingZoo and Pistonball
are a useful starting point. The principal gap identified for the
associated PhD programme is the absence of a decentralized
RL framework augmented with self-supervised auxiliary-task
learning for real-time task scheduling among heterogeneous
multi-agent robots.

The planned response is a simulation of twenty heterogeneous
agents in Pistonball. An independent-learner PPO baseline will
be compared with CTDE PPO, with and without self-
supervised auxiliary tasks, using five metrics: cumulative team
reward, time for the ball to reach the goal boundary, sample
efficiency (steps to a reward threshold), stability (variance
across random seeds) and scaling with agent count.

5.3 Limitations of the Review

Four limitations apply. (i) Coverage is bounded by the
databases and search terms used. (ii) Eleven sources (15%) are
preprints that have not been peer reviewed. (iii) The ordinal
paradigm ratings and 1-10 evidence scores are qualitative
judgements, and each source is coded to a single primary
stream although many span several. (iv) Heterogeneous
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objectives and metrics across studies prevent a quantitative
meta-analysis.

6. CONCLUSION

The review establishes the requirement for a decentralized RL
technique for task scheduling in multi-agent robotic systems,
grounded in MARL theory and reinforced by practical needs in
robot scheduling, cloud and edge robotics, UAV cooperation
and swarm systems. The corpus analysis shows a recent,
journal-dominated literature in which CTDE is the most
practicable paradigm, fully decentralized learning is limited by
non-stationarity, and hardware-validated schedulers are the
weakest-supported claim. The associated PhD programme will
therefore build a simulation of twenty heterogeneous robots in
the PettingZoo Pistonball environment, augment PPO with
self-supervised auxiliary-task learning within a CTDE
architecture, and assess performance and stability.
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