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This work proposes a hierarchical reinforcement
learning (HRL) framework for centralised fleet

control in a multi-layer container storage system. A sim-
ulation environment is developed in NVIDIA Isaac Sim,
modelling a multi-floor warehouse with AGV naviga-
tion layers and container storage layers connected via
lifts. The control architecture is structured into multi-
ple hierarchical levels: (i) a low-level grid controller re-
sponsible for local navigation, (ii) a mid-level controller
for task and resource allocation, and (iii) a global con-
troller addressing storage optimisation and container
rearrangement. The mid-level policy combines a Semi-
Markov Decision Process formulation with an entity-
based Transformer architecture that jointly reasons
over agents, tasks and shared resources. Training is con-
ducted sequentially using curriculum learning. Initial
experiments focus on validating the environment and
learning feasibility at the individual hierarchy levels; on
the mid level, five coordination architectures are com-
pared and reach near-perfect task completion, with a
two-stage refinement variant delivering the best over-
all efficiency. Higher-level storage optimisation remains
ongoing work. The proposed framework establishes a
foundation for jointly solving routing, scheduling and re-
arrangement within a unified learning-based paradigm.

[Keywords: hierarchical reinforcement learning, multi-
agent systems, automated guided vehicles, container logis-
tics, curriculum learning]

1 Introduction

The increasing demands in modern logistic systems have
led to a growing adoption of automated guided vehicles
(AGVs) for tasks such as order picking, production sup-
ply and container transport [1]. While single-vehicle sys-
tems mainly involve infrastructure- and vehicle-level chal-
lenges, large-scale fleets require the joint coordination of
routing, scheduling and storage management, where indi-
vidual agent decisions directly influence overall system per-
formance [2].

These challenges are particularly pronounced in con-
tainer logistics and port environments. Compared to struc-
tured indoor warehouses, outdoor systems face additional
constraints such as unreliable communication, reduced lo-
calisation accuracy and large physical container dimen-
sions. Consequently, many established intralogistic solu-
tions, including top-loading storage systems such as Au-
toStore, are not directly applicable, which adds additional
operational dependencies.

This type of container handling results in rearrangement
problems closely related to sliding-tile and token-swapping
problems, where blocked containers must first be relocated
before transport can occur. As a result, routing, schedul-
ing and rearrangement become tightly coupled optimisation
problems, each of which is NP-hard in general [3, 4, 5].
Existing approaches commonly address these sub-problems
separately, particularly scheduling and path planning, de-
spite their strong interdependencies, which can limit coor-
dination across decision layers and reduce overall system-
level optimisation potential [6, 7, 8].

Reinforcement learning (RL) has emerged as a promis-
ing framework for complex sequential decision-making
problems [9, 10]. In particular, hierarchical reinforcement
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and do not explicitly model the relational structure between
heterogeneous entities such as agents, tasks and shared re-
sources.

Transformer architectures and attention mechanisms
have become increasingly popular for structured decision-
making. Set-based models such as the Set Transformer
[19] and attention-based routing solvers [20, 21] enable
permutation-invariant processing of variable-sized inputs,
while attention mechanisms have also been used to improve
multi-agent coordination by explicitly modelling agent in-
teractions [22]. These approaches provide a natural frame-
work for representing heterogeneous entities and their rela-
tionships.

HRL improves scalability and sample efficiency by de-
composing complex problems into multiple levels of ab-
straction [23]. Frameworks such as the options framework
[24] formalise temporal abstraction, while approaches such
as FeUdal Networks [25] demonstrate the effectiveness of
hierarchical policies for learning structured behaviours. Ex-
tensions to multi-agent systems separate high-level coor-
dination from low-level control, making HRL particularly
suitable for large-scale logistic problems [26].

In contrast to prior work, this paper combines (i) an
SMDP formulation aligned with event-driven decision mak-
ing, (ii) an entity-based Transformer architecture for rela-
tional reasoning and (iii) a hierarchical decomposition tai-
lored to multi-layer warehouse systems, enabling scalable
coordination under strong coupling between task assign-
ment, spatial constraints and shared resources.

3 System Architecture

The system operates in a discrete multi-layer warehouse
environment composed of vertically stacked grid struc-
tures. Each floor is represented as a two-dimensional grid
(one agent-navigation layer and one container-storage layer)
with heterogeneous cell types including traversable cells,
blocked storage locations and designated elevator-access
points (Fig. 1). Floors are interconnected via a set of shared
elevators with limited capacity, introducing vertical trans-
port constraints and resource contention.

Agents operate on the navigation layer and execute
pickup-and-delivery tasks defined by source–destination
pairs that may span multiple floors. The environment fur-
ther incorporates operational constraints such as limited bat-
tery capacity and charging stations, requiring agents to bal-
ance task execution with energy management. The global
system state therefore combines spatial occupancy, agent
states, task distributions and resource availability, forming
a structured, high-dimensional decision space. The simu-
lation is implemented in NVIDIA Isaac Sim, which pro-

learning (HRL) enables scalable control through multiple 
levels of abstraction and naturally supports multi-objective 
optimisation, including criteria such as efficiency a nd ro-
bustness.

In this work, we propose an HRL framework for fleet 
control in multi-layer container storage systems. The ap-
proach combines a Semi-Markov Decision Process (SMDP) 
formulation with an entity-based Transformer architecture 
to model interactions between agents, tasks and shared re-
sources. By tackling the problem in multiple control levels, 
the framework jointly addresses routing, scheduling and re-
arrangement within a unified learning-based paradigm. The 
remainder of this paper is organised as follows. Section 2 
reviews related work. Sections 3 and 4 present the sys-
tem architecture and problem formulation. Section 5 intro-
duces the proposed learning approach, Section 6 describes 
the training setup, Section 7 evaluates its performance and 
Section 8 concludes the paper.

2 Related Work

Multi-agent reinforcement learning (MARL) has been 
widely studied for decentralised decision making in coop-
erative systems. Centralised training with decentralised ex-
ecution (CTDE) has emerged as a dominant paradigm, en-
abling agents to condition their policies on global informa-
tion during training while maintaining decentralised exe-
cution [11]. Approaches such as value decomposition net-
works (VDN) [12] and related value factorisation methods 
address scalability by decomposing joint value functions, 
but often struggle with large combinatorial action spaces 
and structured environments.

The task-assignment problem considered in this work 
is closely related to combinatorial optimisation and multi-
agent path finding ( MAPF). M APF h as b een extensively 
studied, with classical approaches focusing on optimal and 
heuristic search methods such as Conflict-Based Search 
[13], as well as comprehensive overviews of problem vari-
ants and benchmarks [14]. In parallel, multi-robot task al-
location is often formulated as a combinatorial assignment 
problem, frequently solved via auction-based or bipartite 
matching approaches [15]. Extensions to warehouse and lo-
gistic environments integrate task allocation with path plan-
ning, but typically rely on handcrafted heuristics and cen-
tralised solvers, limiting scalability in dynamic and large-
scale settings.

Recent work has applied RL to large-scale resource allo-
cation [16], logistics, task assignment, routing and fleet co-
ordination, demonstrating improved adaptability over rule-
based and heuristic methods [17, 18]. MAPF approaches 
such as PRIMAL further demonstrate the potential of RL 
for decentralised coordination [10]. However, many exist-
ing methods rely on flat or grid-based state representations
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Figure 1: Warehouse layout used throughout the
experiments.

vides GPU-accelerated multi-environment rollouts required
for large-scale RL training.

The proposed system follows a three-tier hierarchical
control architecture (Fig. 2) in which each level operates at
a different level of abstraction. The lowest level is respon-
sible for motion execution and handles geometric naviga-
tion on the discrete grid. The mid-level controller represents
the core learning component of the system. It operates at a
higher temporal abstraction and is responsible for assigning
tasks to agents and coordinating shared resources such as el-
evators. Rather than controlling individual movements, it is-
sues high-level decisions that are subsequently executed by
the low-level controller. The top-level controller, which is
currently under development, is intended to manage global
storage strategies and to solve rearrangement problems aris-
ing from blocked containers. This hierarchical decomposi-
tion enables a clear separation of concerns while still allow-
ing interactions between levels through shared objectives
and reward signals.

Figure 2: Hierarchical reinforcement learning based
control architecture.

4 Problem Formulation

The mid-level controller is modelled as an SMDP, which is
more suitable than a standard Markov Decision Process due
to the event-driven nature of the problem. Decisions are not
required at every simulation step but only when significant
events occur, such as task completion or agent idleness. This
formulation reduces the number of ineffective updates and
aligns the learning process with meaningful decision points.

We denote the SMDP tuple as M = (S,A,P, R, γ, τ)
with state space S , action space A, transition kernel P , re-
ward function R, discount factor γ and dwell-time distri-
bution τ . A state st ∈ S groups four typed subsets: per-
agent features Xag ∈ RNmax×dag (position, current phase,
battery level, currently assigned task index, elevator sub-
state), per-task features Xts ∈ RK×dts (source/target cell,
floor pair, urgency, assignment flag), a per-floor navigation
grid G ∈ {0, 1}L×H×W×2 (occupancy and container lay-
ers), and per-elevator features Xel ∈ RE×del (cabin floor,
queue length, door sub-state).

The action at each decision is a joint per-agent
assignment at = (a1t , . . . , a

N
t ), where each ait =

(ai,tsk
t , ai,elv

t ) pairs a task selection ai,tsk
t ∈ {0, . . . ,K+4}

(with special IDs for IDLE, WAIT, CHARGE, EMER-
GENCY DROP and STAY) with an elevator assignment
ai,elv
t ∈ {0, . . . , E, NONE}. The full joint action space is

combinatorial in N and K; tractability is achieved via fac-
torisation and state-conditioned action masking (Section 5).

Between two decision events, K simulation steps elapse
in the low-level simulator; the SMDP return is

Gt =
K−1∑
k=0

γk Rt+k , (1)

which folds the accumulated dense signal into a single tran-
sition (st,at, Gt, st+K) and improves the signal-to-noise
ratio during training. The optimisation objective is the stan-
dard expected discounted return

J(θ) = Eπθ

[
T−1∑
t=0

γt R(st,at)

]
, (2)

with policy πθ and episode length T . The concrete reward
R that instantiates this objective for our warehouse setting
is defined in Section 6.

5 Learning Approach

This section describes the proposed hierarchical learning
approach. It first presents low-level navigation, followed
by the mid-level coordination policies investigated in this
work.
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5.1 Low-Level Navigation

We evaluated several RL algorithms on an isolated single-
agent navigation task using the same eight-stage curriculum
employed throughout this work. The results are summarised
in Table 1. Although the RL baselines achieve high suc-
cess rates, none outperform a classical A∗ planner, which
computes optimal paths in milliseconds and solves all cur-
riculum levels by construction [27]. Since low-level navi-
gation is a deterministic shortest-path problem, we employ
A∗ at the lowest layer and focus RL on higher-level coordi-
nation, resource contention and combinatorial assignment.
This choice improves interpretability and reduces training
complexity.

Table 1: RL baselines on the isolated low-level navigation
task.

Algorithm Success Rate Avg. Steps Curriculum

A2C 97 % 143 8/8
PPO (CNN) 96 % 103 8/8
DQN 98 % 56 4/8
MaskablePPO 95 % 100 8/8

5.2 Mid-Level Policy and Coordination

The mid-level controller is modelled as a centralised
stochastic policy

πθ(at | st) (3)

ble assignments are sampled, which simplifies exploration
and prevents the policy from spending capacity on encod-
ing hard constraints.

5.4 Coordination Variants

We compare five mid-level architectures, each implement-
ing a different coordination mechanism on top of the same
entity-based backbone:

• GRU A recurrent baseline that processes a flattened
state vector with a gated recurrent unit [29] and pro-
duces per-agent logits from the final hidden state.
Coordination is purely implicit through the shared
recurrent state.

• Transformer The entity-based Transformer de-
scribed above. Coordination emerges from self-
attention across all entities, without a conflict-
resolution mechanism.

• Auction Transformer (AT) Extends the Trans-
former policy with a greedy auction over task logits
at sampling time: agents are ranked by logit magni-
tude and assigned tasks sequentially, masking each
claimed task before the next assignment. This guar-
antees duplicate-free assignments and avoids the
gradient mismatch that arises when the environment
silently reassigns conflicting actions.

• Double Transformer (DT) A two-stage policy in
which a first Transformer produces draft action dis-
tributions p(1) and a second Transformer refines
per-agent decisions based on these drafts, π(2)

θ (ai |
st,p

(1)). This allows each agent to react to the pre-
dicted intentions of others.

• MAT-Sparse A multi-agent Transformer based on
Wen et al. [30], which decodes agent actions sequen-
tially such that each agent conditions on the embed-
dings and previously selected actions of others. We
use a sparse cell-token representation to keep the in-
put size independent of grid resolution.

All five architectures share the same observation and ac-
tion spaces, masking logic and reward function; only the
policy network and its coordination mechanism differ. This
isolates the effect of the coordination strategy from the rest
of the pipeline.

6 Training Setup

6.1 Reward Function

The mid-level reward decomposes into three groups: a dense
per-decision term Rstep used for credit assignment, sparse
event bonuses Revt triggered by task completions and failure

with per-agent factorised actions at = (at1, . . . , atN ) and 
st the current environment state. The global state is rep-
resented as a set of typed entities (agents, tasks, elevators 
and grid cells). Agent, task and elevator entities are pro-
jected into a shared latent space by type-specific linear em-
beddings. The multi-floor grid, in contrast, is encoded by a 
small convolutional network applied independently to each 
floor: three strided 3×3 convolutions (2 → 32 → 64 → 128 
channels, each with batch normalisation and ReLU) fol-
lowed by global average pooling and a linear projection 
produce one d-dimensional token per floor. T his per-floor 
CNN encoder is used by the GRU, Transformer, Auction 
Transformer and Double Transformer variants; the MAT-
Sparse variant replaces it with a sparse set of cell tokens 
that bypass the CNN entirely. All resulting tokens (enti-
ties and grid alike) are then processed jointly by a Trans-
former encoder [28], and per-agent action heads produce 
task and elevator assignments from the corresponding agent 
embeddings. This entity-based formulation is permutation-
invariant over each entity type and scales naturally with the 
number of agents and tasks.

5.3 Feasibility via Action Masking

The set of valid actions varies with the system state (e.g. as-
signed tasks, occupied elevators, depleted batteries). Action 
masking is applied to the policy logits so that only feasi-
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modes, and a terminal bonus Rterm paid once the episode
ends. All time-dependent components are normalised by the
episode task budget x so that the expected return remains on
the same scale across curriculum levels with different task
loads. The total reward at decision t is

Rt = Rstep
t +Revt

t +Rterm
t . (4)

The dense term aggregates busy-agent effort, low-battery
pressure and elevator contention,

Rstep
t = 1

x

(
ws n

busy
t + wlb n

low
t + wec n

ec
t

)
, (5)

where nbusy
t counts non-idle agents, nlow

t counts agents be-
low the low-battery threshold and nec

t counts excess agents
queued at a shared elevator. The event term collects instan-
taneous outcomes,

Revt
t = wtc ∆ndone

t + weff
1
x et

+ wst 1[stuck] + wed 1[drop],
(6)

with ∆ndone
t the number of tasks completed at step t and et

a per-task efficiency bonus that rewards near-optimal execu-
tion time. The terminal component fires exactly once,

Rterm
T =


wep, all tasks completed,
wto, episode timeout,
wdb, dead-battery failure.

(7)

The numerical weights used throughout training are listed
in Table 2. They were kept identical across all five coordi-
nation architectures so that the coordination mechanism is
the only free variable in the comparison.

Table 2: Mid-level reward weights.

Symbol Value Meaning

ws −0.2 per busy-agent step penalty
wlb −0.1 per low-battery agent, per step
wec −1.0 excess agent per elevator, per step
wtc +10.0 task completed (pickup and delivery)
weff +2.0 per-task efficiency bonus scale
wst −10.0 agent flagged stuck
wed −10.0 emergency container drop
wep +50.0 terminal: full episode success
wto −150.0 terminal: episode timeout
wdb −150.0 terminal: dead battery

masking directly at the logit level, its clipped-objective up-
date is stable under the temporally extended SMDP tran-
sitions, and its parallel-environment throughput on GPU
matches the Isaac-Sim rollout rate. Q-learning-style meth-
ods such as QMIX [11] and VDN [12] were considered but
discarded for the mid level: they target value-factorisation
under decentralised execution, while our mid-level con-
troller is a single centralised policy that already observes
the global state and produces the full joint action in one for-
ward pass. Decentralised MARL variants remain a natural
next step once the top-level controller distributes decisions
across regions.

Hyperparameters were selected in three stages. Dis-
count, GAE parameter, clip range, gradient clipping and
mini-epoch count were inherited from published PPO de-
faults on Isaac-Lab [9]. Rollout, batch and minibatch sizes
were tuned via a coarse grid on the smallest curriculum
level (level 0) to balance FPS and sample reuse. Learning
rate and entropy coefficient were then swept in the range
{1e-4, 2e-4, 3e-4} and {0.02, 0.05, 0.08} respectively; the
chosen combination attained the fastest promotion through
the first three curriculum levels. An adaptive KL-controlled
learning-rate schedule (threshold 8×10−3) then handles the
remainder of training. The same values are shared by all five
coordination architectures. Table 3 lists the final settings.

Table 3: PPO training hyperparameters.

Hyperparameter Value

Discount factor γ 0.99
GAE parameter λ 0.95
Clip range ϵ 0.2
Value clip enabled
Learning rate 2× 10−4 (adaptive)
KL threshold 8× 10−3

Entropy coefficient 0.08
Value-loss coefficient 2.0
Mini-epochs per update 6
Rollout horizon (per env) 1024
Minibatch size 4096
Parallel environments 256
Gradient clip (L2 norm) 1.0
Optimiser Adam
Observation / value normalisation enabled

6.3 Curriculum

Training uses a nine-stage staircase curriculum that alter-
nates between adding a floor and adding agents, so the pol-
icy first masters spatial routing before the coordination com-
plexity grows (Table 4). Each stage fixes the number of
agents, the number of accessible floors, the total task budget
per episode and the probability that a task spans two floors.
A stage advances to the next stage once two criteria are
jointly met over the last 100 episodes: (i) a task-completion

6.2 Algorithm and Hyperparameters

We optimise the policy with Proximal Policy Optimisa-
tion using the RL Games implementation and its Isaac-Lab 
integration on 256 parallel GPU environments. Compared 
to off-policy value-based methods, on-policy PPO is a ro-
bust match for the discrete multi-head action space induced 
by the joint per-agent assignment: it accommodates action
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rate of 100% (episodes end with all tasks delivered and no
dead-battery event) and (ii) an average steps-per-task ratio
below slackℓ · t∗, where t∗ is an analytical lower bound on
the optimal execution time and slackℓ shrinks from 1.50 at
stage 0 to 1.18 at stage 8. Two guardrails stabilise the sched-
ule: a 2000-episode warmup during which no promotion is
granted, and a 200-episode grace window at each newly en-
tered stage. If the completion rate drops below 50% for 200
episodes at the new stage, the policy is demoted one level to
prevent catastrophic forgetting [31].

Table 4: Nine-stage staircase curriculum.

Stage Agents Floors Tasks Cross-Floor

0 5 2 10 20 %
1 5 3 10 24 %
2 8 3 10 28 %
3 8 4 10–15 32 %
4 10 4 12–18 36 %
5 10 5 14–22 40 %
6 12 5 16–26 44 %
7 12 6 18–30 48 %
8 15 6 20–35 50 %

steps and the average number of simulation steps per com-
pleted task.

Table 5: Mid-level coordination architectures –
performance at the final curriculum level.

Architecture Success Rate Avg. Steps Steps / Task

GRU 99.6 % 204 7.4
Transformer 99.5 % 226 8.2
AT 99.6 % 191 7.0
DT 99.8 % 184 6.8
MAT-Sparse 99.3 % 168 6.3

All architectures achieve near-perfect task completion at
the final curriculum level (Table 5), demonstrating that the
entity-based observation, action masking and SMDP formu-
lation provide a solvable learning framework. Success rates
range from 99.3% to 99.8%, indicating that all architec-
tures learn effective fleet coordination policies. The primary
differences lie in execution efficiency rather than task com-
pletion.

The DT achieves the best overall results, obtaining
the highest success rate (99.8%), the shortest episodes
(184 steps) and a steps-per-task value of 6.8. The MAT-
Sparse variant reaches the joint-lowest steps-per-task (6.3)
with episode length 168 steps, while the AT sits between
them (191 steps, 7.0 steps/task). In contrast, the GRU and
plain Transformer require more steps to complete the same
workload, with the plain Transformer showing the high-
est average episode length (226 steps) and steps per task
(8.2). Overall, the results show that while task completion is
largely determined by the proposed framework, the choice
of coordination architecture remains important for execu-
tion efficiency, leading to measurable differences in fleet
performance.

7.1 Ablation of the coordination mechanism

Table 5 can be read as a controlled ablation of the coor-
dination mechanism: the observation and action spaces, ac-
tion masking, SMDP formulation, reward function and PPO
hyperparameters (Section 6) are held fixed across all five
rows; only the policy head and its coordination strategy
change. Under this design the near-identical success rates
confirm that the proposed framework itself, and not any
single coordination architecture, is responsible for reaching
task completion, while the 8% efficiency gap between the
plain Transformer and the DT isolates the effect of explicit
intention-refinement. Independent ablations of the individ-
ual framework components (action masking, SMDP aggre-
gation, curriculum staircase) share the same PPO backbone
and are natural extensions; we defer them so that this paper
stays focused on the coordination comparison.

6.4 Reproducibility

Experiments were run on a workstation with a single 
NVIDIA GPU using Isaac Sim 4.5 and Isaac Lab as the 
simulation backend; RL Games provides the PPO trainer. 
The simulator runs at 60 Hz with an episode budget of 20 s 
(≈ 1200 low-level steps). The environment declares 20 
agent slots, a task queue of size 20, up to 6 floors a nd 8 
elevators; each floor is a 59×18 grid (see Fig. 1) with fixed 
elevator positions and per-elevator waiting cells. The bat-
tery model drains 0.2 %/movement, recharges 2 %/step at 
charging stations and uses a soft-mask threshold of 20 %
below which only IDLE, WAIT and CHARGE remain in the 
action mask. All reported experiments use a fixed seed of 
42; Section 7 discusses multi-seed generalisation as ongo-
ing work. Task generation is A∗-validated at episode start 
so that every episode is provably solvable; a small 1 % frac-
tion of intentionally unsolvable tasks is injected as robust-
ness noise. Convergence is declared when the smoothed 
task-completion rate at the final c urriculum s tage remains 
≥ 99 % for 500 consecutive episodes and the average 
episode length ceases to decrease by more than 1 % per 
100 episodes.

7 Experiments

All variants are evaluated on the final c urriculum level 
(15 agents, 6 floors, 20–35 tasks per episode) over the most 
recent 100 episodes of training. Reported metrics are the 
success rate (episodes with all tasks completed and no dead-
battery failure), the average episode length in simulation
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the same event-driven SMDP contract used at the mid level:
high-level decisions issue container rearrangement targets
that are consumed as task streams by the mid-level policy,
which continues to allocate agents and elevator slots. The
two levels share the observation backbone but operate on
disjoint action spaces, so the mid-level policy trained here
can be reused unchanged as a lower-layer executor. On the
evaluation side, planned extensions include multi-seed runs
with reported mean and standard deviation, rule-based ref-
erence baselines (nearest-task greedy and random assign-
ment) and additional system-level metrics such as elevator
waiting time and effective AGV utilisation.
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7.2 Scalability

The final c urriculum s tage a lready s tresses t he m id level 
with 15 agents, 6 floors and up to 35 tasks per episode, giv-
ing a joint action space of O((K+5)N · (E+1)N ). Two 
mechanisms keep the wall-clock cost tractable. First, the 
policy factorises the joint action into per-agent heads so that 
the sampled action grows linearly in N rather than combi-
natorially. Second, all coordination variants operate over an 
entity-token set whose size is fixed by the observation-space 
dimensions (20 agent, 20 task, 6 floor, 8 elevator tokens), so 
a single forward pass is independent of the actual number of 
active agents or tasks. Inference-time cost is dominated by 
the Transformer encoder and remains sub-millisecond per 
decision on a single GPU for all variants, well below the 
SMDP decision cadence. Scaling beyond the current bounds 
(more agents or floors) would r equire e nlarging t he token 
budget and re-tuning the curriculum but leaves the algorith-
mic pipeline unchanged.

7.3 Reference baselines and seeds

Because our primary aim is to compare coordination ar-
chitectures under identical training conditions, all reported 
numbers correspond to a single fixed s eed a nd n o rule-
based reference is included in Table 5. Two extensions are 
planned. First, repeating each configuration with additional 
random seeds so that mean and standard deviation can be re-
ported. Second, adding a greedy nearest-task heuristic and a 
random-assignment baseline as performance floors. Prelim-
inary internal runs of the greedy heuristic reach the initial 
curriculum stages but stall on the higher levels due to eleva-
tor contention and cross-floor task routing, consistent with 
the difficulty ranking observed for the learned policies.

8 Conclusion

We presented an HRL framework for fleet control in multi-
layer container storage systems. Across all evaluated ar-
chitectures, the proposed entity-based observation, action 
masking and SMDP formulation achieve near-perfect task 
completion under realistic battery and elevator constraints. 
Among the tested coordination architectures, the DT de-
livers the best overall performance with a 99.8 % success 
rate, the shortest episodes and near-lowest execution cost 
per task. The AT and MAT-Sparse variants achieve similarly 
strong results, indicating that multiple coordination mecha-
nisms can be effectively integrated into the proposed frame-
work.

Future work addresses the global rearrangement level 
and large-scale deployment in mixed indoor/outdoor con-
tainer environments, together with a refinement o f t he re-
ward formulation, including incentive-based coordination 
mechanisms inspired by game-theoretic approaches [32]. 
Integration of the top-level storage controller will follow
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