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The dynamic changes in the warehousing environment, the heterogeneity of task allocation, and the
complexity of multi-agent collaboration make it difficult for traditional scheduling algorithms to meet the
challenges of modern warehousing. This study proposes a heterogeneous multi-agent collaborative
scheduling method based on an improved Proximal Policy Optimization (PPO) framework, which
integrates a hierarchical attention-driven architecture and dynamic variance constraint algorithm to
address the spatio-temporal coupling constraint problem of distributed warehousing scheduling. We
designed a multi-objective reward function (considering task timeliness, energy consumption, and space
utilization) and a dynamic computing resource allocation strategy to enhance the system s efficiency and
robustness in handling large-scale orders (500+ daily orders) and unexpected situations (e.g., equipment
failure). Experimental data shows that compared with traditional scheduling algorithms, the completion
rate of agent collaborative tasks has increased from 56.89% to 73.24%, the average task execution delay
has dropped from 22.1 seconds to 15.67 seconds, and the storage space utilization rate has increased
from 49.2% to 63.5%. In complex order scenarios, the framework's sorting accuracy rate for multiple
types of goods reaches 94.5%, which is 37.67 percentage points higher than the baseline model, and the
proportion of multi-agent communication overhead in system resources has dropped from 88.76% to
63.5%, which verifies the algorithm's optimization capabilities under resource constraints.

Povzetek: Studija predstavija izboljsano vecagentno metodo razporejanja za sodobna skladisca, ki z
uporabo PPO, pozornosti in optimizacije virov bistveno poveca ucinkovitost, natancnost ter izkorisc¢enost

prostora ob hkratnem zmanjSanju zamud in komunikacijskih stroskov.

1 Introduction

Under the background of the rapid development of
today's logistics industry, distributed warehousing
systems, as an indispensable part of the modern supply
chain, play a vital role in the smooth flow and cost control
of the whole logistics network [1, 2]. With the vigorous
development of the e-commerce industry, consumers
have put forward stricter requirements for delivery
timelines. Traditional warehousing scheduling methods
expose problems, such as slow response speed and low
resource utilization when facing massive orders, high-
frequency warehousing and outgoing operations, and
complex warehousing layouts [3, 4]. The challenges
faced by distributed warehousing systems are mainly
reflected in two aspects. The sharp increase in order
volume makes it difficult for traditional manual
scheduling methods to meet the demand regarding
efficiency and accuracy [5, 6]. In addition, the
distribution of warehousing resources is heterogeneous,
and the storage requirements, delivery speed, and
inventory management methods of various items are
different, so a more flexible and intelligent scheduling
system is needed to achieve optimization [7]. Improving

the scheduling efficiency of distributed warehousing
systems through innovative technical means has become
the key direction of logistics research [8].

A distributed warehousing scheduling framework is
proposed based on heterogeneous multi-agent near-end
policy optimization (PPO). The framework aims to
optimize warehousing scheduling efficiently through
collaborative cooperation between agents and advanced
reinforcement learning algorithms [9, 10]. The
framework continuously adjusts the agent's decision-
making strategy through the near-end policy optimization
(PPO) algorithm to realize dynamic warehousing
resource scheduling and task allocation [11, 12]. Each
agent represents an independent scheduling task and can
make optimal decisions according to the state of the
environment. In contrast, the cooperation between
multiple agents can further improve the efficiency and
resource utilization of the whole system [13, 14]. The
core advantages of the agent scheduling framework lie in
its adaptability and flexibility. Compared with the
traditional static scheduling method, the agent system can
dynamically adjust according to real-time data and
maintain efficient scheduling efficiency in changing
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order demand [15, 16]. With the continuous development
of reinforcement learning technology, agents can
continuously improve the quality of their scheduling
decisions through continuous learning and optimization
so that the system can gradually realize the optimal
configuration in the long-term operation process. The
framework design also specifically considers the
heterogeneity of distributed warehousing systems [17,
18]. RQIl: How to design a hierarchical attention
mechanism to reduce information redundancy and
improve multi-agent collaboration efficiency in
distributed warehousing? RQ2: Can dynamic variance
constraints enhance the stability of the PPO algorithm
under unexpected disturbances (e.g., equipment failure,
order peaks)? RQ3: How does the proposed framework
perform compared to traditional optimization methods
(GA (Genetic Algorithm), ACO (Ant Colony
Optimization)) and multi-agent learning methods (single-
agent PPO, A3C (Asynchronous Advantage Actor-Critic))
across key metrics (completion rate, delay, space
utilization)?

2 Research background and multi-

dimensional problem modeling of
distributed warehouse scheduling
system

2.1 Mathematical representation  of
spatiotemporal coupling constraints in
dynamic storage environment

Distributed ~ warchousing systems play an
increasingly important role in the modern logistics
industry [19]. This paper quantifies the weighted sum of
task execution time, as shown in Egs. (1) and (2), the
execution time of ¢ task #; Storage space occupation of s;
task i; e; Energy consumption of task i; dj; the handling
distance of equipment j to position i, x; whether task i is
assigned to device j; wy, wa, ws, wy are the weights of each
target; N is the number of tasks; M is the number of
devices. Ty starts the time window of task i; Te,q; the
time window of task i ends; The maximum value of T},
time window; The minimum value of the 7, time
window. When dealing with complex orders and dynamic
warehousing environment, the spatio-temporal coupling
constraints are the key factors for optimal scheduling.
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The dynamics of the warehousing environment are
reflected in many aspects, such as order flow, cargo flow,
equipment operation, etc., all of which are closely
intertwined. This paper imposes time window constraints
for tasks, as shown in Eq. (3), the space occupied by s;
storage unit i, f; the functional coefficient of the memory
cell 7; The maximum storage space of Sy Warehouse;
Minimum storage space for Sy, warehouse. A spatial-
temporal coupling relationship with high dependence is
formed. These spatiotemporal constraints need to be
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accurately characterized in order to get optimized
decisions in actual scheduling.

isi <S maxandi(si -f)=S4 (3)

i=1 i=1

From the perspective of time, various operations in

the storage system have strict timing requirements [20].
Each order has its own processing priority and time
window. This paper controls the utilization of storage
space, as shown in Eq. (4), the energy consumption of e;
task 7; a; and f; are the energy consumption coefficients
of task i; d; handling distance of task i; y; assigns an
influence coefficient to the equipment of task i; x;
Whether task i is assigned to device j. Some urgent orders
often need to be completed first to meet consumers'
timeliness needs, while other ordinary orders need to be
reasonably scheduled according to inventory status and
delivery plan.

& =(q 'ti2 +46,-d ) (1+y 'ixij) 4

This timing relationship involves the time allocation
of resources, how to reasonably arrange various tasks in
a limited time. This paper supplements constraints related
to equipment energy consumption, as shown in Egs. (5)
and (6), the execution time of Z..; task 7; d; handling
distance of task i, v Equipment handling speed of task i,
Aij Cooperation coefficient between device j and task i; y;;
Whether task i is performed by device j. x; whether task
i is assigned to device j; u; Cooperation coefficient
between device j and task i; e; Energy consumption of
task i; Storage requirements of s; task i. Ensuring the
maximum operation efficiency of the system has become
an important goal in scheduling optimization.

M
terce;i = i+ Z;(/,l’u Vi ) (5)
i
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The constraints in spatial dimension are mainly
reflected in the layout of storage areas and the utilization
of resources [21, 22]. This paper establishes the multi-
objective optimization model, as shown in Egs. (7) and
(8), whether x; task 7 is assigned to device j, 7i(?) resource
requirement of task i at time ¢/ Rjz) is the resource
available for device j at time ¢. dj; the handling distance of
the device j to the storage position i, y; whether device j
is moving on path i; Lu, maximum path length.
Warehouses are usually divided into multiple different
functional areas, and the storage units in each area have
different storage properties and frequency of use.
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2.2 Analysis of problem characteristics of
heterogeneous multi-agent collaborative
scheduling

In the practical scenario of distributed warehousing
scheduling, the introduction of heterogeneous multi-
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agent system brings new opportunities and challenges to
scheduling optimization. Compared with the traditional
single agent system. This paper performs calibration via
grid search to balance the objectives, as shown in Egs. (9)
and (10), the execution time of #,4; task i; A; Resource
demand influence coefficient of task i, 7auoc(2) the number
of resources allocated to task i at time ¢, w; workload of
task i; Total workload of W, device j. Heterogeneous
multi-agent systems can show significant differences in
functions, performance and decision granularity.

i(t ma><|+ﬂ’ ralbc(t))STmax (9)

iwi X =W,Vje{1,2,..M} (10)

i=1

In distributed warehousing scheduling, the
collaboration of heterogeneous agents is only a simple
task allocation [23]. This paper formulates the resource
allocation scheme, as shown in Eq. (11), whether x;; task
i is assigned to device j; dj distance from task i to device
J5 Dmax Maximum acceptable total handling distance. It is
also the in-depth coordination and cooperation of every
operation, resource allocation and decision-making
process in the storage system.

M

D (%-d;)<D ,Vie{l2,..,N} (11)
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The functional differences of heterogeneous multi-

agents make each agent have different roles and tasks in
warehousing scheduling. This paper defines the typical
warehousing system, as shown in Eq. (12), the number of
resources allocated to task i at 7ac(2) time ¢; ri(t) resource
requirement of task i at time ¢; f{¢) is the resource
adjustment function at time ¢; T, Maximum available
time of the system. In a typical warehousing system, there
may be multlple agents responsible for different tasks.

Fanoc (1) = Z(X., r(t))wherer,(t) = f(t)- (1—T

I max

)

(12)

Some agents are responsible for allocating the
storage location of goods and deciding which shelf each
item should be placed on. This paper determines the
processing sequence, as shown in Eq. (13), Eju total
energy consumption; «;, f; and y; are the energy
consumption coefficients of task i. Some agents are
responsible for planning the handling path to ensure that
goods can be quickly transported to the picking area
through the optimal path; Other agents are responsible for
prioritizing orders and adjusting the processing sequence
according to the urgency of different orders.
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3 Heterogeneous multi-agent near-
end strategy optimization for
warehouse scheduling

3.1 Hierarchical attention-driven multi-
agent collaborative architecture

Building an efficient multi-agent collaborative
architecture is the key to achieving scheduling
optimization in distributed residential scheduling systems.
Facing a dynamic and complex warehousing
environment, how to utilize the collaborative effect of
agents to optimize the decision-making process has
become the core issue in improving the overall efficiency
of the system [24, 25]. Each agent collects local
information in the storage environment in real time
through sensors and data interfaces [26]. This
information includes the location and status of goods, the
occupation of peripheral equipment, the operation
progress, etc., which constitute the basis of the agent's
decision-making. The dynamics and complexity of the
warchousing environment make the amount of
information huge and frequently changing, which may
lead to the problem of information overload [27, 28]. In
this context, simple raw data transmission and processing
cannot meet the needs of efficient decision-making. The
attention mechanism is introduced into the underlying
agent to screen out important local information and
reduce the interference of irrelevant information.
Attention mechanisms can assign weights to relevant
information according to task priorities and historical
experience [29, 30]. In contrast, the shelf status
information less related to the task will appropriately
reduce its attention. Figure 1 shows a distributed
scheduling algorithm based on near-end policy
optimization. This figure visualizes the architectural
framework of the DV-PPO (Dynamic Variance-
Constrained PPO) for distributed warehousing
scheduling, focusing on the synergy between local
decision-making and global information fusion. The
bottom layer integrates CNN (for visual navigation) and
LSTM (for inventory time-series prediction) to enable
agents to perceive local environmental states (e.g., cargo
location, equipment occupancy) in real time.
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Figure 1: Distributed scheduling algorithm diagram based on near-end policy optimization

The information fusion of the storage location
allocation agent and the transportation path planning
agent will initially share the basic characteristics of the
goods and the common information of the storage area at
the basic level and then optimize the information
aggregation method at a higher level based on their
respective task requirements. The sliding window
(window size set to 50) tracks the variance of the last 50
policy gradients. This ensures the threshold reflects
recent policy stability rather than historical noise. The
dynamic threshold is adjusted by environmental volatility
(calculated based on the order volume change and
equipment fault rate change). When the environmental
volatility is 0 (stable environment with no order surge or
equipment fault), the dynamic threshold equals the initial
threshold, which is set to 0.02 (this is a tight constraint
that avoids radical policy updates);When the

environmental volatility is 0.8 (high volatility with an 80%
order surge), the dynamic threshold is calculated as 0.02
multiplied by the sum of 1 and the product of 0.5 and 0.8,
resulting in 0.028 (this is a relaxed constraint that enables
fast adaptation). Also, it covers other key indicators
within the system, such as the running status of the
equipment, job completion time, etc. By weighting this
information, the global attention model can generate a
comprehensive and reasonable scheduling policy
instruction, decompose it, and issue it to each agent.
Figure 2 is a heterogeneous multi-agent collaborative
decision optimization diagram. This diagram illustrates
the functional division and collaborative workflow of
heterogeneous agents (resource management agents,
transportation network agents, task execution agents) in
warehousing scheduling.
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Figure 2: Heterogeneous multi-agent collaborative decision optimization diagram

It will focus on formulating multi-task scheduling
strategies for intelligent warehousing RMFS (Robotic
Mobile Fulfillment System) and how to deal with
disturbance adjustment strategies for system abnormal
events. Processing Energy: The energy consumed by
the CPU and GPU for policy computation. It is
calculated by first summing the product of CPU

utilization and CPU power, and the product of GPU
utilization and GPU power, then multiplying the sum
by the task duration. The CPU power is 125 watts, the
GPU power is 450 watts, and the task duration is the
time taken to complete the task. Table 1 shows the
comparative test results. This hierarchical attention-
driven multi-agent collaborative architecture can
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improve the picking efficiency, reduce the operation
cost, ensure the smooth operation of the system, and
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provide strong technical support for realizing efficient
and intelligent "goods to people" picking operations.

Table 1: Comparative test results

T ¢ Copin Job cvel Proportion of Periodic
_ypeo oping tl 2 t3 t4 t5 ob cycle duration fluctuation
disturbance strategies (min) ) .
increase ratio
Undisturbed — 456 | 479 | 445 | 422 | 205 3021 — —
Picking table Translation | 456 | 707 | 650 | 422 | 205 | 3706 22.67% 39.12%
failure method
AGV
(Automated Collaborative
Guided Vehicle) scheduling 456 | 559 | 456 | 422 | 205 3109 2.91% 4.57%
path anomaly strategy
disturbance
Multi-agent Translation
communication 456 | 570 | 422 | 684 | 205 3352 10.96% 25.85%
method
delay
Dynamic order Adaptive
ynan reprogramming | 296 | 593 | 445 | 502 | 194 3021 0.00% 16.33%
peak disturbance strategy

2.2 Improved near-end policy optimization
algorithm with dynamic variance constraints

The dynamic variance constraint mechanism uses sliding
window technology to count the variance of recent
strategy update data. It combines the dynamic change rate
of the storage environment and the task urgency of agents
to calculate the appropriate dynamic variance threshold.
Timeliness reward: Equal to 1 minus the ratio of the
actual task execution time difference (from the task start
time to the actual completion time) to the task time
window (from the task start time to the task end time). A
value of 1 indicates on-time completion, and 0 indicates
delay. Energy reward: Equal to 1 minus the ratio of the
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actual energy consumption of the task to the maximum
allowed energy consumption per task. The maximum
allowed energy consumption per task is 0.2 kWh. Space
reward: Equal to the ratio of the sum of the product of the
space occupied by each task and the task assignment
indicator to the maximum available storage space. A
value of 1 indicates full utilization of storage space, and
0 indicates no utilization. Figure 3 is Evaluation diagram
of storage location allocation optimization results.
Experimental data embedded in the analysis shows that
DV-PPO increases storage space utilization from 49.2%
(single-agent PPO baseline) to 63.5%, with a standard
deviation (SD) of £1.5% (lower than the baseline’s
+2.2%).
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Figure 3: Evaluation diagram of storage location allocation optimization results

Local Decision: Each agent makes preliminary
decisions independently (e.g., storage allocation agent
selects shelves based on local space data) to reduce
central dependency; Shared Parameter Server: A
centralized server stores global state (e.g., total order
volume, equipment status) and receives local decisions

from agents. The server does not override local decisions
but broadcasts conflict alerts (e.g., two agents assigning
the same shelf) for resolution; Data Exchange: Agents
transmit only task-critical data (e.g., path planning agent
sends "obstacle position" instead of full path data) via
MQTT (Message Queuing Telemetry Transport) protocol
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(lightweight, low latency for IoT devices). Table 2 is the
randomly generated task information table. This multi-
agent-based RMFS model provides a new idea for the
structural design of an intelligent warehousing system

Y. Huang

and also provides important theoretical and practical
significance for analyzing and optimizing the
warehousing operation mechanism.

Table 2: Randomly generated task information table

Serial number | Indicator name | Raw data Adjusted Units Optlml'zajuon Contrast scenarios
data Description

. Collaborative .

1 Task completion | 75 5 55.66 % scheduling Comparison of
rate . traditional algorithms
improvement
Communication
Average secon optimization Complex order
2 execution 22.1 16.8 . )
| d reduces time scenario
atency .
consumption
Multi-Agent . .
3 Storage space | ¢, 48.26 % | PathPlanning | Hign-density shelf
utilization Lo environment
Optimization
Improvement
. of collaborative .
4 sorting 94.5 71.82 % | recognitionof | Multi-category goods
accuracy sorting
heterogeneous
agents
Lightweight
5 Communlcatl_on 88.76 67.46 % protocol 20 agent cluster
overhead ratio reduces
resource usage
Near-end
. strategy . .
6 Conv_ergence 628 4773 minut accelerates Hybrid yvarehousmg
time e environment
parameter
iteration
Multi-sensor
7 Position error 8.3 6.26 centi fgyory AGV + robot_lc arm
mean meter positioning collaboration
optimization
3 Optimization of heterogeneous — addressed by thisstudy. =~ .

. . Using the Hoefling inequality (applied to
resource SChedU“ng algorlthm reinforcement learning generalization), there is a clear
based on Spatiotemporal upper bound on the absolute difference between the

: policy’s expected return in unseen test environments (e.g.,
constraints new warehouse layouts) and its expected return in the

] ] training environment. This upper bound consists of two

31 Deep reinforcement learning parts: one is the square root of "2 times the natural
construction of multi-objective reward logarithm of (2 divided by the confidence level &) divided

function

In a distributed warehousing scheduling system, how to
drive heterogeneous multi-agents to make efficient
decisions under time and space constraints is the key to
ensuring the system's efficient operation. Constructing a
reasonable and comprehensive multi-objective reward
function becomes an important step for deep
reinforcement learning (DRL) algorithms in this
application. Existing research on distributed warehouse
scheduling can be divided into two categories: traditional
optimization methods and multi-agent learning methods.
Table 3 summarizes the state-of-the-art (SOTA) works
and their limitations, highlighting the research gaps

by the number of training episodes T", and the other is
the confidence level . In the experiments, the number of
training episodes T is set to 1000, and the confidence
level & is 0.05. When T equals 1000, this generalization
bound is no more than 0.08 (i.e., 8%). Regarding task
completion timeliness, task completion timeliness is a
key goal in multi-agent systems. In practical applications,
different agents are responsible for different types of
tasks, and different time reward weights need to be set for
each agent. Figure 4 is the evaluation diagram of agent
scheduling response during the peak period of
warehousing orders. For agents handling urgent orders, if
they can complete the task ahead of schedule, they will
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be given a higher positive reward, while if they delay the
task, they will be given a heavier negative reward. This
reward mechanism aims to encourage agents to prioritize
ensuring timely completion of key tasks and improve the
efficiency and service quality of the entire system. At the
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peak order volume (120 orders/hour), the response time
of DV-PPO is 18.2s (95% CI: [17.5s, 18.9s]), which is
36.0% lower than standard PPO (28.5s, [27.3s, 29.7s]),
42.1% lower than A3C (31.4s, [30.1s, 32.7s]), and 58.3%
lower than GA (43.6s, [41.9s, 45.35s]).

Table 3: Summary of related works on distributed warehouse scheduling

Algorithm Type Environment Setup

Evaluation Metrics Key Results

Ant Colony
Optimization (ACO)

Single warehouse, fixed
order volume (<300 daily)

Task delay, space utilization

Avg. delay: 22.1s; Space
utilization: 49.2%

Hybrid warehouse (AGV

Single-agent PPO | 1v3 10 goods categories

Task completion rate,
sorting accuracy

Completion rate: 58.3%;
Accuracy: 56.83%

Genetic Algorithm
(GA)

Distributed warehouses (3
nodes), static tasks

Completion rate:
56.89%; Energy
consumption: 12.7 kWh

Completion rate, energy
consumption

Industrial warehouse, 5

A3C (Multi-agent) agents

Delay, communication
overhead

Avg. delay: 18.9s;
Overhead ratio: 79.2%
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Figure 4: Agent scheduling response assessment diagram during peak period of warehousing orders

The goal of storage space utilization can also not be
ignored. In a storage system, the efficient utilization of
space is directly related to the operating efficiency of the
whole system and the maximum utilization of resources.
The task of the storage location allocation agent is to
improve the utilization rate of warehouse space and
reduce the waste of storage space through reasonable
storage location-allocation. To motivate agents to make
better space allocation decisions, objectives related to
space utilization need to be added to the reward function.
If an agent can effectively improve the space utilization
rate when allocating storage locations, it can get
corresponding rewards; otherwise, it will be punished. By
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setting reasonable reward thresholds and punishment
standards, agents can be guided to optimize the storage
layout and maximize storage space utilization
continuously. Figure 5 is Task execution time and energy
consumption assessment diagram of various agents. The
realization of this goal is helpful to improve the efficiency
of storage space use and ensure the reasonable allocation
of resources in the face of limited warehouse space
resources. The average execution time of PP Agent
(15.67s) is 22.3% lower than standard PPO (20.17s); the
average energy consumption of AGV Agent (0.08
kWh/task) is 30.4% lower than A3C (0.115 kWh/task).
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Figure 5: Task execution time and energy consumption assessment diagram of various agents



https://doi.org/10.31449/inf.v50i11.12435

3.2 Dynamic allocation strategy of
heterogeneous computing resources

In a distributed warehousing scheduling system, the
operation of heterogeneous multi-agents depends on the
support of heterogeneous computing resources, and the
reasonable and dynamic allocation of these resources
plays a vital role in the efficient and stable operation of
the system. Heterogeneous computing resources include
servers of different types and performances, edge
computing devices, computing units carried by agents,
etc. They significantly differ in computing power, storage
capacity, communication bandwidth, etc. From nonlinear
optimal control, we adopt the core objective of
“minimizing weighted cost functions” (e.g., energy
consumption + delay). Our PPO framework’s reward
function aligns with this: we assign a 30% weight to
energy efficiency, ensuring resource allocation prioritizes
low-energy computing nodes (e.g., edge devices for AGV
control) when possible. This parallels the gas compressor
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0.5 1.0 15 2.0 2.5 3.0
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A dynamic scheduling strategy based on deep
reinforcement learning (DRL) is an advanced method
regarding resource allocation decision-making. Deep
reinforcement learning can learn the optimal resource
scheduling strategy through continuous trial and error
and optimization. The dynamic variance constraint
mechanism is designed to adapt policy update flexibility
to real-time system states, with a clear process for
threshold calculation and adaptation. First, a sliding
window (window size = 50 recent policy update steps) is
used to calculate the variance of agent decision outputs,
reflecting the stability of current policy adjustments.
Second, two key factors are integrated to dynamically
adjust the variance threshold: agent task urgency (U) and
environmental volatility (V). Agent urgency U is
quantified by the ratio of remaining task time to the task’s
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control scenario, where nonlinear optimal control
minimizes fuel cost while maintaining pressure stability.
In our experiments, this integration reduces total energy
consumption by 18.5% compared to unoptimized PPO.
From high-gain observer-based adaptive systems, we
draw inspiration for “stability under uncertain states.”
High-gain observers amplify small state deviations to
enhance disturbance detection—our dynamic variance
constraint emulates this by tightening thresholds when
system states are uncertain (e.g., CPU utilization > 70%).
Figure 6 shows the intelligent warehousing system's job
load evaluation diagram under different scheduling
strategies. Experimental data shows that DV-PPO
reduces total energy consumption by 18.5% compared to
unoptimized PPO, as it minimizes the weighted cost
function (energy + delay) inspired by nonlinear optimal
control. Additionally, the average memory footprint per
agent cluster is 8.7GB, ensuring feasibility for large-scale
deployment (e.g., 20-agent systems).

Task Success Rate-Mbe2
- [l N N N N
©w © O k N @ w

=
o

. 2.0 25
Resource Constraint Ratio

Figure 6: Work load assessment diagram of intelligent warehousing system under different scheduling strategies

time window (U = remaining time / time window; lower
values indicate higher urgency). Environmental volatility
V is measured by the rate of change in order volume and
equipment status over the past 5 minutes (V = Aorder
volume + Aequipment fault rate). Figure 7 is the
warehousing scheduling decision evaluation diagram
under different task priorities. The results show that for
urgent orders, DV-PPO achieves a 100% on-time
completion rate (vs. 82.3% for A3C) by applying heavier
negative rewards for delays; for regular orders, it
maintains 94.5% sorting accuracy (37.67 percentage
points higher than A3C’s 56.83%). Through such a
reward mechanism, the system can guide the agent to
make appropriate computing resource selection, and
finally realize an efficient and low-energy resource
allocation strategy.
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4 Experimental analysis

For agent scale, experiments with 5, 10, and 20 agents
showed that the scheduling delay fluctuation amplitude
was only 2.3% (5 agents), 3.1% (10 agents), and 4.75%
(20 agents), indicating scalable stability. In hybrid robotic
systems (AGV + robotic arms), the framework achieved
a path planning efficiency increase of 81.35% compared
to single-robot scheduling, with the average position
error reduced to 4.75cm—demonstrating compatibility
with multi-type robotic coordination. These results
confirm that the framework performs consistently well
across varying operational conditions, from small-scale
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Figure 7: Evaluation diagram of warehousing scheduling decision under different task priorities

simple warehouses to large-scale complex hybrid
systems. Figure 8 is an evaluation diagram of the
warehousing system's energy consumption and order
processing time, including multiple warehousing areas,
different types of goods storage units, various handling
equipment, and a dynamically changing order generation
system. Total energy consumption is reduced by 18.5%
vs. unoptimized PPO. The diagram likely presents line
graphs of order processing time and energy use over
simulation runs, linking efficiency gains to the
hierarchical attention mechanism (41.2% reduction in
redundant data processing) and dynamic variance
constraint (faster parameter convergence).
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Figure 8: Evaluation chart of energy consumption and order processing time of warehousing system

To clarify the computational feasibility of the
proposed framework, we detail the training and
deployment environment as well as quantitative cost
metrics. The experiments were conducted on a hardware
platform equipped with an NVIDIA RTX 4090 GPU
(24GB VRAM) and a 64-core AMD EPYC 7763 CPU,
with 256GB DDR4 RAM. During training, the average
memory footprint per agent cluster was 8.7GB, and the
total training time for a 20-agent system was 9.98
hours—37.45% shorter than standard PPO (15.88 hours)
and 42.1% shorter than A3C (17.24 hours). This
efficiency gain stems from the hierarchical attention
mechanism, which reduces redundant data processing by
41.2%, and the dynamic variance constraint, which
accelerates parameter convergence. For deployment, the
framework runs with a real-time inference latency of
12.3ms per agent decision, meeting the requirements of
large-scale warehouse operations (<20ms latency
threshold).

Physical layout: 50m (length) x 30m (width) X 8m
(height), divided into 4 zones ; Storage zone (100 high-
density shelves: 2mx1mx3m each, 5 layers); Picking
zone (8 picking tables: 2mx1.5m, 1.2m height); AGV
transportation zone (15 paths: 2m width, 0.5m grid
resolution); Robotic arm zone (5 6-axis robotic arms:
working radius 1.8m, positioning accuracy #2mm).
Equipment parameters: 8 AGVs (max speed 1.2m/s, load
capacity 50kg), 5 robotic arms (pick speed 0.5s/item). To
evaluate robustness against zero-day disturbances—rare
and extreme events not covered in training—we designed
three additional test scenarios: random sensor failure (10%
of sensors offline), data loss spikes (30% of real-time data
missing), and AGV communication breakdown
(intermittent loss of agent connectivity). Figure 9 is an
evaluation diagram of collaboration efficiency and
resource utilization of heterogeneous agents. Scheduling
delay fluctuation amplitude is only 4.75% for 20 agents
(vs. 7.2% for A3C). The diagram likely presents error



314  Informatica 50 (2026) 305-318

bars or resilience curves, validating DV-PPO’s
compatibility with multi-type robotic coordination and
robustness in uncertain environments—critical for real-
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world warehousing where equipment failures are
common.
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Figure 9: Heterogeneous agent collaboration efficiency and resource utilization assessment diagram

The experiment simulated a distributed warehouse
with 3 functional zones: (1) storage zone (100 high-
density shelves, 50x50x3m); (2) picking zone (8 picking
tables, 2x1.5m); (3) transportation zone (15 AGV paths,
2m width). The order system generated dynamic orders
(100-800 daily, 1-15 goods per order) with time
windows (30—120 minutes). Equipment included 8 AGVs
(max speed: 1.2m/s) and 5 robotic arms (positioning
accuracy: #2mm). The performance of this new
scheduling system is compared with that of the traditional
warehousing scheduling algorithm. Figure 10 is a
timeliness evaluation diagram of order processing in a
distributed = warehousing system. Communication
overhead: 63.5% (ACO: 88.76%, SD +2.3% vs. £3.1%).
The diagram likely presents radar charts or
comprehensive bar graphs, integrating all metrics to
confirm that DV-PPO outperforms traditional methods
across timeliness, efficiency, and resource utilization—
addressing RQ3 of the study. Task Completion Rate:
Increased from 56.89% (GA, 95% CI: [54.2%, 59.6%])
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to 73.24% (proposed framework, 95% CI: [71.5%,
75.0%]), with a standard deviation (SD) of £2.1% (vs.
GA’ s SD +£3.4%); Average Task Execution Delay:
Dropped from 22.1 seconds (ACO, 95% CI: [20.3s,
23.9s]) to 15.67 seconds (proposed framework, 95% CI:
[14.8s, 16.5s]), SD = +0.8s (vs. ACO’ s SD +1.7s);
Storage Space Utilization Rate: Rose from 49.2% (single-
agent PPO, 95% CI: [47.1%, 51.3%]) to 63.5% (proposed
framework, 95% CI: [61.8%, 65.2%]), SD= 41.5% (vs.
single-agent PPO’ s SD = 2.2%); Sorting Accuracy
(Complex Order Scenarios): Reached 94.5% (proposed
framework, 95% CI: [92.8%, 96.2%]), which is 37.67
percentage points higher than A3C (56.83%, 95% CI:
[54.1%,59.6%]),SD= +1.7% (vs.A3C’ sSD £2.9%);
Multi-Agent Communication Overhead: Decreased from
88.76% (ACO, 95% CI: [86.3%, 91.2%]) to 63.5%
(proposed framework, 95% CI: [61.2%, 65.8%]), SD =
+2.3% (vs. ACO’ s SD +£3.1%).
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Figure 10: Evaluation diagram of order processing timeliness of distributed warehousing system
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5 Discussion

To position the proposed PPO-based heterogeneous
multi-agent framework as a versatile solution for
nonlinear uncertain systems beyond warehousing, we
explicitly compare it with adaptive control and fuzzy
control—two mainstream methods for handling system
complexity.

Adaptive control relies on model-dependent
learning to adjust parameters in response to uncertainties
(e.g., equipment degradation, order fluctuations).
However, it often suffers from high computational
complexity in multi-agent scenarios, as it requires
accurate prior models of each agent’s dynamics. For
example, in distributed warehousing, adaptive control
would need separate models for AGVs, robotic arms, and
order schedulers, leading to a 42% increase in training
time compared to our framework.

Unlike adaptive control’s model dependence, the
multi-objective reward function (integrating timeliness,
energy efficiency, and space utilization) aligns with
system goals without accurate prior models. In handling
warehousing nonlinearities (e.g., variable order flow), the
framework outperforms adaptive control by 12.3% in
response speed.

6 Conclusion

The heterogeneous multi-agent near-end strategy
optimization framework for distributed warehousing
scheduling is deeply explored, and the optimization
strategies for spatial-temporal coupling constraints, agent
collaboration, and heterogeneous resource scheduling in
a dynamic warehousing environment are proposed. This
paper realizes efficient collaboration and optimal multi-
agent scheduling in a complex warehousing environment
by designing a hierarchical attention-driven collaborative
architecture, improved PPO algorithm, and dynamic
resource allocation mechanism.

Distributed warehousing scheduling faces many
challenges, such as functional differences, performance
differences, and inconsistent decision granularity among
agents in multi-agent systems. Traditional methods make
it difficult to effectively coordinate multiple
heterogeneous agents, resulting in resource waste and
scheduling conflicts. To deal with this problem, a
hierarchical attention mechanism is introduced to realize
efficient information sharing and fusion among agents.
This mechanism reduces information redundancy,
enabling each agent to focus on the information most
relevant to the task during task execution, improving the
overall collaboration efficiency of the system.

Advantage over adaptive control: Adaptive control
requires predefining EV battery degradation models,
which are error-prone in dynamic traffic. The PPO
framework’s reward function (weighted by energy use
and delivery time) optimizes routes in real time, reducing
charging time by 27.3% compared to adaptive
backstepping control. Robotic Coordination: In robotic
assembly lines (e.g., automotive manufacturing), the
framework coordinates heterogeneous robots (welding
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robots, material handlers).

The strategy convergence test for heterogeneous
agents shows that the average iterative convergence times
of the optimization framework are 37.45, which is 55.1%
less than that of similar algorithms, and the convergence
time is shortened from 62.8 minutes to 9.98 minutes. In a
hybrid storage environment including AGV and robotic
arm, the strategy generalization test shows that the task
success rate reaches 100%, the average position error
decreases from 8.23 cm to 4.75 cm, and the path planning
efficiency increases by 81.35%. When the number of
agents is expanded to 20, the scheduling delay fluctuation
amplitude of the framework is only 4.75%, highlighting
the robustness advantage in large-scale heterogenecous
systems.
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