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Abstract. To address the issue of low order delivery efficiency, this study intro-

duces complex network theory and constructs a complex network model for order 

delivery. In this model, regions requiring order delivery are represented as nodes, 

the presence of order delivery between two regions is indicated by edges, and the 

weights assigned to the edges represent the number of orders to be delivered. 

Furthermore, each dispatched vehicle is treated as an autonomous agent, and the 

order dispatch is formulated as a distributed decision problem aimed at maxim-

izing rewards. To address this problem, we propose the delayed algorithm and 

the fast dispatch algorithm. The results of numerical experiments demonstrate 

that the proposed algorithms achieve superior quality solutions within a shorter 

time frame compared to other baseline algorithms, thereby confirming their ef-

fectiveness. 

Keywords: order dispatch; distributed; agent; complex networks 

1 INTRODUCTION 

  © The Author(s) 2024
V. Vasilev et al. (eds.), Proceedings of the 2024 5th International Conference on Management Science and
Engineering Management (ICMSEM 2024), Advances in Economics, Business and Management Research 306,
https://doi.org/10.2991/978-94-6463-570-6_122

The continuous growth in the number of smartphone users has led to an increasing
number of consumers opting for online shopping, resulting in a significant surge in
online shopping orders. In 2023, as reported by the State Post Bureau, the national
express delivery service industry handled a total of 132.07 billion parcels, indicating
the considerable challenges posed by the scale of online shopping orders to the order
delivery process. The majority of current order deliveries are assigned to one or more
couriers based on regional divisions. However, a challenge arises when a courier is
already engaged in delivering an order and a new order task emerges. Determining the
appropriate trade-offs in such situations has become a problem that needs to be ad-
dressed.

To address the aforementioned issue of inefficient order delivery, we introduce
complex network theory. Firstly, we model order delivery as a complex network
based on the order volume in each region. In this network model, each region requir-
ing order delivery is represented as a node, while the edges between nodes indicate
the existence of an order delivery relationship between two regions. The number of
orders dispatched between two regions is represented as the weights assigned to the
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edges. Subsequently, each dispatched vehicle is treated as an independent entity, and
the order dispatching process requires making distributed decisions based on the rele-
vant attributes of each order. Lastly, we propose the delayed algorithm and the fast
delivery algorithm to ensure timely order delivery while maximizing rewards.

Kandula[1] proposed a two-stage framework to enhance the delivery rate of orders
and minimize delivery costs. Jiang[2] introduced a hybrid algorithm that combines the
Variable Neighborhood Search heuristic and Adaptive Neighborhood Search heuristic
to optimize both delivery and return services. Additionally, to minimize order deliv-
ery time, Chen[3] and Liu[4] developed three approximation algorithms and Variable
Neighborhood Search (VNS) algorithms, respectively, to address this problem. Cur-
rently, reinforcement learning and deep learning techniques are widely employed to
tackle the order dispatch problem. Zou[5] employed deep reinforcement learning to
address the dynamic adjustment challenge of order scheduling and delivery routes in
an online food ordering platform. Huang[6] integrated reinforcement learning and
deep learning techniques to optimize the order management process in the supply
chain. Additionally, Mar[7] presented a linear programming model that incorporates
multiple picking locations within a shop. Huang[8] formulated the truck delivery
problem as a mixed integer nonlinear programming problem and represented it as a
directed graph.

2 PROBLEM DESCRIPTION AND MODEL BUILDING

2.1 Problem Description

Each vehicle responsible for order delivery is treated as an independent agent, and
these agents deliver orders to different regions within the city. Connecting the regions
traversed by the vehicles during the delivery process using solid lines forms a com-
plex order delivery network. The order delivery network is denoted by ζ |,E V δ<  ,

where ∋ (1 2 NV < Κ，， ,  represents the set of nodes in the network, specifically corre-
sponding to the regions associated with the order destinations. The edges of network
is defined as ∋ (V Vδ δ ⊆ ≥ . ijδ  is represented by a node with respect to ∋ (,i jV V   in the

network.

In light of the practical scenario, this study treats the order delivery network as a di-
rected network. Therefore, a node pair signifies the dispatch of an order from node i
(representing region i ) to node j  (representing region j ).Define the weight adjacen-
cy matrix of E as
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Since order delivery belongs to a directed network, the Laplacian matrix
( )ij N NL l ≥<  for E  is defined as: inL D A< , ,  where 1 2diag( , , , )in in in in

ND d d d< Κ ,
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<   represent the degree of the agent i .

The actual order delivery problem can be approached as a set of multi-agent dis-
tributed optimization problems, as outlined below:

1
max ( )
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In equation (2) :i ns R R↑  is expressed as the agent's state value function i ,

o ns R⊆ represents the decision variable shared by the agent, and the objective function
is to find the maximum reward for the agent by sending the order. In equation (3), it
refers to the locally closed convex set constraint of the agent.

2.2 Definition of Problem-related Elements

In this paper, the order dispatch problem is modelled as a Markov Decision Process
(MDP) with multiple intelligences. Subsequently, we introduce the essential element

, , , ,K R N S A W<  of the Markov decision process formulation for multi-agent sys-
tems. Here, N represents the number of delivery vehicles, S denotes the set of states,
A  represents the joint action space, and W corresponds to the reward function.

Definition 1 (Order R ). Consider the dispatch of an order as a collection of orders
consisting of r  orders. , ,r r rr l e u< , , ,r r rl e u represent, respectively, the destination
of order r , the delivery deadline, and the reward (utility) received for completing the
order.

Definition 2 (Delivery Vehicle). The delivery vehicle can be represented by a
three-element vector , ,n n nn s d c<  , where ns denotes the initial location, nd  repre-
sents the destination to be reached, and nc  indicates the current location of the vehi-
cle. The reward (utility) can only be obtained if the delivery driver successfully com-
pletes the order within the specified time window.

Definition 3 (Status tS ). Consider a three-element tuple denoted as tS  , represent-
ing the state , ,1S t l< . Each of these elements signifies the following: time, the
initial position of the vehicle, and the driver responsible for delivering the order.

Definition 4 (Action ta ). This definition signifies the allocation of a particular trip
to the driver. It is set to 0when the vehicle is idle and 1 otherwise. 0 0 0, ,0S t l<   rep-
resents the driver's time 0t , position 0l , and vehicle availability 0 (no delivery of any
order has been performed) upon trip assignment. 1 1 1, ,1S t l<  represents the time,
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location of the order, and the driver delivering the order. The set of all eligible action
spaces is denoted by A .

Definition 5 (Reward W ). When an order delivery driver successfully delivers an
order to the customer's specified address before the deadline, they are rewarded ac-
cordingly. Moreover, as the number of orders delivered by the driver increases, the
reward also increases. Building upon this premise, a reward function is designed to
represent the cumulative rewards per unit time step, as expressed by the following
equation:

1
1 2

t

t

k
t t t t kW w dw d w,

∗ ∗ ∗< ∗ ∗ ∗Κ (4)

Definition 6 (Reward). When an order delivery driver successfully delivers an or-
der to the customer's specified address before the deadline, they are rewarded accord-
ingly. Moreover, as the number of orders delivered by the driver increases, the reward
also increases. Building upon this premise, a reward function is designed to represent
the cumulative rewards per unit time step, as expressed by the following equation:
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Definition 7 (Strategy a sο < ). Strategy a sο <   denotes a distribution strate-

gy that maps states to either an action space or a specific action. It can be expressed in
the following manner:

( ) arg max ( , )s V s aο < (6)

Definition 8 (State Value Function ( )Q s ). By adhering to the strategy from the
outset, the driver can accumulate the expected cumulative reward until the conclusion
of the time step. The state value function is defined as follows:

∋ (( ) , ( ) max ( , )a AQ s V s s V s aο ⊆< < (7)

To achieve the optimal order delivery solution, it is necessary to facilitate distribut-
ed collaboration among intelligent agents (delivery vehicles). The subsequent sub-
sections provide a comprehensive description of the visualization network designed
for order delivery.

2.3 Visual Network for Orders

Due to the customer-centric nature of online order placement, it is impractical to es-
tablish a network solely based on pairwise order relationships. Hence, this paper con-
structs the order delivery network using inter-city order data, which is illustrated in
Figure 1 as the order delivery visualization network. The network incorporates the
mobile characteristics of delivery vehicles, treating each region between cities where
orders are to be delivered as a network node (represented by letters in Figure 1). This
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approach enables clear differentiation between various regions. In the presence of a
connection between region i and region j , there exists a flow of orders between the
two regions. This connection is referred to as an edge in the network, denoted as
∋ (,i j . Furthermore, if there is a requirement to dispatch 30 orders from region i  to
region j , then the weight assigned to this connection in the network is also 30. In
other words, the weight in the network corresponds to the number of orders and is
visually represented as a numerical value on the line in Figure 1.

Fig. 1. Visual network for order delivery

3 ALGORITHM DESIGN BASED ON ORDER
DISPATCH OPTIMIZATION

Typically, the complete order delivery process comprises three stages: order recep-
tion, order delivery, and order completion, as illustrated in Figure 2. Initially, the
online platform receives the order, followed by the integration of order information
and vehicle data at the distribution center (site). This integration facilitates the optimal
allocation of vehicles and drivers to execute the assigned order delivery tasks. Subse-
quently, the driver ensures the timely delivery of the order to the customer's specified
address, thereby concluding the entire order delivery process. The judicious schedul-
ing of orders to delivery vehicles represents a critical decision-making endeavor for
distribution centers (stations).

Fig. 2. General framework for order dispatch
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3.1 Optimization Strategies for the Problem

This paper incorporates elements of complexity theory and utilizes a grid graph as a
visual representation of an actual order dispatch network, as depicted in Figure 3. The
nodes in the grid graph correspond to distinct regions within the city, while the edges
signify the presence of inter-order delivery connections between these regions. Each
edge is annotated with a numerical value representing the quantity of orders to be
delivered between the respective regions, thus serving as weights in the network. Both
vehicles and orders are randomly positioned within the grid graph.

Fig. 3. Roadmap for order dispatch

Delivery vehicle drivers are incentivized through rewards for timely and accurate
delivery of orders to customers at the designated addresses. To maximize their re-
wards, it is crucial for drivers to deliver as many orders as possible within the speci-
fied time window. To enhance the efficiency of order delivery, this paper proposes the
delayed delivery algorithm.

3.2 Delayed Delivery Algorithm

The delayed delivery algorithm involves temporarily assigning one or more orders to
a driver at a distribution center (referred to as a "site") while they are already engaged
in an ongoing delivery. However, this assignment is subject to the time window of the
ongoing delivery. To accommodate these temporary assignments, an order pool is
created at the distribution center to store the dispatched orders. Once a delivery vehi-
cle finish delivering its current order, it is assigned a new order delivery from the
order pool using the Delayed Delivery algorithm.

Algorithm1 provides a comprehensive description of the precise steps involved
in the deferred dispatch algorithm in Table 1. Delayed Delivery algorithm, outlined
below:
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Table 1. Delayed Delivery algorithm

Algorithm 1 Delay,Delivery

Input: A Set of vehicles N , a set of orders R
Output: Delivery for n N⊆

1  orderPool ⊕ ;
2  freeVehicleSet ⊕ ;

3  Set Sn an empty order for each n N⊆
4 for each new arrival request do
5     if the request is an order then

6       if there exists a vehicle 'n ⊆ freeVehicleSet can accomplish  with largest BEN then

7          Append r  to 'nS
8          freeVehicleSet freeVehicleSet,ζ |'n
9 else
10          orderPool↔orderPool ∩ ζ |r ;
11 else
12  Denote the arrival vehicle by n
13          BenefitGreey( n ,orderPool);
14          if there is no order appended to nS then

15              freeVehicleSet freeVehicleSet ∩ ζ |n
In lines 1-2, the order pool and the set of free vehicles are initialized. Each de-

livery vehicle, denoted as n N⊆ , is associated with an order sequence nS  in line 3. In
line 5, a decision is made to determine whether the demand corresponds to an order.
When an order arises in lines 6-8, it is prioritized for assignment to the vehicles in the
set of free vehicles. If scheduling an order fails in lines 9-10, the order is temporarily
placed in the order pool. When the driver of a delivery vehicle completes their cur-
rent order delivery, the order previously placed in the order pool is scheduled for that
driver on line 13. A delivery vehicle is classified as a "new vehicle" in the delayed
delivery algorithm only when it successfully completes its current order delivery, as
indicated in lines 12-15.

3.3 Fast Delivery Algorithm

To address the potential issue of the delayed delivery algorithm being unable to com-
plete the order within the specified time frame, leading to a relatively small reward,
we propose the fast delivery algorithm. The fast delivery algorithm promptly assigns
an order to a delivery vehicle regardless of its time of arrival. To maximize the total
reward (utility), the algorithm straightforwardly integrates the new order with the
delivery vehicle's ongoing task. Likewise, Algorithm 2 provides a detailed description
of the steps involved in the fast delivery algorithm in Table 2. Fast delivery algorithm,
outlined below
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Table 2.  Fast delivery algorithm

Algorithm 2 Fast,Delivery
Input: A set of Vehicles N , a set of orders R
Output: Plans for n N⊆

1  aVehicleSet ⊕ , freeOrderSet ⊕ ;
2  for each new arrival request do
3     if the request is a vehicle n then
4       BenefitGreey( n , freeOrderSet);
5       aVehicleSet↔aVehivleSet ∩ ζ |n
6 else
7  Denote the arrival order by r
8 bestn None, bestComPos ,1, minCost ⁄
9 for each combination position ComPos in

anS do

10          tmpCost extra distance if combine r  to ComPos

11 if tmpCost minCost then
12            minCost tmpCost, bestComPos ComPos, bestn an
13 if minCost ⁄ then
14          Combine r  with

bestnS  according to bestComPos

15 else
16          freeOrderSet freeOrderSet ∩ ζ |r

Line 1 initializes the set of available vehicles and the set of unscheduled orders, al-
so known as the free order set. Line 3 determines whether the new demand corre-
sponds to vehicle n . When a vehicle arrives in lines 4-5, it is selected from the free
order set, and an order delivery is scheduled for that vehicle n using an order from the
free order set. In lines 8-15, if order r  becomes available, it is combined with the
existing order sequence from the set of available vehicles to minimize travel distance.
If no such combination exists in lines 16-17, order r  is added to the free order set.

4 EXPERIMENTAL EVALUATION

4.1 Experimental Setup

To assess the effectiveness of the proposed algorithm, this paper adopts an experi-
mental design from the literature [9] to evaluate its performance using both synthetic
and real data. Table 3. Relevant parameter settings for the synthetic data. presents the
relevant parameter settings for the synthetic data. In this case, the orders and delivery
vehicles are randomly selected from a 600×600 metric space, each having distinct R
and V  values.
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Table 3. Relevant parameter settings for the synthetic data.

R 3,6,9,12,15
V 2,4,6,8,10

Besides the two algorithms proposed in this paper, three additional baseline algo-
rithms were selected for comparative analysis. To facilitate experimental design, the
Delayed-Delivery Algorithm and Fast-Delivery Algorithm are respectively referred to
as Delayed and Fast.

Random: At each corresponding time step, the algorithm randomly assigns idle or-
ders to available vehicles for delivery.

Greedy: The algorithm employs a first-come-first-served delivery strategy, priori-
tizing orders based on their placement time. Consequently, orders placed earlier are
given higher dispatch priority.

QMIX: The algorithm, proposed in the literature[10], considers the global state and
utilizes decentralized execution to decompose the joint action value network function.

MATLAB2022a was used to run all the algorithms, while the actual operations of
different experiment components were executed on a machine equipped with an
11thGen Intel(R) Core(TM) i7-1165G7@2.80GHz processor and 512GB storage.

4.2 Experimental Results

Algorithm Validity Test. Line plots in Figures 4a-4c depict the rewards, algorithm
run duration, and algorithm memory consumption (MB) as a function of order R . The
results are presented in Figures 4a-4c. It is evident from the results that both the de-
layed delivery algorithm and the fast delivery algorithm achieve higher order delivery
rewards compared to the three baseline algorithms for the same order quantity. Fur-
thermore, as the number of orders increases, the rewards earned for the orders contin-
ue to grow, surpassing the performance of the three baseline algorithms consistently.

Regarding the algorithm's running duration, the delayed delivery algorithm pro-
posed in this paper exhibits the shortest execution time for a small number of orders.
However, as the number of orders increases, the fast delivery algorithm becomes the
most efficient in terms of time consumption.

Regarding the memory (MB) consumption of the algorithms, it is apparent that the
memory usage increases as the number of orders grows. However, the two algorithms
proposed in this paper consume a lower amount of memory compared to the top-
performing baseline algorithm.

Figures 4d-4f present line plots depicting the utility, algorithm run duration, and
algorithm memory consumption (MB) as a function of vehicle V . The results clearly
indicate that the proposed algorithm outperforms the three baseline algorithms signif-
icantly.

Regarding vehicle utility, the fast dispatch algorithm yields significantly higher
utility compared to the three baseline algorithms, while the utility obtained by the
three baseline algorithms remains relatively stable. In terms of algorithm operation
duration, the delayed delivery algorithm and fast delivery algorithm proposed in this
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paper exhibit improvements over the three baseline algorithms, resulting in time sav-
ings.

Regarding algorithmic memory (MB), the memory usage increases as the number
of vehicles varies for all algorithms. However, the two algorithms proposed in this
paper consume slightly less memory compared to the three baseline algorithms.

(a) Rewards varying with order R            (b) Duration varying with order R

(c) Memory varying with order R            (d) Utility varying with vehicleV

(e) Duration varying with vehicle V         (f) Memory varying with vehicle V

Fig. 4. (a-c) Line plots of reward, algorithm run duration, and algorithm memory consumption
(MB) varying with order R , (d-f) Line plots of reward, algorithm run duration, and algorithm

memory consumption (MB) varying with vehicle V .
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Experiments based on Real Datasets. Figures 5a-5b display the results of the five
algorithms applied to the real dataset, depicting order rewards and vehicle utility. As
the number of orders increases, the rewards also increase. Notably, the rewards ob-
tained and the increasing trend observed for the two methods proposed in this paper
surpass those of the three baseline algorithms. Likewise, the utility of the vehicles
exhibits a linear increase as the number of delivered vehicles rises, with the fast deliv-
ery algorithm proposed in this paper achieving the highest utility.

(a)Reward on the real change dataset R         (b) Utility on the real change data set

Fig. 5. Real Dataset Results: (a) Rewards on the True-Changing Dataset; (b) utility on real
change data set.

5 CONCLUSIONS

This paper addresses the issue of low delivery efficiency in current order delivery
systems. To enhance order delivery efficiency, the complex net-work theory is intro-
duced, transforming the order delivery process into a complex network through net-
worked design. To optimize order delivery, this study combines distributed optimiza-
tion theory and treats each delivery vehicle as an independent intelligent entity. The
order delivery problem is formulated as a distributed decision-making problem. Two
proposed algorithms, namely the delayed delivery algorithm and fast delivery algo-
rithm, aim to maximize rewards while ensuring timely delivery of orders. Experi-
mental results using synthetic values and real data demonstrate the effectiveness of
the proposed algorithms and methods.
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