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Abstract: The logistics demands of industries represented by e-commerce have experienced explosive
growth in recent years. Vehicle path-planning plays a crucial role in optimization systems for logistics
and distribution. A path-planning scheme suitable for an actual scenario is the key to reducing costs
and improving service efficiency in logistics industries. In complex application scenarios, however,
it is difficult for conventional heuristic algorithms to ensure the quality of solutions for vehicle
routing problems. This study proposes a joint approach based on the genetic algorithm and graph
convolutional network for solving the capacitated vehicle routing problem with multiple distribution
centers. First, we use the heuristic method to modularize the complex environment and encode
each module based on the constraint conditions. Next, the graph convolutional network is adopted
for feature embedding for the graph representation of the vehicle routing problem, and multiple
decoders are used to increase the diversity of the solution space. Meanwhile, the REINFORCE
algorithm with a baseline is employed to train the model, ensuring quick returns of high-quality
solutions. Moreover, the fitness function is calculated based on the solution to each module, and the
genetic algorithm is employed to seek the optimal solution on a global scale. Finally, the effectiveness
of the proposed framework is validated through experiments at different scales and comparisons
with other algorithms. The experimental results show that, compared to the single decoder GCN-
based solving method, the method proposed in this paper improves the solving success rate to 100%
across 15 generated instances. The average path length obtained is only 11% of the optimal solution
produced by the GCN-based multi-decoder method.

Keywords: vehicle routing problem; genetic algorithm; graph convolutional network; reinforcement
learning; joint approach

MSC: 68W50; 68T07

1. Introduction

As a core issue in logistics and distribution, the vehicle routing problem (VRP) is a
typical NP-hard problem in combinatorial optimization [1]. It involves effectively allocating
a group of vehicles to access multiple customer points and minimizing the total travel
distance or cost while satisfying constraints [2]. With the in-depth study of VRPs, many new
VRP variants have been derived in different application scenarios, such as the capacitated
vehicle routing problem (CVRP) [3], the vehicle routing problem with time windows
(VRPTW) [4], and the split delivery vehicle routing problem (SDVRP) [5].

Although the VRP and its variants have attracted a lot of attention from scholars,
the many excellent solutions witnessed are mostly applied in scenarios where the node
size is small and the distribution center is unique. In recent years, with the large-scale
development of China’s e-commerce, the more common VRP variant has involved multiple
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distribution centers and large-scale network nodes. Compared to the theoretical research
that only considers the optimality of the objective function, the VRP in real-world scenarios
demands a reliable path-planning scheme within a limited solution time. The time required
for conventional algorithms to solve the VRP increases exponentially with the size of the
problem, and if the size or known information changes, the parameters must be adjusted
again. Therefore, the efficiency and flexibility of the solution need to be improved. In
methods based on learning, such as deep learning and reinforcement learning, hidden
features are extracted from massive data or empirical trajectories [6], and the functional
relationship between input and output is established through repeated training. For data
with the same or similar features, learning-based algorithms can rapidly output results,
avoiding repeated searches in the solution space and enabling quick solutions to large-
scale VRPs in reality. However, using deep reinforcement learning to solve large-scale
VRPs faces problems such as inaccurate network feature extraction and memory overflow.
Therefore, this paper proposes a joint approach based on the genetic algorithm (GA) and a
graph convolutional network (GCN), aiming to solve the large-scale VRP with multiple
distribution centers in an end-to-end manner. The main innovations and contributions of
the study are as follows.

(1) A new algorithm for solving large-scale VRPs with multiple distribution centers
is proposed by integrating the ideas of GA and GCN. The proposed method uses
GCN to directly extract features from the topology graph without the need for data
preprocessing. Additionally, the solution process of the VRP does not rely on any
manually designed heuristic operation methods. For VRP instances with the same or
similar features, results can be obtained directly, leading to high-quality solutions in
a short time.

(2) Inlarger-scale instances, this method uses a genetic algorithm to divide complex
problems, reducing the search space and effectively avoiding the issue of dimensional
explosion.

(3)  In cases where the problem’s constraints change, a solution that satisfies the con-
straints can be obtained by simply modifying the encoding method of the genetic
algorithm, fully leveraging the existing learning experience without the need for
retraining.

The rest of this paper is arranged as follows. Section 2 presents the related work.
Section 3 introduces the basic process of using the GCN to solve the VRP. Section 4 elabo-
rates on the joint approach based on GA and GCN. Section 5 provides the experimental
results. Finally, Section 6 summarizes this study.

2. Related Work

As shown in Figure 1, the algorithms for solving VRPs can be divided into four
categories depending on their properties [7]: exact algorithms [8], heuristic algorithms [9],
meta-heuristic algorithms [10], and machine learning algorithms [11].

The exact algorithms for solving VRPs mainly include the branch and bound [12],
branch and price [13], Lagrangian relaxation algorithm [14], and Benders decomposition
algorithm [15]. Due to the excellent solution quality achieved by exact algorithms in
solving the fundamental problems of combinatorial optimization, researchers have applied
them to the VRP and its various variants. For example, Lysgaard et al. [16] added new
branching criteria, node selection criteria, and cutting equations to the conventional branch
and bound algorithm, enhancing the efficiency in reducing the solution set. Barnhart
et al. [17] discussed the use of exact algorithms such as column generation and branch
and bound for solving large-scale VRPs. Fukasawa et al. [18] used the branch and price
algorithm to solve the CVRP, experimentally proving that the optimal solution could be
achieved at large problem scales. When solving the VRPTW with cut delivery, Luo et al. [19]
included constraints on cut delivery and time windows in the branch and price algorithm,
finding optimal solutions for small-scale problems. Li et al. [20] used the branch and
price method to solve VRPs with complex constraints and verified the optimality of their
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solution via comparison with commercial solvers. Considering the time windows and
packing constraints, Ropke et al. [21] employed the branch and bound algorithm and priced
the two constraints separately. Exact algorithms outperform other algorithms in terms
of solution quality. However, since the essence of exact algorithms is to make cuts in the
solution space, when the problem instance size increases, the solution space is prone to
exponential explosion, resulting in a low solving efficiency and difficulties in obtaining the
optimal solution in a short time.

Branch and Bound
Branch and Bound
Exact Algorithms Lagrangian Relaxation Algorithm

Benders Decomposition Algorithm

Clarke-Wright Saving Algorithm

/ Heuristic Algorithms {

Algorithms for Solving VRP Tabu Search

\’ ) Simulated Annealing
Meta-Heuristic Algorithms

L J Genetic Algorithm

Reinforcement Learning

( ) Deep Learning
Machine Learning Algorithms
L Deep Reinforcement Learning

Figure 1. Classification of algorithms for solving VRPs.

The core of heuristic algorithms for solving VRPs is to iteratively constrain the root
problem of customer nodes that have not yet been served according to the specific constraints
and manually set criteria, thereby obtaining an acceptable solution. Clarke et al. [22] designed
the Clarke-Wright saving algorithm, which constructed a solution to the VRP by following
the principle of adding nodes with fewer saved values first. Altinel et al. [23] included the
impact of vehicle capacity limitations on customer node demands based on the Clarke-Wright
saving algorithm, obtaining a better solution compared to conventional saving algorithms. Li
et al. [24] proposed a two-stage heuristic algorithm based on the algorithms of saving and
local search. Comparative experiments were conducted for randomly generated small-scale
instances and classical examples to verify the quality and effectiveness of the algorithm’s
solution. Bauer et al. [25] simplified the cable layout problem of finding the lowest cost
for a VRP and designed a two-stage heuristic algorithm based on conventional saving algo-
rithms. Experimental results showed that the algorithm’s solving efficiency was significantly
improved. Heuristic algorithms involve a summary of problem patterns based on human
experience, with relatively simple logic. However, these algorithms have poor generalization
ability, are prone to local optima, and often suffer from a significant gap between the obtained
and optimal solutions for large-scale problems.

To overcome the limitations of heuristic algorithms, researchers have designed a series
of meta-heuristic algorithms, whose most distinctive feature from heuristic algorithms is
that they can, according to their strategy, accept inferior solutions under certain conditions
in the solving process. This configuration expands the search space and enables the
algorithms to escape from local optima. Glover [26] first proposed and systematically
explained the concept of tabu search for solving nonlinear coverage problems, laying
the theoretical foundation for tabu search algorithms [27,28]. According to the problem
requirements, Zachariadis et al. [29] added the principle of the local search algorithm to tabu
search and successfully solved the VRP under two-dimensional spatial packing constraints.
However, a major drawback of tabu search is its excessive reliance on the quality of the
initial solution, so tabu search algorithms are often combined with heuristic algorithms.
Simulated annealing (SA) [30] is a stochastic optimization algorithm based on the Monte
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Carlo iterative solution strategy. Kirkpatrick et al. [31] successfully introduced SA into
the field of combinatorial optimization. Li [32] incorporated the greedy algorithm with
SA and constructed an initial solution for SA, solving large-scale VRPs of heterogeneous
vehicles. Mu [33] combined heuristic algorithms with SA to construct a two-stage SA
algorithm for solving VRPTWs. In addition, GAs [34], ant colony algorithms [35], and
particle swarm optimization algorithms [36] have also been applied to various VRPs due
to their efficient solution capabilities. Compared to conventional heuristic algorithms
that perform the global search without emphasis, meta-heuristic algorithms can focus on
unsearched or potential areas through certain search rules and memory lists, thus having
higher efficiency [37].

Despite a high solution efficiency, meta-heuristic algorithms, like exact and heuristic
algorithms, still require sufficient, professional domain knowledge to model problems or design
effective search rules. When the problem constraints change, the algorithm often needs to
make significant changes. With the rise of artificial intelligence, increasingly more scholars have
considered using machine learning-based methods to enable agents to acquire the ability to
autonomously solve problems [38]. Machine learning-based methods can be divided into three
types according to the model training characteristics: supervised learning [39], unsupervised
learning [40], and reinforcement learning [41]. However, regardless of the learning paradigm,
when solving combinatorial optimization problems, artificial neural networks (ANNSs) [42] are
required to extract features or fit functions. However, conventional neural networks rely on the
assumption that data samples are independent of each other and require fixed-length inputs
and outputs, which are difficult to meet in VRPs [43]. Therefore, more researchers have resorted
to the pointer network (PN) [44] and graph neural network (GNN) [45] to solve VRPs.

Bello et al. [46] employed reinforcement learning to train the PN model, which achieved
better solutions in problems with larger node sizes. On this basis, Nazari et al. [47] adjusted the
input layer and replaced the long short-term memory (LSTM) with convolutional layers, which
reduced the computational cost. Scarselli et al. [48] leveraged the GNN to learn the features of
each node for node prediction. Ma et al. [49] combined the PN with GNN to propose the graph
pointer network (GPN), which extracted node features using the GNN and constructed solutions
using the PN, thereby improving the algorithm’s generalization performance. Khalil et al. [50]
first proposed using the GNN to solve problems. Manchanda et al. [51] further introduced
the GCN to solve problems. Hu et al. [52] proposed a bidirectional graph neural network
(BGNN) that generated the next access node sequentially through imitation learning, which
could be combined with heuristic search to further improve performance. Enrique et al. [53]
designed a neural network based on an attention mechanism as a meta-learner to solve the
algorithm selection problem, and the experimental results proved that the algorithm selected by
the model achieved better results than the benchmark algorithm in different VRPTW instances.
Ivan et al. [54] designed a regression machine learning model that captures the input features
of the VRP problem while incorporating the output data obtained from the genetic algorithm
to directly predict the outcome of the problem without iterative solving. Fitzpatrick et al. [55]
proposed a hybrid algorithm based on machine learning and integer linear programming that
addresses the problem of poor performance of end-to-end machine learning approaches in
large CRVP instances and validates the effectiveness of the algorithm in large-scale instances
with hundreds to thousands of nodes. Lagos et al. [56] used Markov models to generate a
large number of sequences of low-level heuristic algorithms, employed a machine learning
approach to learn the key parameters of the algorithms, and experimentally demonstrated that
the proposed hybrid approach based on machine learning and heuristic algorithms achieves
competitive results in the VRPTW instance.

It can be seen that machine learning-based methods and their hybrid algorithms
achieve better results in larger VRP instances because they have some autonomous problem
solving ability and do not need to repeat iterations to solve similar problems; however,
these algorithms often require a lot of time to pretrain the model and need to retrain the
model when the algorithm constraints are changed, which results in poorer generalizability.
The joint solution framework proposed in this paper makes full use of the advantages of
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machine learning methods without repeated iterations and the flexibility of meta-heuristic
algorithms in solving problems with different constraints, and it only requires small-scale
changes in the face of changes to the problem scale and constraints, without retraining.

3. Multi-Decoder Architecture for Solving VRPs

This study constructs an end-to-end solution, the primary framework of which is
shown in Figure 2. First, the location maps of the distribution centers and service nodes
are taken as raw inputs. Then, the GCN is used as an encoder, which is combined with the
classical graph search algorithm to calculate the high-dimensional spatial representations
or embedded features. Finally, a decoder is employed to predict the probability of node
outputs and search for the solution to the problem.

Search

Probabilistic -

Prediction

VRP Instance Encoder Decoder Solve the Problem

Figure 2. Primary framework of the end-to-end algorithm.

Since the GCN can directly extract features from the node graphs, we need to model
VRP instances using theories of graph optimization.

We can consider the VRP instance shown in Figure 3 as a graph G = (V, E), where V
is a set of vertices represented by Equation (1):

vV =1{01,2---,n}, 1)

where i = 0 represents the distribution center,and i = 1,2, - - - , n are the service nodes. The
edge set E is represented by Equation (2):

E = {81']'}, i,j e V. (2)

" Distribution Center

Figure 3. VRP instance.

The elements e;; in the set are within the range of {0,1}. When ¢;; = 1, it means that
nodes i and j are connected; ¢;; = 0 means that i and j are disconnected. All nodes have a
coordinate feature xf, and the service nodes in the CVRP also have an additional demand
feature x?.

For VRP, the objective function is to minimize the total travel distance or cost, as
shown in Equation (3):
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m n n
min Z 2 Z cijei-‘j, 3)
k

=1i=1j=1

where m is the number of vehicles, and c;; is the distance or loss from node i to node j. If

vehicle k is accessed from node i to node j, then ‘35'(]‘ = 1; otherwise, eifj = 0. The VRP usually
has the following constraints [57].

(1) Node constraint: As shown in Equation (4), each node must be visited and visited
only once.
m n
Y.y edi=1viev (4)
k=1j=1
(2)  Path constraints: As shown in Equation (5), each vehicle’s path must start at node 0
and end at node 0. .
eléjzl,kzl,---,m
j=1
" )
Zeﬁ):l, k=1,---,m
j=1
(3)  Flow conservation constraints: As shown in Equation (6), for any node (including
node 0), after the flow enters the node, an equal amount of flow must exit the node.
k k
Zelpzzep],VPGV,kZL,m (6)
ieV jev
(4)  Binary constraint: ei-‘j €{0,1}, Vi,jeV,k=0,---,m.
(5)  For CVRD, there is a vehicle capacity constraint, as shown in Equation (7):
n
dief; < QN VieV, k=1, ,m, )
j=1
where d; represents the demand of node j, and QF represents the capacity of vehicle k.
3.1. GCN
The process by which GCN learns on graph structure data can be roughly summarized
as follows.
(1)  Feature Aggregation: For each node, the feature update is given by Equation (8):
HU+D — U(D*%AD*%H(I)W(I)), (8)
where H(!) is the node feature matrix at layer /, A is the adjacency matrix of the
graph, D is the degree matrix, W(!) is the learnable weight matrix at layer /, and ¢ is
the activation function (such as ReL.U).
(2) Input Feature Matrix: In the first layer of GCN, the input feature matrix is usually:
HO =X, )
where X is the feature matrix of the input nodes.
(3)  Multi-Layer Stacking: By stacking multiple layers, the final output feature matrix is

shown in Equation (10):
HO = ¢(D 2AD 2 HE-DW(I-1), (10)

where L denotes the total number of layers.
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(4)  Classification Output: Finally, the classification result output through the fully con-
nected layer is:
Y = softmax(HLwWo)), (11)

3.2. A New Solution Framework

In small-scale scenarios, using the framework above can yield a high-quality solution.
However, for large-scale problems, the algorithm using only a single decoder is easily
trapped in local optima. Therefore, a multi-decoder strategy is considered to enable the
algorithm to quickly return high-quality solutions. The new solution framework is shown
in Figure 4.

Sequential Prediction Decoder

GCN

GCN

Y

Classification Decoder
Encoder Decoder

Figure 4. Multi-decoder solution framework.

Unlike the traditional single encoder—decoder architecture [48-51], the new framework
adopts two separate decoders on top of the framework shown in Figure 4. One is a
sequential prediction decoder based on a recurrent neural network (RNN) [58] or LSTM [59]
with node embedding as input, which outputs a predicted sequence as a VRP solution.
The other is a classification decoder based on the multi-layer perceptron (MLP) [60], which
also takes node embedding as input and a probability matrix as output. The value of
the matrix elements represents the probability of the corresponding edges appearing in
the solution. One major advantage of using two decoders is that we use reinforcement
learning algorithms to train the sequence prediction decoder, and the output results serve
as labels for the classification decoder. During the training process, optimizing the loss
function of the sequence prediction decoder can indirectly enhance the performance of
the classification decoder. Conversely, when the performance of the classification decoder
improves, the sequence prediction decoder can better adjust its prediction strategy, leading
to more accurate sequence generation. We have already added the above discussion to the
article. The specific solution process is as follows.

Input: For each node i in the given graph G = (V, E), initialize it as a feature vector x;
as shown in Equation (12) using the ReLU activation function:

ReLU(W;x§ + by) i=0

e {ReLU([szf by Wax? +b3]) i # 0 (12)

where [;] is the concat operation, W and b are parameters, and the edge feature y;; is related
to the adjacency and distance (m;;) of nodes (i, j). We define the following adjacency matrix
A € RUFDX (1),

1 if i and j are k-nearest neighbors
0 others
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It should be noted that, if nodes i and j are k-nearest neighbors, we consider them
adjacent. The feature y;; can then be represented as follows:
Yij = ReLU([W4mij + by; W5a1']' + bs)). (14)
Encode: After determining the node and edge features, we use the decoder for embed-
ding, essentially mapping the two features linearly as shown in Equation (15):
h) = We1x; + by,
i WEQyij + bpo.

8,']'

(15)

Afterward, the mapping function will pass through an L-layer graph convolutional
layer, and for each layer /(I = 1,2,---,L), there are two sub-layers: aggregation and
combination. The node embedding after / layers is defined as follows:

My = o(WAGG({H, !, Vi’ € N(i)})),

(16)
hi = COMBINE(l; ™" iy ;)

where hé\[(i denotes the aggregation feature representing all adjacent nodes N (i) of node i;

AGG is an aggregation function that can be customized according to the specific problem;
o is a nonlinear activation function; and COMBINE is a function that embeds a node and
its adjacent nodes.

In the aggregation sub-layer, for node v; € V, the node aggregation embedding can be
shown by Equation (17):

iy = C(WIAGGH(ATTN (b, {hl; !, o' € N(i)}))), (17)

where W! is a trainable parameter, and the main role of the ATTN function is to map the
feature vector hy,, and the set of candidate feature vectors Hy, to a weighted sum of the
feature vectors. The ATTN function is represented as follows:

f : hkey X Hygp = hyqp- (18)

As for the edge ¢;; € E, the two nodes connected by the edge need to be considered, so

the aggregation embedding of the edge th (e) is defined as shown in Equation (19):
l l Lipl=1 21-1 71-1
hN(eij) = U(WEAGGE(heij i ) 19)
AGG(h " W W) = Wi, + Wiphi + Wshi.

The combination sub-layer combines th(i) with th(e‘_) according to the following
ij
equation:
1 I1-1.91
i = Vil Hyg),
1 lp1-1.11
heij = [VEh ’hN(eij)}’

eij

(20)

where V! and V} are the weight matrices to be updated.

Decode: In the sequential prediction decoder, for any input, generate a policy sequence
of length T. We hope that the policy sequence 7t generated based on policy p(7|S;0) can
minimize the objective function. Here, p(7t|S;6) can be expressed in the form of a joint
probability as shown in Equation (21):
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T
p(n)S;0) = [ [ p(mi41]S, 15 6)
t=0
T
H 7'(H1|(S,93), 7Tt,'9d)/

(21)

where f(S, 6,) is the encoder and 6, the trainable parameter. Here, a gated recurrent unit
(GRU) [61] and a hidden vector z; are introduced to calculate the last term of Equation (21),
as shown in Equation (22):

p(7e] (S, Be), 711-1;64) = p(71141((S, Be), 245 0a).- (22)

When decoding, the decoder generates node 7; based on the node embedding gen-
erated by the GCN and the hidden vector z; of the GRU and finally obtains the policy
sequence 77 through iterations. For the specific implementation, we can use the pointer
network to calculate the attention score of each node according to the encoding results,
obtain the probability distribution after softmax, and finally calculate the output results
according to the obtained probability. In the decoding process, at time step ¢, the context
weight uy; of node i is calculated as follows:

{haT tanh(WC[v;;2])  otherwise’ 23)

Uy =

where Ny is the set of nodes at the current time step, which do not satisfy the constraints,
and h] and WC are the parameters. At this point, Equation (22) can be expressed in the
following form:

p(7ti41|(S, 0e), 21, 0,4) = softmax(uy;). (24)

In a classification decoder, the resulting policy 7t of the sequential prediction decoder
can be transformed into a unique path sequence, where edges that appear in the path
sequence are denoted as 1 and those that do not are denoted as 0. This leads to a 0-1 matrix
PYRP = Pe; VRP™1 that serves as the label for the classification decoder. By passing the

output hLl,j of the last GCN layer through an MLP, a softmax distribution can be obtained,
which can be regarded as the occurrence probability of edge e;;, as shown in Equation (25):

pXRP = softmax(MLP(hL ). (25)

So far, we have obtained the probability matrix Pe; VRP through the MLP. This output

needs to be as close to pVRP as possible.

3.3. REINFORCE Algorithm

In the process above, we use the REINFORCE algorithm with a baseline to train the
policy of the sequential prediction decoder, and its loss function is given in Equation (26):

LV(GBI 9d> = ;ETINP(THS;G@,G,])(L(T[) - b(s))

T (26)
= ; (L(7) = b(s)) }_log p(7il i1, S; B, 60a),

i=1
where L(7r) denotes the losses caused by policy 71, and the loss from the classification
decoder is as follows:

Ls(6e,0:) = ZcrossEntropy(PVRP PYRPT. (27)
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In summary, the final loss function Ly is a linear combination of L, (6, 8;) and Ls (6., 6.),
as shown in Equation (28):

Lo = aLy(6e,04) + BLs(6e, 6c). (28)

4. A Joint Approach Based on GA and GCN

When the scale of client nodes in VRPs expands, the aforementioned multi-decoder
framework built based on the GCN still encounters problems such as memory overflow.
Furthermore, in the multi-distribution center VRP shown in Figure 5, the GCN will extract
some redundant features, such as the edge features between distribution centers, resulting
in a waste of computing power. In reality, the VRP with multiple distribution centers is
often constrained by distribution resources, such as a fixed number of distribution vehicles.
This means that the resource allocation method can also affect the final solution, and the
distribution centers have an impact on each other. Therefore, the multi-center VRP cannot
simply be split into several individual VRPs to be solved.

M
\‘ R - Py “

2 ‘ >

® , <

< ¢ > SR
A i ’ \‘

'
A ¢ ® ¢ ®

Figure 5. VRP with multiple distribution centers.

To lower the algorithm’s complexity, reduce the solution space, and avoid the extraction
of redundant features by the GCN, we introduce the GA into the multi-decoder solution
framework above. Via encoding, the constraints of the problem are satisfied, and the search
space is narrowed down. Moreover, the heuristic method is employed to split the complex
problem into several simple sub-problems, ultimately obtaining high-quality solutions.

For the aforementioned VRP with multiple distribution centers, we use
C = {ci,c0,- - ,cpyand S = {s1,52,- - ,54} to represent the sets of distribution center
nodes and customer nodes, respectively. The solution process for this problem is as follows.

(1)  Use the heuristic method to allocate the customer nodes, in which a greedy approach
is adopted. For any customer node s;, calculate the Euclidean distance d(c;, s;)
between it and the distribution center node ¢;,i = 1,2,---,p and assign it to the
nearest distribution center.

(2)  Split the multi-distribution center VRP into p individual VRPs using the method
above. Integer encoding is employed to represent the allocation of distribution
vehicles, that is, a p-dimensional vector w = (wq, - - -, wp) is encoded, where each
component of the vector represents the number of vehicles allocated to the corre-
sponding distribution center node.

(3)  Use the multi-decoder solution framework to solve the VRP with a fixed number of
vehicles and output the optimal policy 7.
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(4)  Calculate cost L;(7t}) according to Equation (3). The fitness function f can be repre-
sented by the following formula:

f=—— (29)

()  Use the GA to optimize the allocation plan and output the optimum policy under
the optimal allocation plan.

The block diagram of the joint approach based on GA and GCN is shown in the below
Algorithm 1.

Algorithm 1 Joint Approach Based on GA and GCN

Input: Distribution center node set C, customer node set S, total number of delivery
vehicles M, maximum iteration times N, population size H.

Output: Optimum allocation plan wj«, optimal policy 77*, and minimum loss L(7t*).
: Initialize: The GCN network parameters of 6,, 6., and 04
: Allocate customer node s; to the nearest distribution center using the greedy algorithm.
: whilen < N do

Encode the vehicle allocation scheme as a p-dimensional vector wy;, = (w}f, cee, w’;),
h=12,--- ,H.

=W N =

5: forh=1,2,--- ,Hdo
6: fori=1,2,---,pdo
7: Use the multi-decoder solution framework to solve the VRP when the vehicle
number is fixed at wlh
8: Calculate cost L;(7t;") by Equation (3).
9: Calculate the individual fitness f;, using Equation (29).
10: Generate new populations via selection, crossover, and mutation.
11: n=n+1
12: end for
13: end for

14: end while

5. Experimental Results

Consider the logistics and distribution problem in a real city. It is now known that there
are 100% service nodes in a city, and their locations are distributed as shown in Figure 6.
A courier company needs to establish distribution centers in the city. It is known that the
company needs to establish a total of 6 distribution centers in the city and, at the same time,
20 teams will be assigned to each center.

Figure 6. Service node locations.
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In order to facilitate the subsequent algorithm solution, the coordinates (x;,y;) of
any node p; in the graph need to be normalized, and the new coordinates of the node

pi(x}?,y!*”) are shown in Equation (30):
x?ew _ y Xi ,
ne x];l;}ax (30)
vt =,
dymax

where dymax and dymax are the maximum value of the absolute value of the difference
between the horizontal coordinates of any two nodes p;; and p;, as shown in Equation (31):

Aymax = max|xm - xi’l‘/

(31)
dymax = maX|}/m - y”|

Now the distribution centers need to be located and teams need to be assigned to
each center at the same time, and the following constraints need to be followed during the
assignment process.

(1) Minimum constraint: Each center is assigned at least one team.
(2) Capacity constraint: Each team is required to perform distribution tasks but is
responsible for a maximum of 10 service nodes.

The objective is a team allocation and routing plan that obtains the shortest total
distance when the teams complete the tasks. Table 1 shows the parameter settings for the
single decoder solving method based on GCN, a multi-decoder joint solving method based
on GCN, and the joint approach based on GA and GCN. Figures 7-9 respectively show the
results obtained by the three methods for the problems.

Table 1. Parameter settings for two approaches.

Parameter Value
greedy learning rate 0.9
learning rate 0.01

max epochs 10,000
discount factor 0.9
batch size 32
normalization parameters 50
population size 300
maximum number of iterations 500
crossover probability 0.5
mutation probability 0.1

*e

*eoxe

Y (x50km)

00 02 04 06 08 1.0
X (x50km)

Figure 7. Results obtained from the single decoder solving method based on GCN.
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Figure 8. Results obtained from the multi-decoder joint solving method based on GCN.
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Figure 9. Results obtained from the joint approach.

The experimental results show that the single decoder approach based on GCN failed
to generate paths that meet the constraint conditions, as the vehicle forgot some nodes. The
multi-decoder approach based on GCN managed to generate paths that meet the constraint
conditions, but the paths were relatively complex. In contrast, the hybrid method combining
GA and GCN produced better paths that satisfied the constraint conditions. This is because
the instance contained a large number of nodes, leading to catastrophic forgetting during
the final output sequence in the single decoder approach based on GCN. Although the
multi-decoder approach based on GCN avoided the catastrophic forgetting problem by
utilizing multiple decoders, in the multi-depot VRP, the network could not effectively
eliminate redundant features, resulting in more complex paths. On the other hand, the
hybrid approach combining GA and GCN allocated vehicle resources through GA, breaking
down the complex problem into simpler sub-problems, successfully avoiding the extraction
of redundant features by the GCN network and ultimately generating better paths.

Taking into account the fact that the distribution of service nodes in different cities
may be different, a variety of different service node distributions are randomly generated.
Table 2 demonstrates the lengths of the team travel paths and the solution times for the
three methods with a fixed training time in different multi-distribution center VRPs. Here,
“F” signifies that the algorithm failed to plan a path that meets the constraint conditions. It
can be observed that, in 15 instances, the success rate of the single decoder method based
on GCN is relatively low, while the success rate of the other two algorithms is 100.

Furthermore, after calculation, the average length of the optimal path obtained by the
GCN-based multi-decoder solving method is 99.66 x 50 km, while the result obtained by
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the method proposed in this paper is 11.80 x 50 km, which is only 11% of the length of
the multi-decoder method. Additionally, the variance of the optimal paths solved by the
multi-decoder method based on GCN and the joint solving method based on GA and GCN
is 721.06 and 0.32, respectively. It can be seen that the joint approach based on GA and
GCN achieves better results, and the method is more stable. The reason that the method
takes longer is because the genetic algorithm consumes some time in searching for the
optimal team allocation scheme.

Table 2. Results for different multi-distribution center VRPs.

Single Decoder Approach Multi-Decoder Approach Joint Approach
Distribution

d (x50 km) tls d (x50 km) t/s d (x50 km) tls
1 F 15.29 85.38 16.56 11.52 37.73
2 F 17.66 114.18 19.12 11.68 37.71
3 F 12.48 73.46 19.06 11.85 37.16
4 F 14.28 101.55 16.51 13.14 38.52
5 12.60 16.36 96.11 16.63 12.47 38.26
6 F 13.27 104.11 19.20 12.31 36.96
7 F 14.17 87.49 18.71 11.71 37.55
8 F 15.66 64.50 19.55 11.16 36.61
9 12.08 13.42 130.70 22.81 11.98 37.35
10 F 15.75 90.41 16.39 11.80 36.76
11 F 12.99 105.62 20.43 11.46 36.49
12 F 15.69 90.89 17.46 11.60 37.46
13 F 14.10 175.63 19.58 11.78 37.65
14 F 12.39 100.54 16.33 10.67 37.27
15 F 13.51 74.37 19.50 11.99 37.66

Considering the reality that some goods have special distribution requirements, such
as the need for cold chain transportation, etc., we further add the following constraints on
the basis of the above problem: there are three types of special and ordinary goods in the
distribution center, A, B, and C, and the ratio of the four types of goods is about 1:1:1:3
corresponding to the three types of distribution teams and whichever type of distribution
team can deliver the ordinary goods.

The experimental results show that, within the specified time, the multi-decoder
solution framework still cannot obtain feasible solutions, while the joint approach obtains a
better solution by merely changing the population encoding scheme. The solution results
are given in Figure 10.

® Tpeh

o Types
® TpeC
® Ordinary

08

06

“ % % %

00 3 -

00 02 04 06 08 10

X (x50km)

¥ (x50km)

Figure 10. VRP solution results for multiple distribution centers under complex constraints.

It can be seen that, when the constraints become more complex, the proposed algorithm
can obtain solutions through a simple modification, which is indicative of a strong generalization
ability.
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To further verify the effectiveness of the algorithm, we generated three VRP instance
sets based on the real data of the B2B platform delivery system, whose details are summa-
rized in Table 3. Each instance set includes instances for training and testing.

Table 3. Data for VRP instance sets.

Instance Sets Number of Service Nodes  Vehicle Capacities Data Size (Train/Test)
VRP50 50 40 50,000/10,000
VRP200 200 60 25,600/5000
VRP400 400 80 25,600/5000

We consider comparisons with the following state-of-the-art methods, which have
been shown to be able to produce near-optimal solutions to the other problem sets:

(1) OR-Tools: A common heuristic solver proposed by Google [62].

(2)  PRL: A learning model based on deep neural network with an LSTM encoder [47].
(3)  AM: A learning model based on the attention model with coordination embeddings [63].
It is shown to outperform a well-known heuristic for VRP, LKH3 heuristic [64].

(4) GCN-NPEC: A learning model based on a graph convolutional network with node
sequential prediction and edge classification [65].

Considering the different number of problems in different sets, we take the average value
of the optimal solution obtained by each method in each set of instances as the evaluation
index. In addition, in order to show the experimental results more intuitively, we select
the OR-Tools method as the benchmark method and calculate the gap between the current
method and the average value obtained by the benchmark method by Equation (32):

Cum —Cor | 100, (32)
Cor

where Cjs and Cop are the average values of the optimal solutions obtained by the current
method as well as the benchmark method, respectively, and the final experimental results
obtained are shown in Table 4.

Table 4. Results of different methods.

Methods
Instance Sets
OR-Tools PRL AM GCN-NPEC GCN-GA
VRP50 7.61 (0.00%) 7.79 (2.37%) 7.64 (0.39%) 7.67 (0.79%) 7.71 (1.31%)
VRP200 18.01 (0.00%) 20.12 (11.71%) 18.86 (4.72%) 17.81 (—1.11%)  17.89 (—0.67%)
VRP400 28.13 (0.00%) 30.25 (7.54%) 29.78 (5.87%) 27.05 (—3.84%)  26.89 (—4.41%)

The experimental results show that, in large-scale instances, the results obtained by the
GCN-based method are better than the benchmark method. The reason for the similarity
between the proposed method and the GCN-NPEC method is that both of them adopt the
same network structure, and the GA module in the proposed joint solution framework is
not iteratively updated in the VRP instance with only a single distribution center.

6. Conclusions

This paper proposes an end-to-end joint approach based on GA and GCN to solve
the large-scale, complexly constrained VRP with multiple distribution centers. Compared
to the solution framework that solely uses the GCN, the proposed method adopts a multi-
decoder strategy on top of the GCN to increase the spatial diversity of solutions. Additionally,
GA is introduced to cope with various constraints, allowing the GCN to focus on solving
simple VRPs and improving algorithm efficiency. Ultimately, numerous randomly generated
instances prove that the proposed method can quickly obtain higher quality solutions while
flexibly responding to changes in constraints, indicating strong generalization abilities.
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This study focuses on solving the VRP of multiple distribution centers under a fixed node
distribution. However, dynamic factors exist in the actual logistics and distribution process,
where the number of customer nodes may increase or decrease, and their locations may change
over time. Therefore, we plan to introduce dynamic factors into the problem based on this
research, improve the proposed method, and make it adaptable to dynamic VRPs.
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