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Abstract
Vehicle Routing Problems (VRPs) involve multi-agent route optimization, with the objec-
tive of targeting optimal routes for a fleet of vehicles to serve a set of customers. Exist-
ing neural solvers based on the divide-and-conquer approach for VRPs in general, and 
capacitated VRP (CVRP) in particular, integrate the global partition of an instance with 
the local construction for each resulting subinstance to enhance generalization. However, 
during the global partition phase, misclusterings within subgraphs have a tendency to 
progressively compound throughout the multi-step decoding process of the learning-based 
partition policy. This suboptimal behavior of the partition policy, in turn, may lead to 
a dramatic deterioration in the performance of the overall decomposition-based system, 
despite using optimal local constructions. To address these challenges, we propose a ver-
satile Hierarchical Learning-based Graph Partition (HLGP) framework, which is tailored 
to benefit the partition of CVRP instances by synergistically integrating global and local 
partition policies. Specifically, the global partition policy is tasked with creating a coarse 
multi-way partition to generate a sequence of simpler two-way partition subtasks. These 
subtasks mark the initiation of the subsequent K local partition levels. At each local parti-
tion level, subtasks exclusive to this level are assigned to the local partition policy which 
benefits from the insensitive local topological features to incrementally alleviate the com-
pounded errors. This framework is versatile in the sense that it optimizes the involved 
partition policies towards a unified objective, which is harmoniously compatible with both 
reinforcement learning (RL) and supervised learning (SL) paradigms. Additionally, we de-
couple the synchronized training into individual training of each component to circumvent 
the instability issue. Furthermore, we point out the importance of treating the subproblems 
encountered during the partition process as individual training instances. Extensive experi-
ments conducted on various CVRP benchmarks demonstrate the effectiveness and general-
ization capabilities of the HLGP framework under both scale and distribution shifts. The 
source code is available at https://github.com/panyxy/hlgp_cvrp.

Keywords  Vehicle routing problem · Combinatorial optimization problem · Hierarchical 
learning

Extended author information available on the last page of the article

http://crossmark.crossref.org/dialog/?doi=10.1007/s10458-026-09755-7&domain=pdf&date_stamp=2026-5-16
https://doi.org/10.1007/s10458-026-09755-7
https://github.com/panyxy/hlgp_cvrp


1 3

   27   Page 2 of 47 Autonomous Agents and Multi-Agent Systems           (2026) 40:27 

1  Introduction

Vehicle Routing Problems (VRPs) involve multi-agent route optimization aimed at deter-
mining optimal routes for a fleet of vehicles to serve a set of customers [1–5], with a broad 
spectrum of real-world applications in transportation  [6] and logistic  [7]. As a challeng-
ing class of NP-hard combinatorial optimization problems (COPs), exact methods [8] are 
often computationally prohibitive, even though they guarantee optimal solutions. Heuristic 
methods, such as LKH3  [9] and HGS  [10], provide practical alternatives but rely heav-
ily on domain expertise to design problem-specific, high-quality handcrafted local opera-
tors. More recently, learning-based neural solvers have emerged with empirically favorable 
performance, higher computational efficiency, and minimal reliance on domain expertise. 
Typically, neural solvers adopt one of three paradigms: the constructive method, the itera-
tive method, and the divide-and-conquer method. The constructive method [11–16], which 
incrementally constructs a feasible solution, often suffers substantial performance degrada-
tion on out-of-distribution (OOD) instances, whereas the iterative method [17–22], which 
refines solutions by using a neural network to select heuristic local operators, requires 
numerous refinement steps with well-crafted local operators to obtain satisfactory solutions. 
By comparison, the divide-and-conquer method embraces either a heuristic-based partition 
policy [23–28] or a neural partition policy [29–32] to globally divide the entire instance into 
subinstances, which are then solved using a local construction policy. However, a failure in 
either component policy may lead to a significant performance drop. Moreover, heuristic-
based partition rules often result in local optima, while neural partition policies may be 
vulnerable to distribution shifts. Hence, there is a pressing need for a more generalizable and 
robust partition policy, which is the focus of this paper.

In the divide-and-conquer paradigm, the local construction policy benefits from the local 
topological features within subproblems, which tend to be insensitive against distribution 
and scale shifts. This contributes to the (near-)optimality of solutions generated for individ-
ual subproblems [33–35]. However, during the multi-step decoding process of the learning-
based partition policy for Capacitated VRP (CVRP) instances  [30, 31], the decoding of 
clustered nodes at each step relies on the partial partition solution from the preceding step. 
This implies that inaccuracies in the earlier clustering steps have a tendency to propagate 
and result in a chain of misclusterings in subsequent steps, called compounded errors. Con-
sequently, even with an optimal local construction policy, deficiencies in the partition task 
can lead to substantial deviations from the ideal performance of the overall system. There-
fore, we argue that the partition task occupies a critical role in the overall decomposition-
based system for solving CVRP. Furthermore, the success of the local construction policy 
inspires us to introduce a local partition policy, which is instead designed to progressively 
alleviate compounded errors by harnessing local topological features in the partition task. 
We thus consider to implement a hierarchical learning (HL) framework tailored specifically 
for the partition task in the CVRP, which is capable of seamlessly integrating both global 
and local partition policies. In prevailing HL frameworks, a high-level policy is adopted to 
derive a series of simpler subtasks which are then delegated to the low-level policy [36]. The 
primary objective of such frameworks is to facilitate the exploration in reinforcement learn-
ing, wherein the associated policies undergo the joint training [36, 37]. Yet, existing HL 
frameworks have not been extensively explored in addressing compounded errors within 
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the graph partition task of large-scale CVRP. In contrast, our study extends the HL frame-
work to the partition task of CVRP and demonstrates its efficacy in mitigating compounded 
errors.

In this paper, we present a generalizable Hierarchical Learning-based Graph Partition 
(HLGP) framework, specifically tailored for the partition task that is critical to solving the 
large-scale CVRP. This framework synergistically integrates both global and local partition 
policies to alleviate compounded errors during the partition process, thereby contributing to 
the performance of the overall decomposition-based framework. To be specific, our method 
formulates the partition problem of CVRP using a multi-level HL framework. At the global 
partition level, the global partition policy is responsible for initiating a coarse multi-way 
partition to create a series of simpler two-way partition subtasks. These subtasks stand as 
the starting point for the subsequent K local partition levels. At each local partition level, the 
sequence of tailored subtasks is derived from the partition solution of the preceding level. 
These subtasks are then fed into the local partition policy to form a new partition solution. 
Such a setup allows the local partition policy to mitigate potential misclusterings arising 
from the preceding level by leveraging the insensitive local topological features inherent in 
subtasks. By enabling the local partition policy to traverse through subtasks at each local 
partition level, the compounded misclusterings can be mitigated progressively across levels 
as a consequence.

Our proposed HLGP framework is versatile, featuring a unified objective that effortlessly 
accommodates both reinforcement learning (RL) and supervised learning (SL) paradigms 
for training the associated partition policies. It is worth noting that unlike prior approaches 
which directly train neural solvers via SL paradigms  [38–40], our method explores the 
application of SL for training the partition policy, usually omitting the need for permutation 
information. Additionally, to reduce training instability, we propose the joint training of the 
involved policies in a disentangled approach. Moreover, by conducting in-depth analyses 
under both the RL and SL settings, we shed light on the importance of treating the sub-
problems encountered during the partition process as individual training instances. Empiri-
cally, the proposed HLGP framework convincingly demonstrates its superiority over prior 
state-of-the-art methods through extensive experiments on a range of CVRP benchmarks. 
Notably, our method can scale up to CVRP instances of 10,000 nodes with around 10% 
performance improvement over its baseline method.

The remainder of the paper is organized as follows. Section 2 reviews related learning-
based methods for CVRP. Section 3 introduces the preliminaries of the CVRP formulation 
and the divide-and-conquer paradigm. Section 4 presents the proposed HLGP framework. 
Section 5 describes the experimental setup and reports the evaluation results. Finally, Sec-
tion 6 concludes the paper and discusses potential extensions of HLGP to other COPs.

2  Related works

Constructive methods  Constructive methods aim to develop end-to-end neural solvers for 
COPs, which incrementally infer complete solutions for given instances via the autoregres-
sive mechanism. These methods feature efficient generation of (near-)optimal solutions for 
in-distribution instances. Among them, the Pointer Network [11] and the Transformer-based 
model [13] have emerged as two predominant neural architectures for neural solvers, trained 
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using either SL  [11] or RL  [12, 13]. Additionally, inherent properties of VRPs, such as 
the presence of multiple optima [15] and problem symmetry [16], are also considered to 
enhance the in-distribution performance of neural solvers. However, the delayed rewards 
inherent in training RL policies lead to high GPU memory demands required for the gradi-
ent backpropagation. Consequently, SL-driven policies, such as BQ [38], LEHD [39] and 
SIL [40], have resurfaced to alleviate training difficulties and moderately improve general-
ization performance on OOD instances. Moreover, tremendous efforts have been devoted 
to improving the generalization capabilities of neural solvers, including approaches such 
as meta-learning [41–44], knowledge distillation [45], or ensemble learning [34, 46, 47]. 
However, these constructive methods might still experience performance deterioration 
when encountering substantial distribution or scale shifts.

Iterative methods  Unlike constructive methods, iterative methods offer the benefit of con-
sistently refining a given solution through local updates until convergence. Both L2I [17] 
and NeuRewriter [18] utilize RL policies to choose from a set of predefined local improve-
ment operators, iteratively refining solutions. Likewise, [19] interleaves the use of heuris-
tic destroy operators and a set of learning-based repair policies to generate new solutions. 
Moreover, DACT [20] explores the influence of the expressiveness of solution representa-
tions on the performance of RL policy within an iterative framework. Additionally, both 
NeuralLKH [21] and Neural k-Opt [22] utilize RL policies to substitute heuristic rules for 
edge exchanges in k-opt algorithms. However, these iterative methods trade efficiency for 
improved performance and still rely heavily on domain-specific, well-crafted rules.

Divide-and-conquer methods  Divide-and-conquer methods typically leverage local topo-
logical features that are insensitive to distribution or scale shifts, thereby mitigating the 
performance deterioration. Fu et al. [24], Kim et al. [25] and [28] attempt to transfer stan-
dard neural solvers for larger instances by applying them to multiple small-scale subgraphs, 
which are sampled using heuristic rules. In contrast, both L2D [26] and RGB [27] learn a 
policy to select among heuristically constructed subgraphs for iterative refinement. How-
ever, the use of heuristic rules may cause solutions to be trapped in local optima. Unlike the 
above methods, TAM [30], GLOP [31] and UDC [32] opt to use a learning-based policy to 
globally partition the entire instance into subinstances, which are subsequently solved by a 
pretrained local construction policy. In addition, [29] resort to a hierarchical RL framework 
where a local policy solves subproblems assigned by a jointly trained global policy. How-
ever, these neural partition policies may suffer performance degradation due to compounded 
errors during the partition process.

In summary, compared with constructive methods, the proposed HLGP framework 
improves generalization under distributional and scale shifts by dividing large problem 
instances into smaller subproblems. Compared with iterative methods, HLGP avoids the 
need for numerous handcrafted local operators. More importantly, compared with prior 
divide-and-conquer approaches, HLGP integrates both global and local partition policies to 
perform multi-level graph partition, which helps mitigate the compounding errors in node 
clustering during the partition process. Moreover, both RL and SL can be adopted for the 
efficient disentangled training of the corresponding partition policies to optimize the unified 
objective within the HLGP framework.
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3  Preliminaries

CVRP formulation  A CVRP instance I is defined as a 3-tuple I = (G, D, Nmax), where 
G is a graph consisting of a depot node v0 and Nv  customer nodes {vi}Nv

i=1, D represents 
the vehicle capacity, and Nmax denotes the maximum number of permitted returns to the 
depot by vehicles. Each node is associated with coordinates (ai, bi), and each customer 
node is further assigned a demand di. Nmax is accordingly defined as ⌈

∑Nv

i=1 di/D⌉ + 1 to 
prevent the occurrence of an empty feasible solution set. The distance between any pair of 
nodes is calculated using the Euclidean metric. In the CVRP, the vehicle needs to visit each 
customer exactly once, fulfills their demands without exceeding its capacity D, and returns 
to the depot to reload goods if necessary. A feasible solution T ∈ ST  can be described as a 
node permutation where the depot node can occur multiple times, while each customer node 
appears exactly once. Furthermore, the feasible solution T  also can be decomposed into 
Nτ  feasible subtours {τi}Nτ

i=1. Each subtour τi begins and ends at the depot, with customer 
nodes visited in between. The travel cost e(τi) associated with τi is the sum of Euclidean 
distances between consecutive nodes along the subtour. Thus, the objective is to minimize 
the solution cost e(T ) =

∑Nτ

i=1 e(τi). ST  denotes the space of feasible solutions, as does the 
notation used for S in the following sections.

Global partition and local construction (GPLC)  In the context of the CVRP, the partition task 
involves clustering nodes into distinct groups such that each cluster contains the depot node, 
each customer node belongs to exactly one cluster, and the total demand with each cluster 
does not exceed the vehicle capacity D. Each cluster of nodes forms a subgraph. A feasible 
partition solution C ∈ SC  comprises Nc subgraphs {ci}Nc

i=1. Each subgraph ci consists of 
the depot node along with a subset of customer nodes which are distinct from those in 
other subgraphs. Formally, this implies ∪Nc

i=1ci = G and for all i ̸= j, ci ∩ cj = {v0}. The 
feasible partition solution C can alternatively be represented as a node list, where the order 
of customer nodes between two consecutive depot visits is ignored. Therefore, a feasible 
solution T  can be equivalently seen as a feasible partition solution C when disregarding the 
permutation information of customer nodes in T .

Obviously, both the feasible solution T  (i.e., node permutation) in the CVRP and the 
feasible partition solution C (i.e., node clustering) in the partition problem of the CVRP 
are composed of discrete variables. This fact prompts prevalent learning-based methods to 
revolve around building stochastic policies as neural solvers, with the aim of handling what-
ever types of problems (permutation or clustering) within the context of CVRP. Let ∆(·) 
denote the space of probability measures. In the GPLC paradigm [30, 31], a stochastic parti-
tion policy πpart(C|I) ∈ ∆(SC) is used to derive a feasible partition solution C by dividing 
the graph G of the given instance I. Then, a set of subproblems {(ci, D, 1)}Nc

i=1 is yielded 
from the subgraphs {ci}Nc

i=1 in C. Please note that, due to the feasibility of C, the total 
demand within each subproblem (ci, D, 1) does not exceed the capacity D, and thus only a 
single depot visit is required without reloading. Therefore, a (near-)optimal local permuta-
tion policy π∗

perm(T |C) ∈ ∆(ST ) is employed to generate a feasible solution T = {τi}Nτ

i=1
, wherein each subtour τi represents a node permutation for the corresponding subgraph ci 
in the partition solution C. The objective is to identify an optimal partition policy π∗

part that 
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minimizes the solution cost e(T ) associated with the resulting solution T . However, prior 
methods lack a formal theoretical foundation for the GPLC paradigm in solving the CVRP. 
Therefore, we introduce Theorem  1 to establish the theoretical soundness of the GPLC 
approach for the CVRP. Please refer to Appendix D.1 for the proof of Theorem 1.

Theorem 1  Given a CVRP instance I, the primitive objective is to identify a (permuta-
tion) policy π(T |I ) ∈ ∆(ST ) so as to minimize the expected cost, formally expressed as 
minπ ET ∼π[e(T )]. If π∗

perm ∈ ∆(ST ) is optimal for each subproblem (ci , D, 1 ), then the 
primitive objective can be reformulated as the objective of the partition problem which is 
to identify a partition policy πpart ∈ ∆(SC) to minimize the expected cost, expressed as:

	
min
πpart

EC∼πpart [
Nc∑
i=1

Eτi∼π∗
perm

(e(τi))],� (1)

where π∗
perm(T |C) =

∏Nc
i=1 π∗

perm(τi |ci) implies that each τi  is conditionally independent 
given its corresponding subgraph ci .

As aforementioned, a feasible partition solution C can be viewed as a node list, which 
implies that the partition policy can incrementally construct the partition solution via the 
autoregressive mechanism. Accordingly, the partition policy selects the current node C[n] 
conditioned on the partial partition solution C[0 : n − 1] (with C[0] = ∅) and the given prob-
lem instance I, written as:

	
πpart(C|I) =

Nsol∏
n=1

πpart(C[n]|C[0 : n − 1], I),� (2)

where Nsol denotes the length of partition solution. For brevity, we slightly abuse the nota-
tion Nsol to denote the length of different partition solutions in the following sections. Since 
the objective defined in (1) essentially aligns with that of RL, a common approach is to train 
neural solvers using RL techniques.

Theorem 1 presents an idealized algorithmic formulation for the GPLC framework, 
assuming access to an optimal local permutation policy. In practice, to obtain a feasible and 
implementable algorithm, we approximate this optimal local permutation policy using a 
neural solver. This approach is motivated by the empirical observation that local topologi-
cal structures within subproblems remain relatively insensitive to distributional and scale 
shifts of the overall problem instance, which is also reported in prior works [33–35]. Such 
structural regularity provides a strong inductive bias, thereby enabling a neural network to 
effectively approximate the optimal local permutation policy across diverse instance distri-
butions and problem scales. Accordingly, in our implementation, we employ a pretrained 
neural solver, as also adopted in GLOP [31], to approximate the optimal local permutation 
policy.
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4  Hierarchical learning-based graph partition

Our proposed HLGP framework is built upon the GPLC paradigm. In line with prior 
works, we assume the optimal local permutation policy π∗

perm is obtainable by leveraging 
LKH3 [9] or the neural solver used in GLOP [31]. As indicated in (2), the decoding of the 
node at each time step hinges on the partial partition solution constructed in preceding steps. 
Consequently, inaccuracies in clusterings of earlier steps tend to propagate, resulting in a 
chain of misclusterings in subsequent steps. This issue becomes particularly pronounced 
under substantial distribution or scale shifts. Such empirical challenges in solving the CVRP 
thus motivate us to develop a HL framework for addressing the partition problem in the 
CVRP. We anticipate that this HL framework can progressively mitigate compounded errors 
by incorporating both global and local partition policies.

4.1  HL Formulation of partition problem

In this section, we begin by introducing the feasible cost function f(C), which is responsible 
for quantifying the cost associated with a feasible partition solution C, as formally defined 
in Definition 1. Following this, different forms of f(C) are presented in the subsequent sec-
tions, designed to align with both RL and SL objectives for training the involved partition 
policies.

Definition 1  Let π∗
part denote the optimal partition policy obtained by optimizing the objec-

tive of the partition problem, as defined in  (1). Given a cost function f(C) : SC → R, if 
π∗

part can be derived by solving the optimization problem minπpart EC∼πpart [f(C)], then 
f(C) is a feasible cost function.

By leveraging this well-defined feasible cost function f(C), the objective of the partition 
problem can be expressed as minimizing the expected cost EC [f(C)]. Then, we reformulate 
the partition problem using a multi-level HL framework, where the global partition policy 
πGpart and the local partition policy πLpart work together in synergy to accomplish the 
partition task. At the global partition level, πGpart is tasked with creating an initial coarse 
feasible partition C(0) = {c

(0)
1 , . . . , c

(0)
Nc

}, where each c(0)
i  (for 1 ≤ i ≤ Nc) denotes a sub-

graph at this level. In this partition solution C(0), each pair of subgraphs (c(0)
i , c

(0)
i mod Nc+1) 

(for 1 ≤ i ≤ Nc) is stipulated as neighboring subgraphs as defined by a specific heuristic 
rule. For instance, a simple heuristic involves rearranging the subgraphs in C(0) in ascend-
ing order of the polar angles of their centroids, computed in a Polar coordinate system 
centered at the depot node. This coarse multi-way partition C(0) serves as the entry point 
for the subsequent K local partition levels. At each local partition level k ∈ {1, ..., K}, sub-
problems specific to this level are sequentially constructed by reuniting pairs of neighbor-
ing subgraphs from the preceding partition solution C(k−1). Each subproblem I(k−1)

j  (for 

1 ≤ j ≤ ⌊ Nc

2 ⌋) is defined as follows:

	 I
(k−1)
j = (G(k−1)

j , D, 2); G
(k−1)
j = c

(k−1)
(m+k−1) mod Nc+1 ∪ c

(k−1)
(m+k) mod Nc+1,� (3)
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where m = 2(j − 1). Thus, each local partition level contains ⌊ Nc

2 ⌋ subproblems. For each 
subproblem, the vehicle is allowed to return to the depot at most twice, as each subproblem 
is formed by merging two feasible subgraphs. Please note that each pair of consecutive 
subproblems I(k−1)

j  and I(k−1)
j+1  do not overlap in terms of the subgraphs they contain. Addi-

tionally, this technique for creating subproblems can be described as initially left-shifting 
the ordered subgraphs in C(k−1) by k − 1 places and then merging the neighboring sub-
graphs without overlaps. At each local partition level k ≥ 1, the sequence of subproblems 
specific to this level is directed to the local partition policy πLpart, which enables πLpart to 
address potential misclusterings from the preceding level by utilizing the insensitive local 
topological features. As a result, the local partition policy can traverse through subproblems 
at each local partition level, gradually reducing accumulated misclusterings across levels. 
Moreover, upon completion of solving the subproblem I(k−1)

j , the corresponding pair of 

subgraphs (c(k−1)
(m+k−1) mod Nc+1, c

(k−1)
(m+k) mod Nc+1) in C(k−1) is transitioned to the updated 

subgraph pair (c(k)
(m+k−1) mod Nc+1, c

(k)
(m+k) mod Nc+1) in C(k). Consequently, the partition 

solutions of the subproblems collectively result in an update of the partition solution from 
C(k−1) to C(k). Figure 1 illustrates the HLGP framework for the case where K = 3.

Fig. 1  This figure presents the HLGP framework with K = 3. The top row illustrates the problem in-
stances, including the subproblems separated by the red lines. The blue dots represent nodes in the prob-
lem instances that have not yet been partitioned or permuted. The second row shows the result after the 
graph is divided into several subgraphs. The black lines indicate the partition boundaries, and different 
colors are used to distinguish the resulting node clusters. The third row illustrates the merging step, where 
two neighboring subgraphs are combined into a new subproblem for further partitioning. Both Tables 2 
and 3 adopt the same color scheme. The subgraphs in the resulting partition solution C(3), obtained from 
the HLGP framework, are fed to a permutation policy to derive the corresponding subtours for the CVRP 
solution T

 



1 3

Page 9 of 47     27 Autonomous Agents and Multi-Agent Systems…

In the HLGP framework, the global partition policy πGpart is designed to incrementally 
construct the partition solution C(0) via the autoregressive mechanism, where C(0) is also 
viewed as a node list. Let C(0)[n] and C(0)[0 : n − 1] denote the n-th selected node and the 
partial solution consisting of the first n − 1 nodes in C(0), respectively. The global partition 
policy thus factorizes as:

	
πGpart(C(0)|I) =

Nsol∏
n=1

πGpart(C(0)[n]|C(0)[0 : n − 1], I).� (4)

In contrast, the local partition policy πLpart aims to separately address subproblems pro-
duced from the previous partition solution C(k−1) to construct the updated partition solu-
tion C(k). Let C(k−1)

j  denote the partition solution corresponding to the subproblem I(k−1)
j . 

Again, the partition solution C(k−1)
j  can be either represented as a node list where C(k−1)

j [n] 

and C(k−1)
j [0 : n − 1] denote the n-th node and the corresponding partial solution, respec-

tively, or decomposed into two subgraphs c(k)
(m+k−1) mod Nc+1 and c(k)

(m+k) mod Nc+1, both 
of which belong to the updated partition solution C(k). Thus, the local partition policy can 
be expressed as:

	 πLpart(C(k)|C(k−1), k) =
∏⌊ Nc

2 ⌋
j=1

∏Nsol
n=1 πLpart(C(k−1)

j [n]|C(k−1)
j [0 : n − 1], I

(k−1)
j ).� (5)

Please note that in the LHS of (5), the parameter k, which represents the partition level, is 
explicitly included as an input to the local partition policy. This inclusion is essential, as the 
parameter k governs the construction of different sets of subproblems for each level. As a 
result, the objective of HLGP framework is to minimize the expected cost by optimizing 
both πGpart and πLpart, written as:

	
min

πGpart,πLpart
EC(0)∼πGpart

EC(1)∼πLpart
· · ·EC(K)∼πLpart

[f(C(K))].� (6)

In contrast to the objective of the conventional GPLC paradigm, which is written as 
EC∼πpart [f(C)], the HLGP framework introduces a multi-level hierarchical structure that 
employs the global partition policy and the local partition policy to collaboratively gener-
ate a sequence of partition solutions {C(k)}K

k=0, as defined by the objective in (6). The final 
solution C(K) is regarded as the output of the HLGP framework and is evaluated using the 
feasible cost function f(·). This hierarchical approach offers the opportunity to progres-
sively reduce compounded errors in partition solutions from C(0) to C(K) across levels. 
In the subsequent sections, we present methods based on either RL or SL to optimize the 
involved policies with respect to the HLGP objective defined in (6).

4.2  RL-driven HLGP

In the HLGP framework, the imperative task at hand involves the joint optimization of 
the global and local partition policies, as illustrated by the objective in (6). To address this 
intricate optimization problem through RL algorithms, a rigorous formulation based on a 
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multi-level Markov Decision Process (MDP) is required. However, (6) essentially revolves 
around evaluating the final partition solution C(K) at the K-th level. For any partition solu-
tion C(k) with 0 ≤ k < K, its corresponding evaluation depends not only on itself but also 
on the subsequent partition solutions C(k+1), . . . , C(K). Thus, when a RL algorithm attempts 
to update both the global and local partition policies using samples associated with C(k) for 
0 ≤ k < K, the absence of direct evaluative feedback for these partition solutions primar-
ily contributes to the instability concern during the joint training. To address this issue, 
we equivalently transform the HLGP objective defined in (6) into one that supports direct 
evaluation at each level, as described in Theorem 2.

Theorem 2  Let g(ci) =
∑Nc

i=1 Eτi∼π∗
perm(·|ci)[e(τi)]. It is evident that f (C) =

∑Nc
i=1 g(ci) 

acts as a feasible cost function, since this definition of f (C) directly aligns with the objective 
of the partition problem defined in (1). Then, the optimization problem defined in (6) can be 
transformed equivalently as follows:

	
minπGpart,πLpart EC(0)∼πGpart

[f(C(0))] + EC(0)∼πGpart
EC(1)∼πLpart

[f(C(1)) − f(C(0))]+
· · · + EC(0)∼πGpart

EC(1)∼πLpart
· · ·EC(K)∼πLpart

[f(C(K)) − f(C(K−1))].� (7)

In (7), the evaluation of the partition solution C(k) at level k ≥ 1  is defined as 
f (C(k)) − f (C(k−1)). This expression can be further derived as:

	
f(C(k)) − f(C(k−1)) =

∑⌊ Nc
2 ⌋

j=1 [h(C(k), k, m) − h(C(k−1), k, m)];
h(C, k, m) = g(c(m+k−1) mod Nc+1) + g(c(m+k) mod Nc+1),

� (8)

where m = 2 (j − 1 ), and the function h(C, k, m) serves as the evaluation metric for the 
subgraph pair (c(m+k−1) mod Nc+1 , c(m+k) mod Nc+1 ) within the partition solution C.

Please see Appendix  D.2 for the proof of Theorem  2. Theorem  2 breaks down the 
HLGP objective defined in (6) into K + 1 components, with each component associated 
with the direct evaluation of a specific partition solution. Notably, except for the evaluation 
of C(0) which solely considers its own cost f(C(0)), the evaluation of C(k) for each level 
k ≥ 1 hinges on the difference between its own cost, f(C(k)), and the cost of the preceding 
level, f(C(k−1)). At each local partition level k ≥ 1, the local partition policy is respon-
sible for resolving each subproblem I(k−1)

j , where 1 ≤ j ≤ ⌊ Nc

2 ⌋. This involves updat-
ing each subgraph pair (c(k−1)

(m+k−1) mod Nc+1, c
(k−1)
(m+k) mod Nc+1) to the corresponding pair 

(c(k)
(m+k−1) mod Nc+1, c

(k)
(m+k) mod Nc+1). The evaluation difference between the updated 

subgraph pair and its original counterpart is computed as h(C(k), k, m) − h(C(k−1), k, m)
. The cumulative sum of these differences constitutes the overall evaluation discrepancy 
between partition solutions, which underlies the derivation of (8). Given the optimization 
problem stated above, we present the formulation of a multi-level MDP to address the multi-
level graph partition problem within the HLGP framework.

In the multi-level MDP framework, at the global partition level k = 0, at each time step 
t ≥ 1, the state x(0)

t ∈ X(0) comprises the problem instance I and the partial partition solu-
tion C(0)[0 : t − 1], where C(0)[0] = ∅. The initial state distribution µ(0) is aligned with 
the distribution of problem instances, denoted by pI(·). The action u(0)

t ∈ U(0) involves 
selecting a node denoted as C(0)[t], from the set of unvisited customer nodes and the depot, 
subject to the capacity constraint. Let it index subgraphs such that at time step t, the agent 
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is constructing the it-th subgraph c(0)
it

. When a feasible customer node is selected, it is 

assigned to the current subgraph c(0)
it

. When the depot node is selected, the current subgraph 

is finalized and a new subgraph c(0)
it+1

 is initiated, after which the policy continues clustering 
the remaining unvisited customer nodes. To ensure that each cluster contains at least one 
customer node, the depot node cannot be selected consecutively. Thus, the transition func-
tion can be clearly described based on the above rules. If the subgraph c(0)

it
 is completed, 

then the reward r(0)
t  is set as −g(c(0)

it
); otherwise, it remains at 0. The global partition policy, 

parameterized by θG, is thus specified as πθG
(u(0)

t |x(0)
t ), yielding the probability distribu-

tion over actions given the state x(0)
t .

At each local partition level k ≥ 1, the local partition policy is tasked with solving a 

sequence of subproblems {I
(k−1)
j }⌊ Nc

2 ⌋
j=1 , which are derived from the preceding partition 

solution C(k−1). In this context, we use jt as an index for subproblems, indicating that the 
jt-th subproblem denoted as I(k−1)

jt
, is currently being addressed but remains incomplete 

at time step t. The state x(k)
t ∈ X(k) consists of the sequence of subproblems and the partial 

solution of the currently active subproblem I(k−1)
jt

. The initial state distribution µ(k) cor-

responds to the distribution over subproblem sequences. The action u(k)
t ∈ U(k) involves 

selecting a feasible node for solving I(k−1)
jt

. When solving the subproblem I(k−1)
jt

, the tran-
sition function is defined in the same manner as that used in the global partition level. Once 
the subproblem I(k−1)

jt
 is solved, the index jt advances to the next subproblem I(k−1)

jt+1
. The 

partial solution in the state is then reset to empty for the this subproblem. The reward r(k)
t  is 

assigned as −(h(C(k), k, m) − h(C(k−1), k, m)), where m = 2(jt − 1), if the subproblem 
I

(k−1)
jt

 is successfully solved, otherwise, the reward remains at 0. Accordingly, the local 

partition policy parameterized by θL, is defined as πθL
(u(k)

t |x(k)
t ). Let T (k) and ω(k) denote 

the horizon and the trajectory at level k, respectively. The objective of the multi-level MDP 
framework is to maximize the sum of expected returns across all levels, as defined below:

	
J(θG, θL) = Eω(0) [

T (0)∑
t=1

r
(0)
t ] + · · · + Eω(0) · · ·Eω(K) [

T (K)∑
t=1

r
(K)
t ],� (9)

Proposition 1  At any partition level k ≥ 0 , the definitions of the state and action within 
the multi-level MDP framework are sufficient to ensure the preservation of the Markovian 
property at that level.

The proof of Proposition  1 is included in Appendix  D.4. Notably, at each level k < K

, although (9) isolates the evaluation exclusively for the trajectory ω(k), the influence of 
subsequent trajectories ω(k+1), ..., ω(K) on the evaluation still remains. This implies that 
the underlying MDP at level k remains nonstationary. Furthermore, in (9), the sampling of 
the trajectory ω(k) for k ≥ 1 is controlled by the initial state distribution µ(k) and the local 
partition policy πθL . However, the distribution µ(k) heavily depends on the preceding tra-
jectories ω(0), . . . , ω(k−1), which are themselves determined by both the global and local 
partition policies. To preserve a stationary underlying MDP at each level, we introduce a 
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surrogate initial state distribution µ̂(k), which achieves this by eliminating the dependency 
of the initial state distribution on prior trajectories. We thus take the following optimization 
problem as an approximation:

	

Ĵ(θG, θL) = L(θG, λG, 0) +
∑K

k=1 L(θL, λL, k);
L(θ, λ, k) = Eω(k)∼µ̂(k),πθ

[
∑T (k)

t=1 r
(k)
t ] + λH(πθ),

� (10)

where µ̂(k) denotes the surrogate initial state distribution at level k, H(πθ) is the entropy 
term that encourages exploration, and λ represents a hyperparameter that balances the 
entropy regularization. The entropy term is typically defined to minimize the KL divergence 
between the policy and a uniform distribution. Please note that µ̂(0) = µ(0). In the approxi-
mation objective defined in (10), at each level 0 ≤ k ≤ K, the trajectory ω(k) is evaluated 
solely based on its own cumulative rewards, without being influenced by the evaluations of 
subsequent trajectories. The surrogate initial state distribution µ̂(k) is activated only during 
gradient backpropagation, where it severs the dependency between the trajectory ω(k) and 
preceding trajectories. As a result, the optimization for πθG  and πθL  is decoupled.

In the context of RL-driven HLGP, we incorporate the surrogate objective defined in (10) 
into the REINFORCE algorithm [48] to update πθG  and πθL . In each iteration n ≥ 0 of 
REINFORCE, the current global partition policy, denoted as πθn

G
, is used to sample the tra-

jectory ω(0), which is then used to update πθn
G

. At each local partition level k ≥ 1, the cur-
rent local partition policy, denoted as πθn

L
, is additionally leveraged to sample the partition 

solution C(k−1), which is essential for constructing the surrogate initial state distribution 
µ̂(k). Subsequently, the trajectory ω(k) is sampled and used to update πθn

L
. The pseudocode 

is provided in Algorithm 1 of Appendix C.
Furthermore, in the standard theoretical analysis of REINFORCE algorithm presented 

in [49], the upper bound of regret includes the term || d
µ ||∞, where d and µ denote the sta-

tionary state distribution and the initial state distribution, respectively. However, existing 
methods using REINFORCE algorithm for whatever types of problems (permutation or 
partition) in the context of CVRP ignore the potential risks highlighted in the regret bound. 
We exemplify the partition problem as a case study to elucidate this issue. The support set 
of µ consists solely of the problem instances I. During the partition process, at each step 
t > 1, let cit  denote the it-th subgraph currently under construction. The partition policy 
is indeed responsible for solving a subproblem, denoted as I(t) = (G(t), D(t), Nmax(t)). 
The graph G(t) consists of the depot and the unvisited customers. The vehicle capacity D(t) 
is calculated by subtracting the total demand of the already visited nodes in cit , from the 
initial capacity D, and it reverts back to D once cit  is fully formed. The number of allowable 
returns to the depot, Nmax(t), is decremented in accordance with the number of completed 
subgraphs. In contrast, the support set of d thus includes the subproblems I(t). This substan-
tial discrepancy between support sets inevitably results in an unbounded value of || d

µ ||∞ in 
the regret bound. This insight inspires us to incorporate the subproblems I(t), encountered 
during the partition process, into the training of involved partition policies to reduce the 
mismatch between support sets.

In the practical implementation, a problem instance I is initially generated from the 
instance distribution pI(·) and used to train the policy πθG  via RL. At each time step t, if a 
new subgraph cit  is formed, then the resulting subproblem I(t) is treated as an individual 
problem instance, denoted as I ← I(t), for the training of πθG . This procedure continues 
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iteratively until G = ∅ in the current instance I, after which a new instance I is drawn from 
pI(·). For efficiency, we do not use all subproblems, but instead include only those that 
emerge when a new subgraph is completed in the current problem instance I. During infer-
ence, the partition solution C(0) is formed by sequentially replacing the partial partition 
solution with the complete partition solution of the corresponding subproblem. An example 
is shown in Fig. 2. The training and inference procedures that leverage encountered sub-
problems can be similarly applied to πθL . Additionally, we adopt the isomorphic Graph 
Neural Network (GNN) architecture used in GLOP [31] as the backbone for both πθG  and 
πθL .

4.3  SL-driven HLGP

In this section, we pivot towards an SL training strategy to optimize the objective of the partition 
problem within the HLGP framework, as defined in (6). Under this paradigm, the optimal par-
tition policy π∗

part is presumed to be available in advance. Consequently, the optimal partition 
solution C̄ = {c̄1, . . . , c̄Nc } for each instance I is accordingly obtained from π∗

part. We there-
fore define the feasible cost function as f(C) = −1(C = C̄) = −1(c1 = c̄1, . . . , cNc = c̄Nc )
, where 1(·) denotes the indicator function. This definition of the feasible cost function is 
consistent with Definition 1, as the objective EC [f(C)] is minimized only when the optimal 
partition solution is obtained. Recall that the optimal solution T̄  of a CVRP instance can be 
equivalently seen as the optimal partition solution C̄ when disregarding the node permuta-
tion information in T̄ . Accordingly, by setting C̄ = T̄ , the feasible cost function can be 
defined as f(C) = −1(C[0] = C̄[0], . . . , C[Nsol] = C̄[Nsol]). Upon utilizing this design of 
f(C), Theorem 3 simplifies the optimization objective of the HLGP framework.        

Fig. 2  This figure illustrates an example of the RL-driven HLGP framework. In this example, the global 
partition process unfolds over four stages. Initially, a problem instance is fed to the global partition policy 
to sample a partition solution. The RL loss is then computed with the aid of a pretrained permutation 
policy. During this process, once the first subgraph c(0)

1  is completed, the remaining nodes form a new 
subproblem. This subproblem is treated as an individual problem instance for further training of the 
global partition policy. The complete partition solution of this subproblem replaces the partial solution 
from the previous stage. This iterative procedure continues until a new complete partition solution is 
constructed, retaining only the subgraphs enclosed within the green circles. This final partition solution is 
subsequently refined through K local partition levels
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Theorem 3  Given the feasible cost function f (C) = −1(C = C̄), the optimization objective 
of the HLGP framework for a problem instance I is to identify the policies πθG  and πθL  so 
as to minimize:

	
L(θG, θL, C̄) = − log πθG

(C̄|I) −
Nc∑
i=1

log πθL
(C̄i|Ii),� (11)

where Ii = (Gi , D, 2 ) denotes the subproblem with Gi = c̄i ∪ c̄i mod Nc+1 , 
C̄i = {c̄i , c̄i mod Nc+1 } represents the corresponding label, and 1 ≤ i ≤ Nc.  

Please see Appendix D.3 for the proof of Theorem 3. We can observe that the optimi-
zation objectives for πθG  and πθL  are totally disentangled, as established in Theorem 3. 
Accordingly, for instances sampled from pI(·), the optimization objective is to minimize:

	 J(θG, θL) = E(I,C̄)∼pI ,π∗
part

[L(θG, θL, C̄)],� (12)

where the problem instance I and its corresponding label C̄ are sampled from the instance dis-
tribution pI(·) and the oracle partition policy π∗

part, respectively. As a result, the performance 
of πθG  and πθL  is evaluated on the sampled trajectories induced by π∗

part. However, since 
the oracle partition policy π∗

part is practically unavailable for the NP-hard partition problem, 
it is infeasible to directly get supervised labels. Inspired by recent techniques known as self-
imitation learning [40, 41], our goal is to acquire high-quality labels for training instances by 
constructing a reasonably strong behavioral policy π̂part. The behavioral policy is constructed 
using beam search guided by the partition policy. Beam search, originally utilized for test-time 
improvement in COPs [11, 50], is repurposed to generate high-quality labels for supervised 
training. This design leverages the fact that, compared to greedy rollout, beam search can pro-
duce superior solutions, albeit at the cost of computational efficiency. The working pipeline of 
π̂part can be described as follows (see Fig. 3): At the global partition level, the initial partition 
solution C̄(0) is generated using beam search guided by the policy πθG . Subsequently, for 
each local partition level k ≥ 1, the corresponding partition solution C̄(k−1) is further refined 
locally using beam search with the policy πθL . This process continues until the final partition 
solution C̄(K) is obtained. Thus, during training, the final partition solution C̄ = C̄(K) serves 
as the supervisory label. The resulting practical loss function is thus defined as:

	 Ĵ(θG, θL) = E(I,C̄)∼pI ,π̂part
[L(θG, θL, C̄)] + reg(θG, θL),� (13)

where reg(θG, θL) = λG
||θG||2

2 + λL
||θL||2

2  corresponds to the L2 regularization term, with 
hyperparameters λG and λL. Therefore, this loss function is incorporated into the imitation 
learning algorithm to iteratively optimize the policies πθG  and πθL . At each iteration n ≥ 0
, the algorithm deploys the behavioral policy π̂n

part, which relies on θn
G and θn

L, to collect 
labeled instances (I, C̄). Online gradient updates are then executed based on estimated gradi-
ents to update θn

G and θn
L. The detailed pseudocode is provided in Algorithm 2 of Appendix C.

Here, we delve deeper to illustrate the training process for the global partition policy 
πθG  as a case study to elucidate the intricacies of the SL algorithm for the partition prob-
lem. A similar analysis can be conducted for the local partition policy πθL . The global 
partition policy πθG  requires to imitate the complete trajectory induced by the behavioral 
policy π̂part. Following the formulation in  (4), the global partition policy can directly 
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output the probability distribution over node sequences. Subsequently, the log-probabil-
ity of the node sequence corresponding to C̄ is maximized to update θG. This log-proba-
bility of the node sequence can be represented as a sum of conditional log-probabilities: 
log

∏Nsol
t=1 πθG

(C̄[t]|C̄[0 : t − 1], I) =
∑Nsol

t=1 log πθG
(C̄[t]|C̄[0 : t − 1], I). This formulation 

naturally prompts us to consider (C̄[0 : t − 1], I) as an individual training sample, with its 
corresponding label being the next node C̄[t]. In this context, at each time step t ≥ 1, the 
global partition policy addresses a subproblem I(t), which is defined based on the partial 
partition solution C̄[0 : t − 1] and the original problem instance I. This definition is con-
sistent with the notion of subproblems used in the RL setting. Hence, instead of generating 
the entire node sequence for behavioral imitation, the labeled instance (I(t), C̄[t]) is fed to 
the global partition policy to imitate one-step behavior at each time step t ≥ 1. In practice, 
we adopt a variant Transformer model used in BQ [38] as the backbone for πθG  and πθL , 
which aligns with the analysis above. Therefore, we underscore the importance of viewing 
the subproblems encountered during training as individual training instances within both the 
contexts of RL and SL training paradigms.

Fig. 3  This figure illustrates the working pipeline of the SL-driven HLGP framework. At the global parti-
tion level, a set of candidate partition solutions is generated via beam search, guided by the global parti-
tion policy. Each candidate is then evaluated based on the cost of the resulting CVRP solution, computed 
with the aid of a pretrained permutation policy. Among these, the partition solution with the lowest cost 
is selected and denoted as C̄(0). At each local partition level, the partition solution C̄(k−1) (starting 
with k = 1) is used to construct a set of subproblems. Each subproblem is independently solved using 
beam search guided by the local partition policy, and the best subsolution is selected accordingly. These 
subsolutions for the subproblems are then aggregated to form an updated partition solution C̄(k). This 
procedure is repeated for K local partition levels, ultimately yielding the partition solution C̄(K), which 
serves as the supervision label for training both the global and local partition policies on the original 
problem instance I
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4.4  Time complexity analysis

Let Nv  denote the number of customer nodes, Nc the number of subgraphs at each level, and 
Nv/Nc the average number of nodes per subgraph. In the RL-driven HLGP framework, dur-
ing the global partition process, the first generated subgraph is retained, while the remaining 
nodes form a new individual problem instance. This problem instance is then solved again 
by the global partition policy. The procedure continues iteratively until no nodes remain. 
In addition, each encountered subproblem is evaluated using the local permutation policy. 
Since the nodes within each subgraph are permuted in parallel, the overall time complexity 
of the global partition process is O(((3 + Nc)/2)Nv). At each local partition level, every 
subproblem merges two neighboring subgraphs. These merged subproblems are then inde-
pendently divided by the local partition policy and the resulting partition solutions are eval-
uated by the local permutation policy. The resulting time complexity at each local partition 
level is O(3Nv/2). Therefore, with K local partition levels, the total time complexity of the 
RL-driven HLGP is O(((3 + Nc + 3K)/2)Nv).

Let Ncand denote the number of candidate solutions maintained by the beam search in 
the SL-driven HLGP framework. During the global partition process, at each decoding step, 
the beam search selects the Ncand partial partition solutions with the highest probabilities. 
Therefore, generating Ncand complete partition solutions under the guidance of the global 
partition policy incurs a time complexity of O(NcandNv). Each resulting partition solution 
is then independently evaluated using the local permutation policy. Consequently, the over-
all time complexity of the global partition stage is O((1 + 1/Nc)NcandNv). At each local 
partition level, beam search is again applied using the local partition policy to solve each 
subproblem. Furthermore, every partition solution generated for a subproblem is evalu-
ated by the local permutation policy. This leads to a time complexity of O(3NcandNv/2)
. Therefore, with K local partition levels, the total time complexity of the SL-driven HLGP 
framework is O((1 + 1/Nc + 3K/2)NcandNv).

5  Experiments

In this section, we detail the training and evaluation procedures for the proposed HLGP methods, 
including the problem settings, hyperparameter configurations, and practical training protocols. 
Following this, we present performance comparisons against baseline methods, along with a 
hyperparameter study and an ablation study to examine the impact of key components and param-
eters within the HLGP framework. Additionally, visualization results are provided in Appendix B.

5.1  Training settings

During the training phase for both the RL-driven and SL-driven HLGP frameworks, we strictly 
adhere to the problem setting used in GLOP [31]. Under this setting, each CVRP instance con-
sists of 1,000 customer nodes uniformly distributed within a unit square area. The vehicle capac-
ity, denoted by D, is fixed at 200. The maximum permissible number of returns to the depot by 
vehicles is accordingly calculated as ⌈

∑Nv

i=1 di/D⌉ + 1, where Nv represents the number of 
customer nodes and di signifies the demand associated with each customer node. Each demand 
di is independently drawn from the discrete uniform distribution over the set {1, . . . , 9}.
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The RL-driven HLGP framework adopts the same isomorphic GNN architecture  [44] 
as employed in GLOP [31] to implement both the global and local partition policies. For 
each CVRP (sub-)problem instance, a corresponding partition heatmap is generated by the 
associated partition policy, which further aids in progressively decoding a feasible parti-
tion (sub-)solution that complies with the predefined CVRP constraints. Subsequently, the 
pretrained local permutation policy from GLOP [31] is applied to reorder the nodes within 
each subgraph of the feasible partition (sub-)solution. These resulting CVRP subtours col-
lectively form a CVRP (sub-)solution. Accordingly, the cost of the CVRP (sub-)solution 
directly reflects the evaluation of the corresponding feasible partition (sub-)solution.

The training phase of the RL-driven HLGP spans 20 epochs, each consisting of 256 itera-
tions. In each iteration, 5 CVRP instances are randomly generated to train both the global and 
local partition policies. For a detailed description of the training procedure, please refer to 
Algorithm 1 in Appendix C. Following the training configurations in GLOP [31], 20 solutions 
are simultaneously generated for both the global and local partition policies to calculate their 
respective baselines, thereby reducing gradient variance. The Adam optimizer is employed 
with an initial learning rate of 3 × 10−4, and a cosine annealing scheduler is used to gradually 
decay the learning rate over the course of training. Additionally, gradient clipping is applied to 
ensure the maximum L2 norm of gradients does not exceed 1. The RL-driven HLGP is trained 
on an NVIDIA RTX 3090 GPU and an INTEL(R) XEON(R) GOLD 5218R CPU@2.10GHz.

The SL-driven HLGP framework leverages the same network architecture, a variant of 
the Transformer model, as used in BQ [38] to implement both the global and local partition 
policies, which incrementally generate partition solutions. Although BQ [38] was originally 
designed to serve as a neural solver for producing CVRP solutions directly, it can be repurposed 
to generate partition solutions. This adaptability arises from the fact that a partition solution can 
be represented as a node list, irrespective of the specific decoding order. This justifies that any 
neural solver crafted for generating CVRP solutions can be repurposed as the partition policy. 
Subsequently, the same pretrained local permutation policy utilized in the RL-driven HLGP is 
applied to solve the resulting node ordering problems. As in the RL-driven case, the cost of the 
final CVRP solution corresponds to the evaluation of the generated partition solution.

The training phase of the SL-driven HLGP framework consists of two stages. Notably, 
since both the global and local partition policies are initialized randomly, incorporating 
beam search within our proposed multi-level HL framework to generate partition solutions 
as supervision signals for large-scale instances does not guarantee sufficiently high-quality 
labels for effective training. Additionally, there are no optimal solvers specifically tailored 
for the partition task in the context of CVRP. However, as previously mentioned, a CVRP 
solution can be regarded as a partition solution, regardless of the node ordering, implying 
that the optimal CVRP solution is equivalent to the optimal partition solution. Thus, in 
the first stage, we employ a curriculum learning strategy to train both the global and local 
partition policies on CVRP instances, each comprising 100 nodes. The labels for these 
small-scale instances are generated using the procedure employed in BQ [38], and we fol-
low the training configurations outlined in BQ [38] during this stage. In the second stage, 
we train the partition policies on CVRP instances of 1,000 nodes. A detailed description of 
the training procedure in this stage is included in Algorithm 2 of Appendix C. This stage 
comprises 20 epochs, each containing 500 iterations. Within each epoch, 100 problem 
instances of 1000 nodes are randomly sampled. The corresponding labels are generated by 
executing the involved policies using beam search at each level of the proposed multi-level 
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HL framework (as illustrated in Fig. 3), with a beam size of 16. These labeled instances 
form the training dataset. During each iteration, mini-batches of data are sampled from this 
training dataset to train the global partition policy, with the batch size fixed at 50. Addition-
ally, we employ the Adam optimizer with an initial learning rate of 1 × 10−5. The learning 
rate decays by a factor of 0.9 every 5 update steps. We constrain the maximum L2 norm of 
gradients to be less than 1. The coefficients for the L2 regularization terms in the loss func-
tion are set to λG = λL = 1 × 10−6, which are consistent with standard practices in Trans-
former-based neural solvers [15, 16, 34, 42]. The SL-driven HLGP model is trained on 4 
NVIDIA RTX 3090 GPUs and an INTEL(R) XEON(R) GOLD 5218R CPU@2.10GHz.

5.2  Evaluation settings

During the evaluation phase, our focus is on comparing the generalization capabilities of our 
proposed models against prior baseline methods. To this end, we utilize diverse datasets that 
vary in both scale and node distribution. Specifically, each evaluation dataset contains 1,000 
(1K), 2,000 (2K), 5,000 (5K), 7,000 (7K), or 1,0000 (10K) customer nodes. These datasets 
have been widely used to investigate generalization performance across varying scales [31, 35, 
38, 39]. The distribution of customer nodes follows one of four patterns: Uniform (U), Gauss-
ian (G), explosion (E) or rotation (R), which are commonly adopted to evaluate model gener-
alization performance across diverse spatial distributions [42, 45]. With the exception of the 
dataset containing 1,000 customer nodes, for which the vehicle capacity is set to 200, all other 
datasets use a capacity of 300. Each dataset consists of 128 problem instances. The generation 
of these instances follows the methodologies outlined in [13, 42]. In addition, for comparative 
evaluation, we report three metrics: the average cost over the dataset (Avg.), the standard devia-
tion of solution costs (Std.), and the average inference time required to solve a single problem 
instance within the dataset (Time). For both the RL-driven and SL-driven HLGP frameworks, 
the number of levels, denoted as K is set as 5. The beam size in SL-driven HLGP during evalu-
ation is set as 16, 16, 8, 4, and 4 for the CVRP datasets with node counts of 1,000, 2,000, 5,000, 
7,000, and 10,000, respectively. Please note that the implementation code is publicly available.

During the evaluation phase, we compare our proposed RL-driven and SL-driven HLGP 
models against a broad range of existing methods. Classic heuristic methods include OR-
Tools [51], LKH3 [9] and HGS [10]. Among learning-based constructive methods, AM [13], 
POMO  [15], and Sym-POMO  [16] serve as baselines trained using RL. AMDKD  [45] 
and Omni-POMO  [42] specifically target generalization issues. ELG-POMO  [34] and 
INViT [35] harness local topological features. BQ [38] and LEHD [39] are trained using SL 
to improve their generalization capabilities. Within the realm of iterative methods, L2I [17], 
NLNS [19], and DACT [20] integrate RL-based policies with local operators to iteratively 
refine solutions. In the divide-and-conquer paradigm, RBG [27] and L2D [26] employ heu-
ristic partition rules, while TAM [30] and GLOP [31] utilize neural partition policies. We 
follow the official implementations of these methods and the instructions provided in prior 
works [30, 31, 35] that apply these methods to replicate the experimental results. For RBG 
and TAM, we directly use the reported results in previous studies [27, 30, 31]. To maintain a 
fair comparison, we only include those baseline methods that either have official code avail-
able for reproducibility or have been extensively benchmarked in the literature. Further 
implementation details of these baseline methods are deferred to Appendix A.
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5.3  Performance comparisons

In Table 1, we compare our proposed RL-driven and SL-driven HLGP models with a variety 
of existing methods on cross-size datasets. The RL-driven HLGP model consistently out-
performs its baseline, GLOP-G, by achieving lower average solution costs across datasets 
of varying problem scales. When compared to the state-of-the-art learning-based method, 
LEHD, the RL-driven HLGP shows only a slight performance drop, notably on the CVRP1K 
dataset. Across other cross-size datasets, the RL-driven HLGP model consistently delivers 
superior solutions and is notably more efficient than LEHD. Moreover, the standard devia-
tion of its solution costs is closer to that of the optimal heuristic method, HGS, indicating 
enhanced stability and robustness compared to its baseline. Notably, on the large-scale eval-
uation setting with 10,000 nodes (i.e., CVRP10K), the RL-driven HLGP model achieves a 
improvement of 10.62% in terms of the average cost compared to its baseline. The SL-driven 
HLGP model also demonstrates consistent improvements over its baseline, BQ, across data-
sets of varying scales, achieving lower average solution costs. Notably, on the in-scale data-
set (i.e., CVRP1K), the SL-driven HLGP model not only outperforms prior learning-based 
methods but also surpasses the optimal heuristic method, HGS, while achieving a lower 
average inference time of 8.31s per instance. For large-scale problem instances ranging from 
2,000 to 10,000 customer nodes, the SL-driven HLGP model exhibits only marginal perfor-
mance degradation compared to HGS, yet maintains a substantially lower average inference 
time. In comparison to all other learning-based baselines, the SL-driven HLGP model con-
sistently demonstrates its superiority in terms of average cost while maintaining efficiency. 
In terms of the standard deviation, the SL-driven HLGP model achieves lower values on 
CVRP5K, CVRP7K and CVRP10K, and slightly higher values on CVRP1K and CVRP 2K. 
On the CVRP10K dataset, the SL-driven HLGP model achieves a 14.57% improvement in 
average cost compared to its baseline. Moreover, it stands out as the only method capable of 
generating high-quality solutions within 4 minutes per instance on this large-scale setting.

Table  2 displays a comparison of our proposed methods with various existing meth-
ods on both cross-distribution datasets (i.e., CVRP1K+G, CVRP1K+E and CVRP1K+R) 
and cross-size-and-distribution datasets (i.e., CVRP2K+G, CVRP5K+E and CVRP7K+R). 
On cross-distribution datasets, the RL-driven HLGP model demonstrates the consistent 
improvement over its baseline method, GLOP-G, in terms of the average solution cost, 
while achieving a standard deviation closer to that of the optimal heuristic method, HGS. 
When compared to BQ and LEHD, the RL-driven HLGP model exhibits a minor perfor-
mance decline on cross-distribution datasets, yet benefits from the lower average infer-
ence time. In contrast, on the cross-size-and-distribution datasets, the RL-driven HLGP 
model consistently showcases superior generalization by efficiently producing improved 
solutions compared to prior learning-based methods. Compared to all previous learning-
based methods, the SL-driven HLGP model consistently outperforms across both cross-size 
and cross-size-and-distribution datasets. Additionally, the standard deviation of its solution 
costs is significantly closer to that of the optimal heuristic method, HGS, than those of other 
learning-based approaches that perform well across diverse datasets, such as BQ, LEHD, 
and L2D. Moreover, the SL-driven HLGP model achieves performance levels comparable 
to HGS while offering significantly greater computational efficiency.

Furthermore, we observe that, compared with LKH3, except for slight performance 
decreases of 0.03 and 0.25 on CVRP1K+G and CVRP2K+G, respectively, the SL-driven 
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HLGP delivers superior performance across all other settings. Moreover, the performance 
improvement achieved by our method becomes more pronounced as the graph size increases. 
More importantly, the SL-driven HLGP is able to produce high-quality solutions with sig-
nificantly lower inference time compared to LKH3. For instance, on CVRP10K, our method 
requires 3.39 minutes per instance and achieves an average cost of 227.07, whereas LKH3 
requires 41.29 minutes per instance while yielding a higher average cost of 240.23. Therefore, 
the advantage of HLGP lies in its ability to deliver competitive or superior solution quality 
with substantially lower inference time compared to LKH3, making it particularly suitable for 
large-scale instances. Additionally, we integrate LKH3 as the local permutation policy within 
the SL-driven HLGP framework, with the results reported in the last rows of Tables 1 and 2, 
referred to as SL-driven HLGP-LKH. We observe that, in nearly all dataset settings, SL-
driven HLGP-LKH continues to outperform standalone LKH3, achieving both lower average 
cost and reduced inference time. Moreover, compared with GLOP-LKH, which employs the 
same LKH3 solver as the local permutation policy but achieves inferior performance relative 
to standalone LKH3, the SL-driven HLGP-LKH produces more refined and effective partition 
solutions. As a result, when combined with LKH3, it delivers superior overall performance.

To present the relative performance of the SL-driven HLGP model in terms of solution 
quality and runtime, we compare it with several representative baselines, namely HGS, BQ, 
and GLOP. The relative performance of the SL-driven HLGP model against each selected 
baseline is reported in Table 3. We use the performance gap in both solution quality and 
runtime with respect to each baseline as the evaluation metrics. As shown in Table 3, the 
SL-driven HLGP achieves solution quality that is close to HGS in terms of average cost, 
while generating high-quality solutions more rapidly. Compared with both BQ and GLOP, 
the SL-driven HLGP consistently produces better solutions. Although the runtime of the 
SL-driven HLGP is higher than that of BQ and GLOP, it still maintains a favorable trade-
off between solution quality and computational cost relative to prior methods.

5.4  Training stability

In the literature on learning-based methods for VRPs, it is standard practice to evaluate the 
stability and robustness of a neural solver by reporting the standard deviation across prob-
lem instances within a test dataset. In our work, we follow the same protocol and evaluate 

Table 3  Relative performance comparisons between SL-driven HLGP and representative baselines
Datasets HLGP vs HGS HLGP vs BQ HLGP vs GLOP

∆Avg.↓ ∆Time.↓ ∆Avg.↓ ∆Time.↓ ∆Avg.↓ ∆Time.↓

CVRP1K 0.83 -4.43m -1.17 3.56s -5.26 7.58s
CVRP2K 1.43 -12.14m -3.28 16.74s -5.93 30.66s
CVRP5K 1.29 -17.18m -13.01 17.38s -17.54 94.90s
CVRP7K 1.36 -18.00m -22.05 16.20s -25.02 2.09m
CVRP10K 0.48 -21.25m -38.74 5.40s -39.89 3.16m

CVRP1K+G 0.71 -15.45m -2.16 3.33s -6.65 6.77s
CVRP1K+E 0.83 -6.39m -1.68 3.65s -5.48 7.12s
CVRP1K+R 0.78 -7.66m -1.77 3.50s -6.06 7.00s
CVRP2K+G 1.21 -19.29m -4.89 19.27s -7.70 28.73s
CVRP5K+E 1.11 -15.13m -17.96 12.00s -15.38 77.05s
CVRP7K+R 1.43 -19.40m -28.57 22.02s -25.90 90.51s
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the stability of both the HLGP methods and the prior baselines using the standard deviation 
across problem instances, as reported in Tables 1 and 2. To further demonstrate the training 
stability of the HLGP methods and eliminate the possibility that a particular random initial-
ization may be favorable to our approach, we additionally conduct five independent training 
runs with different random seeds. The corresponding results are reported in Table 4. Across 
all datasets, including both in-distribution and out-of-distribution settings, the performance 
variation across runs remains limited and the standard deviations are small. These results 
indicate that the training of the HLGP methods is not sensitive to random initialization.

5.5  Training overhead

We report the training time of both the RL-driven and SL-driven HLGP models, as well as the 
dataset generation time for the SL-driven HLGP model, in Table 5. The reported training times 
for both variants include the training of the global and local partition policies. The local per-
mutation policy, however, is pretrained and directly adopted from the publicly available code 
repository of GLOP [31]. For the SL-driven HLGP model, the dataset generation time includes 
both the solution generation using LKH3 and the solution generation via beam search. As 
shown in Table 5, the RL-driven HLGP model requires less training time than the SL-driven 
variant. Notably, the SL-driven HLGP model incurs additional computational overhead, as the 
generation of the supervised learning dataset requires more than twice the training time.

5.6  Computation time overhead analysis

In this section, we analyze the time overhead contributions of the global partition process 
and the local partition process for both the RL-driven HLGP and SL-driven HLGP frame-
works, as illustrated in Table 6. For the RL-driven HLGP, it is evident that the local partition 
process contributes significantly more to the average time overhead compared to the global 
partition process. This disparity arises primarily due to the local partition process typically 
involving multiple levels of recursive partitioning. Conversely, the SL-driven HLGP exhib-
its comparable average time overheads between the global and local partition processes. 
This similarity can be attributed to the design of the global partition process in the SL-driven 
framework. In the global partition process of the SL-driven framework, the global partition 

policy requires to solve a sequence of subproblems {I(t)}Nsol
t=0 . As the number of encoun-

tered subproblems grows linearly with the graph size, the time overhead associated with the 
global partition process increases proportionally. In contrast, the RL-driven HLGP frame-
work adopts a more efficient strategy for the global partition process, where a subproblem is 
formed and passed to the policy network when a new subgraph is constructed. This selective 
invocation substantially reduces the frequency of global partition policy calls. As a result, 
the time overhead of the global partition process in the RL-driven HLGP framework is sig-
nificantly lower than that of the local partition process.

5.7  Hyperparameter studies

We begin by examining the influence of the number of levels, denoted as K, on the performance 
of both the RL-driven and SL-driven HLGP frameworks. The left portion of Table 7 pres-
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ents the results for the RL-driven HLGP framework, evaluated on the CVRP1K dataset with 
Gaussian-distributed nodes (CVRP1K+G) and the CVRP2K dataset with uniformly distrib-
uted nodes (CVRP2K+U), with K ranging from 0 to 10. These results exhibit that the average 
cost converges to 34.51 at K = 7 for CVRP1K+G and to 59.50 at K = 8 for CVRP2K+U. 
As expected, the computational time increases with the number of levels. The right por-
tion of Table 7 illustrates the performance trends of the SL-driven HLGP framework on the 
CVRP1K+G and CVRP2K+U datasets as K varies. For CVRP1K+G, the average cost stabi-
lizes at 32.55 when K = 5, while for CVRP2K+U, convergence is observed at 57.66 when 
K = 6. Again, the time overhead increases with higher values of K. In practice, to trade off 
the performance against efficiency, we select K = 5 for both RL-driven and SL-driven HLGP.

Moreover, as shown in Table 7, both the RL-driven HLGP and the SL-driven HLGP 
models exhibit only marginal changes in the objective value, measured by the average cost, 
once K ≥ 5. This observation indicates that the primary contribution of the local parti-
tion policy to cost reduction is realized within the first five partition levels, after which 
the performance gradually stabilizes. For the RL-driven HLGP model, the global partition 
policy tends to generate relatively coarse partition solutions, as the subsequent local parti-
tion levels lead to a considerable reduction in cost. In contrast, the global partition policy in 
the SL-driven HLGP model already produces high-quality partition solutions. As a result, 
the local partition policy mainly performs finer-grained refinement of node clustering. It is 
important to emphasize that this does not imply the local partition policy in the SL-driven 
HLGP model is negligible. For real-world NP-hard problems, even small improvements in 
solution quality can translate into significant financial savings.

We then proceed to investigate the impact of the coefficients associated with the entropy 
terms, denoted as λG and λL, in the loss function of the RL-driven HLGP framework. 
Since λG directly affects the behavior of the global partition policy, we analyze its impact 
across four datasets with graph sizes ranging from 1,000 to 7,000 nodes, as shown in the 
left portion of Table 8. The results indicate that setting λG = 0.1 consistently yields the best 
performance across all datasets. The right portion of Table 8 displays the performance of 
the RL-driven HLGP as λL varies. The configuration with λL = 0.005 achieves superior 

Table 6  Time overheads of both the RL-driven and SL-driven HLGP frameworks. For the columns grouped 
under the Local Partition Process, each value is calculated as the difference between the corresponding value 
under the Global Partition Process and that under the Global Partition Process. These values quantify the 
improvements in average cost and standard deviation, as well as the additional time overhead introduced 
specifically by the local partition process
RL-driven HLGP Global Partition Process Overall Partition Process Local Partition Process

Avg. Std. Time Avg. Std. Time ∆Avg.↓ ∆Std. ∆Time↓
  CVRP1K+G 37.98 1.35 0.58s 34.58 1.26 3.47s -3.40 -0.09 2.89s
  CVRP2K+U 63.55 1.19 2.37s 59.58 1.17 10.03s -3.97 -0.02 7.66s
SL-driven HLGP Global Partition Process Overall Partition Process Local Partition Process

Avg. Std. Time Avg. Std. Time ∆Avg.↓ ∆Std. ∆Time↓
  CVRP1K+G 32.73 1.21 3.69s 32.55 1.21 7.21s -0.18 0 3.52s
  CVRP2K+U 57.77 1.08 15.11s 57.67 1.08 32.40s -0.10 0 17.29s

RL-driven HLGP SL-driven HLGP
Training Time Training Time Dataset Generation Time
10.46h 12.50h 24.95h

Table 5  Comparison of training 
overheads for the HLGP models
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results on three out of the four datasets. Based on these findings, we adopt λG = 0.1 and 
λL = 0.005 as the default settings for the RL-driven HLGP. It is also worth noting that the 
coefficients for L2 regularization terms incorporated into the loss function of the SL-driven 
HLGP framework, are commonly set to 1 × 10−6 in Transformer-based neural solvers [15, 
16, 34, 42]. To maintain consistency, we apply this setting to both the global and local par-
tition policies in the SL-driven HLGP, i.e., λG = λL = 1 × 10−6. This configuration has 
proven effective in our experiments.

5.8  Ablation studies

In this section, we analyze the contributions of individual modules within the HLGP 
framework using the CVRP1K+G and CVRP2K+U datasets. The upper portion of Table 9 
presents the results for the RL-driven HLGP framework. “Glob.” refers to a model 
where only the global partition policy is utilized, trained on randomly sampled CVRP1K 
instances. “Glob.+Subp.” indicates that the global partition policy is trained on both the 
random CVRP1K instances and the subproblems encountered during training. In contrast, 
“Glob.+Loc.” and “Glob.+Loc.+Subp.” incorporate the local partition policy, which is 
designed to progressively rectify misclusterings. As shown in Table 9, both the “Subp” 
and “Loc.” modules contribute to performance improvements. However, the “Loc.” mod-
ule demonstrates a more substantial impact on the final performance across both evalua-
tion datasets. Additionally, Fig. 4 presents the training and validation curves of the global 
partition policy in the RL-driven HLGP framework. It is clear that incorporating the sub-
problems encountered during training expedites convergence, thereby enhancing training 
efficiency.

The bottom portion of Table 9 shows the results for the SL-driven HLGP framework. 
The configuration “SS.+Glob.” refers to using only the global partition policy trained 
on small-scale instances (100 nodes). “SS.+LS.+Glob.” extends this by further includ-
ing training on large-scale instances (1,000 nodes). Similarly, “SS.+Glob.+Loc.” and 
“SS.+LS.+Glob.+Loc.” incorporate the local partition policy into the framework. The 
results indicate that, for the CVRP1K+G dataset, the “LS.” and “Loc.” modules contrib-
ute comparably to performance improvements. However, on the larger-scale CVRP2K+U 
dataset, the “LS.” module demonstrates a more pronounced impact than the “Loc.” module. 
These findings suggest that the proposed multi-level HL framework, when combined with 
beam search for each policy component, can generate high-quality solutions that serve as 
reliable supervision signals. This, in turn, enhances the generalization capability of the parti-
tion policies across varying problem scales.

We then conduct an ablation analysis of each hierarchical level in HLGP and compare 
it with non-hierarchical backbones. The partition policies in HLGP are themselves capa-
ble of generating feasible solutions for CVRP instances. Under this view, HLGP can be 
interpreted as enhancing the solution produced by the neural network used in the partition 
process through the integration of a pretrained permutation policy. Accordingly, the non-
hierarchical counterpart of the RL-driven HLGP corresponds to a model that relies solely on 
the neural network used in the partition process that is trained to directly generate a CVRP 
solution. For the SL-driven setting, the corresponding non-hierarchical baseline is BQ. To 
clearly demonstrate the contributions of the global and local partition levels, we report the 
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comparative results of the HLGP variants and their corresponding backbone methods in 
Table 10. As shown in Table 10, for the RL-driven HLGP model, both the global and local 
partition levels reduce the average cost in the CVRP1K+G setting compared with the non-
hierarchical backbone. In the CVRP2K+U setting, the non-hierarchical backbone exhibits 
poor generalization under scale shifts. Thus, the global partition level significantly reduces 
the average cost, while the local partition levels further mitigate the compounded errors 
introduced at earlier stages. For the SL-driven HLGP model, the global partition level con-
tributes more substantially to the reduction in average cost than the local partition levels. 
As a result, the local partition policy mainly performs finer-grained refinement of node 
clustering. Importantly, this does not imply that the local partition policy in the SL-driven 
HLGP model is negligible. In real-world NP-hard problems, even marginal improvements 
in solution quality can translate into meaningful financial savings.

5.9  Contribution analysis of local partition levels

In this section, we compare the contributions of the first local partition level (K = 1) and the 
subsequent local partition levels (K > 1), as summarized in Table 11. This table reports the 
individual cost reductions and their corresponding contribution percentages, derived from 
the results presented in Tables 7. According to Table 11, in the RL-driven HLGP model, the 
subsequent local partition levels still achieve additional cost reductions of 0.55 and 0.74 
on the two datasets, accounting for 16.18% and 18.64% of the total cost reduction, respec-

Table 10  Performance comparisons between the HLGP variants and their corresponding non-hierarchical 
backbone methods
RL-driven HLGP Non-hierarchical Backbone Global Partition Level Local Partition Levels

Avg.↓ Avg.↓ ∆Avg.↓ Avg.↓ ∆Avg.↓

  CVRP1K+G 42.34 37.98 -4.36 34.58 -3.40
  CVRP2K+U 76.87 63.55 -13.32 59.58 -3.97
SL-driven HLGP Non-hierarchical Backbone Global Partition Level Local Partition Levels

Avg.↓ Avg.↓ ∆Avg.↓ Avg.↓ ∆Avg.↓

  CVRP1K+G 34.71 32.73 -1.98 32.55 -0.18
  CVRP2K+U 60.95 57.77 -3.18 57.67 -0.10

Fig. 4  The training curve (a) and the validation curve (b) of the global partition policy in the RL-driven 
HLGP framework
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tively. These contributions are therefore non-negligible. In contrast, in the SL-driven HLGP 
model, the subsequent local partition levels contribute even more substantially, accounting 
for 55.56% and 60% of the total cost reduction on the two datasets, which exceeds the con-
tribution of the first local partition level. These results indicate that a single local partition 
level is insufficient. Instead, they provide empirical support for our primary argument that 
the partition task requires both global and local partition processes to mitigate compounding 
errors in node clustering.

5.10  Solution quality–efficiency trade-off

To analyze the trade-off between solution quality and computational efficiency of the 
HLGP framework, we report results on the CVRP5K+U dataset, which contains large-scale 
instances with 5,000 nodes per graph, as shown in Table 12. In addition to the average solu-
tion cost and the inference time per instance, Table 12 also reports the incremental improve-
ment in solution quality achieved at each level compared with the preceding level, as well 
as the additional inference time introduced by increasing the number of levels. For the RL-
driven HLGP, each additional level incurs approximately 10 seconds of extra inference time 
per instance. The first local partition level contributes the most significant improvement, 
reducing the cost by over 8 units. From levels 2 to 5, the improvement becomes marginal, 
with each level reducing the cost by less than 1 unit, resulting in a total reduction of about 2 
units across these levels. In contrast, for the SL-driven HLGP, each additional level increases 
the inference time by approximately 3 seconds per instance. Similarly, the first local parti-

Table 11  Contributions of the first local partition level and the subsequent local partition levels
RL-driven HLGP First Local Partition (K = 1) Subsequent Local Partitions (K > 1) Total (K ≥ 1)

Cost Reduction Percentage Cost Reduction Percentage Cost Reduction
  CVRP1K+G 2.85 83.82% 0.55 16.18% 3.40
  CVRP2K+U 3.23 81.36% 0.74 18.64% 3.97
SL-driven HLGP First Local Partition (K = 1) Subsequent Local Partitions (K > 1) Total (K ≥ 1)

Cost Reduction Percentage Cost Reduction Percentage Cost Reduction
  CVRP1K+G 0.08 44.44% 0.10 55.56% 0.18
  CVRP2K+U 0.04 40.00% 0.06 60.00% 0.10

 

Table 12  Trade-off between solution quality and computational efficiency
RL-driven HLGP SL-driven HLGP
CVRP5K+U CVRP5K+U
Avg. ∆Avg.↓ Time ∆Time↓ Avg. ∆Avg.↓ Time ∆Time↓

K = 0 138.37 – 32.30s – 124.36 – 81.54s –
K = 1 129.96 -8.41 42.56s +10.26 124.25 -0.11 84.62s +3.08
K = 2 129.12 -0.84 52.51s +9.95 124.17 -0.08 87.73s +3.11
K = 3 128.60 -0.52 63.04s +10.53 124.14 -0.03 90.61s +2.88
K = 4 128.36 -0.24 72.50s +9.46 124.13 -0.01 94.08s +3.47
K = 5 128.12 -0.24 82.59s +10.09 124.13 0.00 97.27s +3.19
K = 6 128.12 0.00 93.66s +11.07 124.11 -0.02 100.15s +2.88
K = 7 128.02 -0.10 103.91s +10.25 124.10 -0.01 103.45s +3.30
K = 8 128.02 0.00 112.60s +8.69 124.10 0.00 106.63s +3.18
K = 9 127.95 -0.07 124.00s +11.40 124.10 0.00 109.85s +3.22
K = 10 127.95 0.00 133.60s +9.60 124.10 0.00 112.62s +2.77
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tion level provides the largest improvement, reducing the cost by 0.11 units, while levels 2 
to 5 collectively contribute an additional 0.12 units of improvement. These results indicate 
that most of the performance gains are achieved at the early partition levels, while deeper 
levels primarily provide diminishing returns at the cost of increased runtime. Therefore, in 
practical applications, the number of levels K can be adjusted to balance solution quality and 
computational efficiency according to the requirements of the deployment scenario.

6  Conclusion and discussion

6.1  Conclusion

In this work, our primary contributions can be summarized as follows. We propose a novel 
hierarchical learning-based framework for the graph partition problem to efficiently solve 
large-scale CVRP instances. Within this framework, the global partition policy and local 
partition policy synergistically address the partition task, progressively mitigating com-
pounded misclusterings during the partition process. The proposed approach adopts a 
unified objective function that is compatible with both RL and SL training paradigms. In 
addition, we analyze the importance of treating subproblems encountered during training as 
individual instances in both RL and SL settings. Extensive experimental results demonstrate 
the strong generalization capability of the proposed HLGP framework in efficiently produc-
ing low-cost CVRP solutions under both distributional and scale shifts.

In this work, the main findings can be summarized as follows. Empirically, compared 
with SOTA heuristic methods, the SL-driven HLGP method outperforms LKH3 and OR-
Tools while achieving faster inference speed, and exhibits only a marginal performance gap 
compared with HGS while still maintaining faster inference. Compared with existing learn-
ing-based baselines, both the RL-driven and SL-driven methods achieve the best overall per-
formance. In terms of inference time overhead, the local partition process of the RL-driven 
HLGP contributes significantly more to the average runtime than the global partition process. 
In contrast, the SL-driven HLGP exhibits comparable time overheads between the global and 
local partition processes. Furthermore, both the RL-driven HLGP and the SL-driven HLGP 
models exhibit only marginal changes in the objective value, measured by the average cost, 
once the number of local partition levels satisfies K ≥ 5. This observation indicates that most 
of the cost reduction achieved by the local partition policy occurs within the first five partition 
levels, after which the performance gradually stabilizes. Therefore, in practical applications, 
the number of levels K can be adjusted to balance solution quality and computational efficiency 
according to the requirements of the deployment scenario. Finally, in the RL-driven HLGP 
framework, the local partition policy contributes more significantly to the overall performance 
improvement. In contrast, for the SL-driven HLGP framework, training the global partition 
policy on large-scale instances plays a more critical role in performance improvement, but it 
incurs substantially higher training overhead due to the need for dataset generation.

In this work, the primary implications can be summarized as follows. For the domain of 
VRPs, our study introduces a novel hierarchical learning-based graph partition framework 
that can efficiently generate high-quality solutions for large-scale CVRP instances with 
rapid inference. For the broader domain of COPs, the proposed HLGP framework demon-
strates the effectiveness of combining global and local partition policies to mitigate com-
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pounded errors in node clustering. This hierarchical paradigm may inspire future research 
to adopt similar strategies for COPs that require node clustering as an intermediate step. 
From a practical perspective, the HLGP framework demonstrates advantages in both solu-
tion quality and inference efficiency compared with SOTA heuristic methods such as LKH3 
and OR-Tools. Therefore, the proposed approach has strong potential for deployment in 
real-world scenarios where multiple vehicles are required to serve large numbers of custom-
ers. In such applications, the reduction in average routing cost may translate into meaningful 
operational and financial savings.

6.2  Discussion on extending HLGP to other COPs

We use the Maximum Cut (MaxCut) problem as a case study to illustrate the potential 
extension of the HLGP framework to other COPs. Before describing how HLGP can be 
applied to MaxCut, we would like to clarify that HLGP is a unified framework with the 
potential to generalize across different COPs. Specific components of HLGP may require 
adaptation to accommodate the structural characteristics and objective functions of each 
problem. In this response, we outline some potential design choices for these components 
when extending HLGP to other COPs. A systematic investigation of their effectiveness is 
beyond the scope of the current paper and is left for future work. After presenting the poten-
tial extension of HLGP to MaxCut, we briefly outline the general pipeline for adapting the 
HLGP framework to other COPs.

In MaxCut, given a graph, the objective is to divide the vertex set into two comple-
mentary subsets such that the number of edges between the two subsets is maximized. A 
feasible solution can be constructed incrementally by sequentially assigning vertices to one 
subset, while the remaining vertices form the complementary subset. During this construc-
tion procedure, vertices are added as long as the number of edges between the selected 
and unselected vertices increases. In the HLGP framework adapted for MaxCut, the global 
partition policy sequentially selects vertices into a partial solution, provided that the number 
of edges between the selected and unselected vertices continues to increase. Based on the 
resulting selected and unselected vertex sets, subgraphs can be constructed in various ways. 
One potential design is to define proxy vertices as selected vertices that have direct connec-
tions to unselected vertices. For each proxy vertex, a corresponding subgraph can be defined 
as the set of vertices within an M-hop neighborhood of that proxy node in the original graph. 
At each local partition level, different strategies may be adopted to select pairs of subgraphs 
to form subproblems. For example, subgraphs may be selected randomly or based on the 
connectivity between their proxy vertices. The local partition policy is then applied to each 
constructed subproblem, yielding a refined set of subgraphs. After completing the partition 
process, each subgraph can be solved using a local MaxCut solver, and the final solution is 
consequently derived for the MaxCut.

In this overall design, both the global and local partition policies are capable of producing 
feasible solutions for the MaxCut. However, the subgraphs and subproblems are derived from 
the intermediate solutions generated by these partition policies. This design is analogous to 
the HLGP framework for CVRP, where both the global and local partition policies can gen-
erate feasible routing solutions, while the sequential ordering information is subsequently 
discarded when constructing subgraphs and subproblems for further refinement. Moreover, 
different COPs require different designs of the local solving component. For MaxCut, this 
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corresponds to employing a local MaxCut solver for each subgraph, whereas for CVRP, a 
local permutation policy is required to determine the visiting order within each partition. 
Thus, the general pipeline for extending HLGP to other COPs can be summarized as follows. 
First, both the global and local partition policies are designed to generate feasible solutions 
for the target problem. Next, subgraphs are derived from these feasible solutions, and sub-
problems are constructed by combining pairs of subgraphs according to a predefined strategy. 
Finally, after completing the partition process, a problem-specific local solver is applied to 
each subgraph, and the resulting partial solutions are integrated to obtain the final solution.

Appendix A: Implementation details of baselines

In this section, we provide the implementation details of the baseline methods, including 
both heuristic and learning-based approaches, selected for comparison with our proposed 
approaches.

LKH3 [9]  We adhere to the settings outlined in Omni-POMO [42] to reproduce the results 
of LKH3. For solving each CVRP instance with varying scales and distributions, we set the 
maximum number of trials to 10000.

HGS [10]  In order to decrease the runtime, we adjust the number of iterations of HGS for the 
CVRP datasets with varying scales. Specifically, we set the number of iterations to 20000, 
5000, 2000, 1500, and 1000 for the CVRP instances with node counts of 1000, 2000, 5000, 
7000, and 10000, respectively.

AM [13]  We follow the implementation guidelines of AM as outlined by [31], where the 
checkpoint trained on CVRP100 is adapted for comparison purposes. In the evaluation 
stage, to enhance the quality of solutions generated by AM, we employ a sampling decod-
ing strategy with 1280 solutions for each instance. The temperature of the softmax function 
in the output layer is set to 0.1 to prevent solutions from diverging towards lower-quality 
outcomes.

POMO  [15]  To benchmark against POMO, we generalize the checkpoint trained on 
CVRP100 to generate results across different CVRP datasets. The POMO size is adjusted to 
align with the number of nodes in each CVRP instance. Furthermore, data augmentation is 
implemented for each CVRP instance with an augmentation factor of 8.

Sym-POMO [16]  We stick to the original implementations of Sym-POMO, where the POMO 
size is adjusted to match the number of nodes, and each CVRP instance is augmented by a 
factor of 8. The checkpoint trained on CVRP100 is generalized for comparisons.

AMDKD  [45]  AMDKD aims to improve the generalization capacity of neural solvers on 
CVRP datasets with scale and distribution shifts through knowledge distillation. We adhere 
to the original evaluation settings with the model trained via knowledge distillation on 
CVRP100 datasets with various distributions. The default POMO size and augmentation 
factor are employed in our evaluations.
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Omni-POMO [42]  Omni-POMO aims to transfer neural solvers to problem instances with 
diverse scales and distributions through meta-learning techniques. Therefore, we strictly fol-
low the evaluation configurations by utilizing the provided model trained via MAML with 
250000 epochs to replicate the results of Omni-POMO across various CVRP datasets. The 
POMO size is configured to match the number of nodes in each CVRP instance. Addition-
ally, data augmentation is applied to every CVRP instance with an augmentation factor of 8.

ELG-POMO  [34]  ELO-POMO integrates both a global neural solver and a local neural 
solver to leverage insensitive local topological features, thereby enhancing the overall sys-
tem’s generalization capability. We generalize the checkpoint trained on CVRP100 with 
250000 epochs for comparison purposes. Throughout the evaluation phase, we maintain the 
default values of the POMO size and augmentation factors as recommended in the original 
implementations.

INViT [35]  INViT utilizes multiple encoders to capture the features of subgraphs of vary-
ing scales within each CVRP instance, enabling the utilization of local topological features 
for the generalization improvement. In our study, we generalize the checkpoint trained on 
CVRP100 to evaluate the generalization ability against other baselines. During the evalu-
ation phase, given that each instance in the evaluation dataset consists of at least 1000 
nodes, the beam size is accordingly set to 16 for each evaluation CVRP dataset, as recom-
mended in the original implementation. All other settings strictly conform to the original 
implementations.

LEHD [39]  LEHD incorporates iterative local revision (known as RRC) by utilizing a SL-
trained neural solver to improve the generalization capability of the constructive method. 
We leverage the officially provided checkpoint to compare its generalization ability with 
other methods. During the evaluation phase, as all baseline methods are evaluated on large-
scale instances with a minimum of 1000 nodes, to balance performance and efficiency, the 
number of RRC is set to 200, 50, 5, and 1 for CVRP datasets with node counts of 1000, 
2000, 5000, and 7000. For the CVRP10K dataset, the greedy model is directly deployed for 
comparison purposes.

BQ [38]  BQ enhances generalization ability by leveraging the inherent recursive property of 
the CVRP instance. We utilize the officially provided checkpoint to generalize its applica-
tion to various CVRP datasets. During the evaluation phase, to achieve a trade-off between 
performance and efficiency, the beam size is set to 16, 16, 8, 4, and 4 for the CVRP datasets 
with node counts of 1000, 2000, 5000, 7000, and 10000, respectively. Other settings remain 
aligned with the original implementations.

L2I [17]  L2I is an iterative approach that merges an RL-based policy with predefined local 
operators to iteratively enhance a given solution. We directly apply the provided official 
checkpoint of the RL-based policy and the predefined set of local operators to diverse CVRP 
datasets for generalization comparisons. Additionally, to prevent unexpected increases in 
makespan due to excessive iterations, we limit the maximum number of rollout steps for 
the RL-based policy to 40, 10, 6, 4, and 2 for the CVRP datasets with node counts of 1000, 
2000, 5000, 7000, and 10000, respectively.
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NLNS  [19]  NLNS seamlessly integrates heuristic destroy operators and a collection of 
learning-based repair policies to iteratively enhance a given solution. We closely follow the 
official implementations of NLNS for generalization comparisons, with the exception of the 
setting for maximum running time per instance. Since NLNS is intended to generalize to 
large-scale instances, the maximum running time in our study is extended to approximately 
1200ms per instance for various CVRP datasets.

DACT  [20]  DACT, as an iterative method, redesigns the solution representation for the 
RL-based policy to improve the given solution. We thus generalize the official checkpoint 
trained on CVRP100 to various CVRP datasets for comparisons. Following the guidelines 
in the official implementation, to tailor DACT to larger CVRP instances, smaller values 
are recommended for the number of perturbations and the dummy rate. As a result, we 
set the dummy rate to 0.05 and the number of perturbations to 2. Furthermore, to prevent 
unexpected increases in makespan resulting from an excessive number of iterations, the 
maximum rollout steps of the RL-based policy are set to 400.

L2D [26]  L2D is replicated by adhering to the publicly available open-source implementa-
tion across various CVRP datasets. It is impressive to observe L2D’s strong performance 
on CVRP datasets exhibiting distribution and scale shifts. This success can be attributed 
to L2D’s heavy reliance on near-optimal solutions from numerous neighboring subgraphs, 
derived from classical heuristic solvers, to guide both clustering subgraphs and resolving 
subproblems.

GLOP  [31]  We rigorously follow the official implementations of GLOP to benchmark it 
against other baseline methods. Moreover, for the selected baseline methods that align with 
those in GLOP, we rely on GLOP’s recommendations to reproduce these methods, thereby 
ensuring that our replicated results are at least on par with those documented in GLOP.

Appendix B: Visualization results

Figures 5 and 6 illustrate the CVRP solutions generated by the RL-driven and SL-driven 
HLGP frameworks, respectively, on the CVRP1K datasets with node distributions including 
Uniform, Gaussian, Explosion, and Rotation. In Fig. 5, we illustrate the impact of train-
ing on the encountered subproblems for the global partition policy, as well as the effect of 
including or excluding the local partition policy in the RL-driven HLGP model. In Fig. 6, 
we show the differences arising from training on large-scale problem instances and the pres-
ence or absence of the local partition policy. Although the CVRP solutions exhibit similar 
strip-shaped loop pattern within each sub-route, the details of node clustering differ signifi-
cantly, which substantially affects the final solution costs.
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Fig. 5  Visualizations of CVRP Solutions generated by the RL-driven framework
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Fig. 6  Visualizations of CVRP Solutions generated by the SL-driven framework

 



1 3

Page 39 of 47     27 Autonomous Agents and Multi-Agent Systems…

Appendix C: Algorithm Pseudocodes

The algorithm pseudocodes for both the RL-driven and SL-driven HLGP frameworks are 
illustrated in Algorithm 1 and Algorithm 2, respectively.

Algorithm 1  RL-driven HLGP.
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Algorithm 2  SL-driven HLGP.

Appendix D: Proofs

D.1 Proof of Theorem 1

Proof  For a given CVRP instance I, a feasible CVRP solution T  comprises Nτ  subtours τi

, where 1 ≤ i ≤ Nτ . If a partition solution C = {c1, . . . , cNc } corresponds to T , then each 
subtour τi can be obtained by reordering the nodes within the corresponding subgraph ci

, implying that Nτ = Nc. This observation indicates that a given CVRP solution T  can be 
represented by the pair (C, T ) = {c1, . . . , cNc , τ1, . . . , τNc }, where C captures the partition 
structure and T  encodes the intra-cluster node orderings. Therefore, we can derive the fol-
lowing expressions for the primitive objective.
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min
π

ET [e(τ)]

= min
π

∑
T
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∑
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We can further simplify the expectation term associated with πperm as follows:
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T
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Thus, we can plug (D2) into (D1) to derive the following objective function:
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If we denote the optimal permutation policy as π∗
perm, then the primitive objective can be 

expressed as:

	
min
πpart

EC∼πpart [
Nc∑
i=1

Eτi∼π∗
perm

(e(τi))].� (D4)

� □

D.2 Proof of Theorem 2

Proof  The objective function of the HLGP framework can be equivalently reformulated as 
follows:

	

min
πGpart,πLpart

EC(0)∼πGpart
EC(1)∼πLpart

· · ·EC(K)∼πLpart
[f(C(K))]

= min
πGpart,πLpart

EC(0)∼πGpart
EC(1)∼πLpart

· · ·EC(K)∼πLpart
[f(C(K)) − f(C(K−1))

+ f(C(K−1)) − f(C(K−2)) + · · · + f(C(1)) − f(C(0)) + f(C(0))]

� (D5)
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The RHS of (D5) can be further decomposed as follows:

	

min
πGpart,πLpart

EC(0)EC(1) · · ·EC(K) [f(C(K)) − f(C(K−1))]

+ EC(0)EC(1) · · ·EC(K−1) [f(C(K−1)) − f(C(K−2)) + · · · + f(C(1)) − f(C(0)) + f(C(0))]
� (D6)

Due to the decomposition demonstrated in (D6), the original objective can be iteratively 
simplified as:

	

min
πGpart,πLpart

EC(0) [f(G(0))] + EC(0)EC(1) [f(C(1)) − f(C(0))] + · · ·

+ EC(0)EC(1) · · ·EC(K) [f(C(K)) − f(C(K−1))].
� (D7)

Then for any k ≥ 1, the evaluation for C(k) can be written as:

	

f(C(k)) − f(C(k−1))

=
Nc∑
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Nc∑
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=
⌊ Nc
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[g(c(k)
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(k+m) mod Nc+1)]

−
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� (D8)

where m = 2(j − 1). Let us define the function 
h(C, k, m) = g(c(k+m−1) mod Nc+1) + g(c(k+m) mod Nc+1), then the evaluation, denoted 
as f(C(k)) − f(C(k−1)), for C(k) can ultimately be written as:

	
f(C(k)) − f(C(k−1)) =

⌊ Nc
2 ⌋∑

j=1

[h(C(k), k, m) − h(C(k−1), k, m)].� (D9)

� □

D.3 Proof of Theorem 3

Proof  Given that the feasible cost function is defined as f(C) = −1(C = C̄), the objective 
of the HLGP framework can be written as:

	

min
πGpart,πLpart

EC(0)EC(1) · · ·EC(K) [1(C(K) = C̄)]

= min
πGpart,πLpart

1
K + 1

EC(0)EC(1) · · ·EC(K) [1(C(K) = C̄) + . . . + 1(C(0) = C̄)]
� (D10)
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Subsequently, we can apply the same recursive decomposition, which is used to equiva-
lently transform (D5) into (D7), to (D10), yielding the following equivalent formulation:

	

min
πGpart,πLpart

EC(0)EC(1) · · ·EC(K) [1(C(K) = C̄) + . . . + 1(C(0) = C̄)]

= min
πGpart,πLpart

EC(0) [1(C(0) = C̄)] + EC(0)EC(1) [1(C(1) = C̄)] + · · ·

+ EC(0)EC(1) · · ·EC(K) [1(C(K) = C̄)]

� (D11)

It is evident that the objective function defined in  (D11) attains its minimum when the 
condition C(0) = C(1) = · · · = C(K) = C̄ is satisfied. At the global partition level (k = 0), 
the global partition policy is trained to maximize the probability of generating the solution 
C̄, thereby ensuring that C(0) = C̄. In contrast, to ensure that the probability of generating 
C̄ is maximized at any local partition level k ≥ 1 by training the local partition policy, we 
define a set of subproblems Ii = (Gi, D, 2), where 1 ≤ i ≤ Nc and Gi = c̄i ∪ c̄i mod Nc+1
. The corresponding label for each subproblem is defined as C̄i = {c̄i, c̄i mod Nc+1}. It is 
clear that the subproblem set {Ii = (Gi, D, 2)}Nc

i=1 covers all possible subproblems that 
may arise at any local partition level. The local partition policy is therefore trained to maxi-
mize the probability of generating C̄i given the corresponding subproblem Ii. In practical 
scenarios, maximizing the log-probability objective can be utilized without compromising 
the theoretical optimality of the resulting policies. Accordingly, the objective function of the 
SL-driven HLGP framework is formulated as follows:

	
min

πGpart,πLpart
− log πθG

(C̄|I) −
Nc∑
i=1

log πθL
(C̄i|Ii).� (D12)

� □

D.4 Proof of Proposition 1

Proof  We aim to prove that, at any partition level k ≥ 0, the definitions of state and action, 
as defined in the multi-level MDP framework, are sufficient to preserve the Markovian 
property at that level. At the global partition level, the partial partition solution evolves from 
C(0)[0 : t − 1] to C(0)[0 : t] by selecting an unvisited node C(0)[t] at each time step t. It is 
evident that the dynamics remains Markovian at this level. At the local partition level k ≥ 1
, the state consists of the subproblem sequence and the partial solution of the subproblem 
I

(k−1)
jt

 currently being addressed at time step t. During solving I(k−1)
jt

, executing the action 

u
(k)
t  extends the partial solution of I(k−1)

jt
 by incorporating an unvisited node, thereby gen-

erating the subsequent partial solution of I(k−1)
jt

. The remaining subproblems remain unaf-

fected throughout this process. Once I(k−1)
jt

 is completed, the framework proceeds to the 
next subproblem in the sequence. As a result, the dynamics at each local partition level 
preserve the Markov property. � □
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