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Abstract

Urban logistics face complexity due to traffic congestion, fleet heterogeneity, warehouse
constraints, and driver workload balancing, especially in the Heterogeneous Multi-Trip
Vehicle Routing Problem with Time Windows and Time-Varying Networks (HMTVRPTW-
TVN). We develop a mixed-integer linear programming (MILP) model with dual-peak
time discretization and exact linearization for heterogeneous fleet coordination. Given
the NP-hard nature, we propose a Hyper-Heuristic based on Cumulative Reward Q-
Learning (HHCRQL), integrating reinforcement learning with heuristic operators in a
Markov Decision Process (MDP). The algorithm dynamically selects operators using a
four-dimensional state space and a cumulative reward function combining timestep and
fitness. Experiments show that, for small instances, HHCRQL achieves solutions within 3%
of Gurobi’s optimum when customer nodes exceed 15, outperforming Large Neighborhood
Search (LNS) and LNS with Simulated Annealing (LNSSA) with stable, shorter runtime.
For large-scale instances, HHCRQL reduces gaps by up to 9.17% versus Iterated Local
Search (ILS), 6.74% versus LNS, and 5.95% versus LNSSA, while maintaining relatively
stable runtime. Real-world validation using Shanghai logistics data reduces waiting times
by 35.36% and total transportation times by 24.68%, confirming HHCRQL's effectiveness,
robustness, and scalability.

Keywords: routing; multi-trip; time-varying road networks; heterogeneous fleets; Q-
learning; hyper-heuristic

1. Introduction
1.1. Background and Motivation

The rapid progress in the modern logistics industry presents both opportunities
and challenges for logistics and supply chain management companies. With fluctuating
customer demands, swift technological shifts, fierce competition, and the uncertainties of
globalization, logistics has become increasingly challenging [1]. Brands and e-commerce
retailers have significant daily inventory and return needs, imposing a substantial load
on third-party transportation companies managing vehicle scheduling and task allocation.
These companies must keep up with real-time inventory and return demands to make
appropriate vehicle dispatches, meeting the requirements of every agent. Advances in
transportation systems have enabled logistics companies to better manage their planning.
The impact of service quality is enormous [2], so logistics companies need efficient delivery
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services and good service quality to prevent late delivery, which can lead to customer
dissatisfaction and losses for the company.

To better serve their clients, supply chain management companies typically establish
their own logistics platforms to facilitate transportation services. Transportation is a critical
function within the supply chain, encompassing the process of delivering finished goods
from distribution centers to customers. For transportation companies, effectively planning
vehicle routes to deliver goods to customers while reducing the associated costs of total
investment and operational expenses is a challenging issue known as the Vehicle Routing
Problem (VRP) [3]. Today, the classic VRP model has been extensively studied and no longer
fully meets the evolving needs of transportation, leading to the development of numerous
variants that correspond to real-world issues, such as the Capacitated Vehicle Routing
Problem (CVRP) [4], the Vehicle Routing Problem with Time Windows (VRPTW) [5],
the Heterogeneous Fleet Vehicle Routing Problem (HVRP) [6], the Split Delivery Vehicle
Routing Problem (SDVRP) [7], and the Multi-Trip Vehicle Routing Problem (MTVRP) [8],
among others. Scholars have developed numerous algorithms to address the VRP and
its variants. For large-scale problems, classic metaheuristic algorithms include Genetic
Algorithms (GA) [9], Ant Colony Optimization (ACO) [10], Tabu Search (TS) [11], Iterated
Local Search Algorithm (ILS) [12], Particle Swarm Optimization (PSO) [13], and more. For
small-scale problems, precise algorithms have been proposed by, for example, Su E [14],
who introduced an exact branch-and-price-and-cut algorithm to solve the pickup and
delivery problem in crowd-sourced last-mile delivery (PDPCBT), and Zhou H [15], who
proposed an exact branch-and-price algorithm for a two-level vehicle routing problem
involving drones. The motivation for our research is a route design challenge faced by
a company in Shanghai, China, aimed at fulfilling the pickup and delivery demands of
each warehouse, thereby facilitating the timely distribution of goods needed by customers
across the country. It is known that each warehouse is located around Shanghai, with
the furthest one in Kunshan, China. For this multi-trip vehicle routing problem, we have
formulated it as an NP-hard problem and incorporated significant real-world characteristics
faced by the company into the model. To address this, we designed a deep learning-based
hyper-heuristic algorithm and applied it to real-case scenarios to verify its effectiveness.

1.2. Related Work

The focus of this paper is a novel variant of the multi-trip vehicle routing problem,
specifically the complex real-world constraints vehicle scheduling problem based on the
logistics platforms of business retailers or supply chain management companies. We have
considered real-world constraints such as heterogeneous fleets, time windows, warehouse
loading and unloading efficiency, and peak traffic on road segments, and designed a hyper-
heuristic algorithm based on reinforcement learning to address this issue. The structure
of this paper is as follows: Section 2 discusses the hyperheuristic algorithm based on
reinforcement learning, and proposes a hyperheuristic algorithm with cumulative reward
mechanism. Section 3 defines the parameters and establishes the MILP model. Section 4
reports the relevant numerical experiments and numerical analysis. Section 5 provides
conclusions and future research directions.

1.2.1. Research on Multi-Trip Vehicle Routing Problems (MTVRPs)

In this paper, we focus on the topic or keywords, restrict our search to the fields
of Operations Research and Management Science, Transportation, or Traffic Science and
Technology, and set the publication date between 2013 and 2024. We conducted our search
on ScienceDirect and Web of Science, with the results shown in Figure 1.
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Figure 1. Annual number of MTVRP literature publications.

From the figure, it is evident that the MTVRP has become an increasingly hot topic,
and indeed, in reality, the MTVRP is more common and complex. The MTVRP was first
proposed in 1990, involving a vehicle making several journeys during a day. Compared to
the VRP, the MTVRP is undoubtedly more realistic, prompting more scholars to focus on
this issue. Real-world problems are generally more complex than those found in academic
research, making these issues more practically relevant. Pan et al. [16] studied the restock-
ing problem faced by an automated coffee vending company for its branch locations, each
with varying capacities, demands, and daytime restocking time windows, and employed a
hybrid metaheuristic algorithm to address the problem. Moon et al. [17] investigated the
location-routing problem with multi-compartment and multi-trip aspects and designed
a corresponding hybrid genetic algorithm to solve it. Yu et al. [18] examined the Home
Replenishment Delivery System (HRDS), introduced a new variant of the profitable tour
problem known as the Multi-Vehicle Profitable Tour Problem with Flexible Compartments
and Mandatory Customers (MVPTPFC-MC), and proposed an Adaptive Large Neighbor-
hood Search (ALNS) algorithm to tackle this issue. You et al. [19] investigated a novel Truck
Platooning Container Drayage Problem with Multiple Trips (MT-CDP-TP), developing
a branch-and-price-and-cut (BPC) algorithm to solve the set partitioning model. They
proposed a tailored pulse propagation algorithm based on the pricing problem of BPC.
Sethanan et al. [20] introduced an integer linear programming formulation and a novel
hybrid differential evolution algorithm to address the Multi-Trip Vehicle Routing Prob-
lem with backhauls and heterogeneous fleet. Neira et al. [21] presented a new compact
integer programming formulation for the Multi-Trip Vehicle Routing Problem with Time
Windows, highlighting the ease of implementation in any available optimization software.
Liu et al. [22] proposed a dual adaptive general variable neighborhood search to tackle the
Unmanned Electric Vehicle Routing and Scheduling Problem in green manufacturing systems.

1.2.2. Reinforcement Learning Approaches for MTVRP

The integration of reinforcement learning (RL) with hyper-heuristic frameworks has
become an emerging trend in solving complex operational research problems. This combina-
tion leverages RL to adaptively select among multiple low-level heuristics, thereby handling
large-scale instances and multiple constraints more effectively. It has been widely explored
in various domains, such as heterogeneous vehicle routing problems (Qin et al. [23]), auto-
mated container terminal scheduling (Xu et al. [24]), batch flow shop scheduling (Duan
et al. [25]), distributed flexible job shop scheduling (Zhang et al. [26]), and manufacturing
project scheduling (Li et al. [27]), demonstrating its versatility and practical efficiency.
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Building on this methodological trend, the application of RL-based hyper-heuristic
algorithms to Multi-Trip Vehicle Routing Problems (MTVRPs) and related VRP variants
has emerged as a promising research direction. For example, Li et al. [28] developed a
novel RL-based hyper-heuristic for heterogeneous VRPs, while Zhang et al. [29] proposed
a deep RL approach for heterogeneous capacitated VRPs, both demonstrating the ability
of RL to manage complex vehicle constraints. Shang et al. [30] designed a Q-learning and
multi-strategy hyper-heuristic for multi-compartment green routing, addressing multi-trip
and multi-time-window constraints. Xu et al. [31] introduced a dynamic embedding-
based RL method for VRP with multiple time windows. Other works further explore RL
in combinatorial action spaces, column generation frameworks, and graph-based VRP
representations (Dastpak et al. [32]). These studies illustrate that RL combined with hyper-
heuristics can effectively coordinate multiple decision levels, handle complex constraints,
and achieve high-quality solutions for large-scale MTVRP instances. Table 1 summarizes
selected related studies.

Table 1. The related literature.

Problem Characteristics Method
Author
HF Multi-Trip LC TVN
Nguyen et al. [3] v AHA
Pan et al. [16] v HMA
Yu et al. [18] 4 v ALNS
You et al. [19] v BPC + PPC
Sethanan et al. [20] v v DE + FLC
Liu et al. [22] v ALNS
Wang et al. [33] v TDRL
Huang et al. [34] v "4 BPC + CG
Fragkogios et al. [35] v v v BD
Blauth et al. [36] 4 Local Search
Sun et al. [37] v v RHCG
Gutierrez et al. [38] v v HH
Luetal. [39] v BP
Coelho et al. [40] "4 v ILS
Zhao et al. [41] v HH
He et al. [42] v 4 HH
Vieira et al. [43] v v AVNR
Our work v v "4 v HHCRQL

HF: heterogeneous fleet; TVN: time-varying network; LC: loading capacity; FLC: fuzzy logic controller; DE:
differential evolution; BPC: branch-and-price-and-cut algorithm; PPC: pulse propagation algorithm; HMA: hybrid
metaheuristic algorithm; ALNS: Adaptive Large Neighborhood Search; NLNS: Neural Large Neighborhood
Search; AHA: Adaptive Heuristic Algorithm; HH: hybrid heuristics; HA: hybrid approaches; AVNR: Adaptive
Variable Neighborhood Race; RHCG: rolling-horizon-based column generation; BP: branch-and-price: BD: benders
decomposition; ILS: Iterated Local Search.

The main contributions of this paper are summarized as follows:

1.  Inresponse to the warehouse transfer issues faced by the company’s B2C operations,
we have simultaneously considered the balance of driver workload, time windows,
heterogeneous fleet, loading capacity, and time-varying road networks (morning
and evening peaks), which are significant real-world characteristics with substantial
practical value for logistics enterprises. To date, we have not found any MTVRP
studies that comprehensively account for all these realistic features.

2. To address the problem, we define this problem as the Heterogeneous Multi-Trip Vehi-
cle Routing Problem with Time Windows and Time-Varying Networks (HMTVRPTW-
TVN) and develop a mixed-integer linear programming (MILP) formulation. A dual-
peak time discretization method is proposed to efficiently model time-varying net-
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works by segmenting continuous peak periods, alongside an exact linearization tech-
nique for handling times to enable coordinated scheduling of heterogeneous fleets.

3. Based on the characteristics of this real-world problem, we propose a novel HHCRQL
algorithm that incorporates reinforcement learning (RL) into MTVRP. The algorithm
effectively reduces the total time required for scheduling multiple trips, with its perfor-
mance advantages becoming more pronounced when handling large-scale instances.

4.  We established an appropriate Markov Decision Process (MDP) model and pro-
posed a cumulative reward assignment method based on time steps, applying the
concept of cumulative rewards throughout the training process. By solving the
MDP model, we effectively reduced the number of iterations and improved overall
computational efficiency.

2. Materials and Methods

This section introduces the solution algorithm for the aforementioned problem. The
algorithm discussed in this paper is a hyper-heuristic approach that combines Q-learning
with heuristic operators (HO). The main content includes the establishment of an MDP
model, the definition of specific state sets, action sets, and so on.

2.1. Heuristic Operators—Reinforcement Learning Framework

Due to the combinatorial optimization nature of the logistics platform’s multi-reality
constraint scheduling problem, it is challenging to enumerate all solutions through exhaus-
tive methods. Therefore, optimization algorithms require high computational efficiency;,
and hyper-heuristic algorithms are well suited for this scenario. A typical hyper-heuristic
(HH) structure includes two levels: low-level heuristics (LLHs) and high-level heuristics
(HLHs) [44]. Low-level heuristics encompass solution representation, computation func-
tions, and a set of LLHs, which are specific problem operators directly applied to solutions,
also known as heuristic operators (HOs). High-level heuristics are responsible for two main
tasks: selecting HOs to generate new solutions and evaluating their acceptability. Both
significantly impact the performance of the hyper-heuristic model, making the develop-
ment of advanced and low-level strategies for specific problems a significant challenge. To
address this challenge, we have developed a reinforcement learning-based hyper-heuristic
(HO-RL) that leverages the strengths of different HOs. The RL method is a high-level
strategy that chooses the appropriate LLH based on the environment. Specifically, the
HO-RL framework starts with an initial solution and then iteratively improves it using
HOs. At each iteration, RL first invokes a selection mechanism to choose the most suitable
HO based on performance metrics. Then, it applies the HO to the current solution and
generates a new solution. Finally, RL invokes acceptance criteria to determine whether to
accept the new solution. The goal is to automatically select effective HOs at each decision
point, as illustrated in Figure 2.

The process of selecting a heuristic operator (HO) can be viewed as a Markov Decision
Process (MDP), where the agent must choose from a set of actions in a set of states with
unknown reward models. Q-learning is a model-free reinforcement learning algorithm
that learns to maximize cumulative rewards by learning a policy. In Q-learning, the agent
learns an action-value function (Q-function) through interaction with the environment,
which estimates the expected utility of taking a specific action in a given state. The core of
Q-learning is the trade-off between exploration and exploitation. In the following sections,
we introduce the construction of the specific MDP model, including the definition of state
sets, action sets, selection strategies, and the reward function.
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2.1.1. Initial Solution Generation

Figure 2. HO-RL framework.

This paper begins by employing a greedy algorithm to obtain an initial near-optimal
solution. This initial solution serves to narrow the solution space and reduce the algorithm’s
overall running time. The solution is structured by separating the number of vehicle uses
(available), vehicle sequence number (car), operating routes (task), and cargo quantity
(carry) into distinct lists. These four lists collectively define the initial solution state. A
key advantage of this representation is its facilitation of heuristic operator application.
A critical design decision within the HO-RL framework involves the representation of
solutions in the search space. To clarify this representation, a simple numerical illustration
is provided. Figure 3 depicts a candidate solution involving 5 warehouses and 2 vehicles,
each assigned between 3 and 5 tasks. The left side shows the four vehicle routes, the center
displays the associated vehicles and their available times, and the right side indicates the
loading quantity.

0 IENEA 0 0 RN 0

Route Car Available Carry

Figure 3. Encoding of the solution.

2.1.2. Low-Level Heuristic Operator Operations

For the generated initial solution, we design and apply a set of heuristic operators—
destruction, repair, and exchange—to iteratively improve the routing solution. In the
destruction phase, as shown in Figure 4, two strategies are used to increase solution
diversity and enable local search: maximum saving node removal, which deletes the
node that yields the largest time saving to break high-efficiency segments, and longest
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route removal, which removes the route with the longest travel time and releases the
corresponding vehicle, allowing tasks to be reassigned.

Task Carry

| 0 I 0 ds ds [ 0

Pending solution Destroy list
Task Carry

09 3 OO |dgds O

Destroy

Figure 4. One of the destroy operators.

In the repair phase, as shown in Figure 5, removed nodes from the destroy_list are
reinserted using greedy insertion or random insertion. Greedy insertion tries all feasible
positions and selects the one with minimal incremental travel cost while respecting vehicle
capacity. Random insertion selects feasible routes and positions randomly; if a node cannot
be inserted into any existing route, a new route is created using an available vehicle. Both
strategies ensure all removed customer demands are reinserted, balancing cost optimization
and stochasticity.

Carry
063 0RO/ldgds O
Destroy list Pending solution
Task Carry
0] o
Repair

Figure 5. One of the repair operators.

In the exchange phase, as shown in Figure 6, two types of swaps are applied to
improve route quality: intra-route customer exchange optimizes local visiting sequences,
and inter-route customer exchange swaps customer nodes between routes under capacity
constraints to balance workloads and reduce total travel time. Additionally, a vehicle
workload balancing step swaps entire routes between vehicles to reduce variance in route
durations and enhance resource utilization. By iteratively applying these destruction, repair,
and exchange operators, the method effectively explores the solution space, maintains
feasibility, optimizes total travel cost, and improves vehicle utilization.

Taskl Carryl Carl
m [ 0 | [ 0
Task2 Carry?2 Car?

‘ﬂ m|n

Swap

Figure 6. One of the swap operators.

2.2. MDP Model Establishment

Q-learning is one of the most effective value-based reinforcement learning (RL) algo-
rithms, with the goal of estimating the Q-values of the optimal policy. The construction of a
Markov Decision Process (MDP) is considered one of the most critical steps in Q-learning.
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An MDP can typically be described by four elements: the state set, the action set A, the
reward function, and the policy function. The Q-table is updated based on a comprehensive
consideration of the experienced states, selected actions, and the rewards obtained by the
agent. The Q-values, which characterize the rationality of action selection, are calculated
based on a comprehensive consideration of the experienced states, selected actions, and
the rewards obtained by the agent. The Q-value update function is performed by the
following formula:

Q(st,ar) < Q(st, ar) + a[rt + ymaxQ(s¢y1,ar41) — Q(st, Ilt)]

2.2.1. Definition of the State Set

To effectively represent the decision-making process in the Heterogeneous Multi-Trip
Vehicle Routing Problem with Time Windows and Time-Varying Networks (HMTVRPTW-
TVN), this study designs the state space within the framework of a Markov Decision
Process (MDP), as shown in Table 2. The design objective is to extract a limited number
of features that capture the key characteristics of the dispatching environment, ensuring
both theoretical soundness and learning efficiency, while maintaining sufficient expressive
power and operational relevance. In traditional reinforcement learning, state space design
faces the dual challenge that excessively large or irrelevant state dimensions can cause the
“curse of dimensionality” and sample sparsity, while overly simplified states may omit
critical decision information and reduce the effectiveness of policy learning.

Table 2. The state set in MDP.

St.ate Description Possible Values/Intervals Notes
Variable
Feasibilit Indicates whether the current solution
F . Y 0/1 satisfies all constraints (1 = feasible, 0 =
Indicator . .
infeasible)
Number of Discrete integers, e.g., 1, Number N f distinct vehicle types used,
\% . reflecting fleet heterogeneity and
Vehicle Types 2-3,>4 :
problem complexity
Proportion of remaining demand
. . [0, 0.25), [0.25, 0.5), . L .
T Remaining Task Ratio [0.5,0.75), [0.75, 1.0] relative to initial demand, representing
progress stages
U Vehicle Load Utilization <33%, 33-66%, >66%  Overall fleet load utilization intervals,

reflecting resource efficiency

Accordingly, the state is defined as a 4-tuple:
s=(F,V,T,U)

composed of four discretized dimensions:
(1) Feasibility Indicator: F

Feasibility is a fundamental constraint in vehicle routing, directly influencing action
selection and search direction. A binary variable F is used to indicate whether the current
solution satisfies all constraints, where F = 1 denotes feasibility and F = 0 denotes infea-
sibility. This enables the policy to quickly identify and prioritize feasible regions of the
solution space.

(2) Number of Vehicle Types: V

This is the count of distinct vehicle types currently used in the solution. V quantifies
fleet heterogeneity and problem complexity: higher V typically implies more complex
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assignment and compatibility considerations. Using a vehicle-type count as a state compo-
nent enables the policy to adapt to different fleet compositions; when necessary, VVV can
be coarsely discretized (e.g., V=1,V =2-3, V > 4) to control state-space growth.

(3) Remaining Task Ratio Segmentation: T;

The remaining demand ratio—defined as the fraction of unserved demand relative to
initial demand—is discretized into a small number of intervals to represent progress stages
of the routing problem. In this study, we use four intervals: [0, 0.25), (0.25, 0.5], (0.5, 0.75],
and [0.75, 1.0]. T, captures the search horizon and priority structure for remaining tasks
while limiting state cardinality.

(4) Vehicle Load Utilization Interval: U

The overall fleet load utilization (aggregate load /aggregate capacity) is discretized
into three intervals: low (<33%), medium (33-66%), and high (>66%). U encodes resource
utilization efficiency and helps the policy distinguish between states that require load
consolidation, redistribution, or capacity increase.

Each chosen state component is explicitly tied to core constraints or optimization ob-
jectives of HMTVRPTW-TVN, thereby ensuring that the state space is both informative and
compact. Discretization balances representational fidelity and computational tractability,
mitigating exponential growth in the number of states and improving training efficiency
and convergence stability for tabular Q-learning. Finally, through construction, the state
set is intended to satisfy the Markov property in the sense that it contains the information
necessary for immediate decision-making; state transitions are then modeled as dependent
only on the current state and the selected action, consistent with MDP theory.

2.2.2. Design of Action Set and Reward Function

In a Markov Decision Process (MDP), the action set is a core component, representing
all possible actions an agent can take in a particular state. The design and selection of the
action set directly affect the agent’s learning efficiency and the quality of final decision-
making. For each state, the action set may be fixed or may vary depending on the state. It
can be defined as follows:

As ={aj,ap,a3,--- ,an}

In the context of the Markov Decision Process (MDP), a; represents the i-th action
selected in state s. In this paper, the action set is set to different heuristic operators, as shown
in Table 3. During each iteration, the agent will select different heuristic operators to obtain
corresponding rewards, with the reward design aimed at accelerating the search process
and achieving optimization goals. As shown in Table 3, when an action a, is chosen from
the action set, the agent will execute the corresponding heuristic operators. Secondly, a
reward function with crossover probability should be designed to assess whether the value
of the chosen action is reasonable; under the same algorithm, different reward functions
may yield different results. The setting of the reward function determines the convergence
speed and efficiency of the algorithm. The reward function in this paper is defined by the
following equation:

R —1, Fitpegt (solutionﬁl) —Fitpest (solutionf) < 0
tion =
acion 1, Fitpegt (solutioni“rl) — Fitpest (solution{) > 0
The reward function R,ction represents the reward obtained for taking action a in states.
Fitpest (solutionit+1
Fitpest (solution}) denotes the best fitness value of the i-th solution in the t-th episode. When

the best fitness value of the i-th solution in the (t + 1)-th episode is greater than that in the

) denotes the best fitness value of the i-th solution in the t + 1-th episode,
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t-th episode, the reward is a positive value. Conversely, the reward will become positive
with probability p and remain negative with probability 1 — p. The distinction between
positive and negative values is that actions corresponding to positive rewards will increase
in frequency, while those corresponding to negative rewards will decrease. This involves
the policy function 7t, which we will introduce in the next section.

Table 3. The action set in MDP.

Actions Heuristic Operators
ap Destroy operation 1, repair operation 1, swap 1
ap Destroy operation 1, repair operation 1, swap 2
az Destroy operation 1, repair operation 2, swap 1
ay Destroy operation 1, repair operation 2, swap 2
as Destroy operation 2, repair operation 1, swap 1
ag Destroy operation 2, repair operation 1, swap 2
ay Destroy operation 2, repair operation 1, swap 1
ag Destroy operation 2, repair operation 2, swap 1

2.2.3. Policy Function

In this paper, the e-greedy policy is chosen as the action selection strategy. The
e-greedy policy is a method that balances exploration and exploitation. Specifically, it
selects the current optimal action with a probability of 1 — ¢ and selects an action randomly
with a probability of €. In this paper, the e-greedy policy can be represented by the following
equation. ¢ represents the exploration rate, |A| represents the size of the action set, Q(s, a)
denotes the Q-value of taking action a in state s, and a* represents the optimal action in
state s, that is, a* = argmax, ., 4onsQ(S, a). We use the indicator function I(x) to represent
whether certain conditions are met.

P(s,a) = (1—¢) xI(a=a") +ex* <|;x|2a,eAI(a = a'))

2.3. Hyper-Heuristic Based on CR-Q-Learning

This section delves into the hyper-heuristic based on CR-Q-learning (HHCRQL). We
start by outlining the core components of the high-level heuristic (HLH), specifically the
CR-selection strategy. Then, we describe the main logical flow of the CR-Q-learning process.

2.3.1. CR-Selection Strategy

We introduce a cumulative-reward credit-assignment mechanism that jointly accounts
for the feasibility and quality of the current solution, while employing an e-greedy strategy
to select heuristic operators (HOs). Although e-greedy is effective for low-level heuristic
(LLH) selection, its credit-allocation rule remains simplistic. Cumulative rewards evaluate
HO efficacy comprehensively through two performance indicators—applicability and
feasibility—thereby not only identifying superior HOs but also intermittently admitting
alternative HOs to sustain population diversity. Integrating e-greedy with cumulative-
reward credit allocation naturally balances the production of high-quality individuals with
the preservation of population diversity. This cumulative philosophy is realized via a
two-phase reward-function update: immediately after an LLH operation and again when
determining whether the updated individual outperforms its predecessor. These updates
accumulate, progressively refining action selection and contracting the solution space.

2.3.2. HHCRQL Algorithm Procedure

The design and selection of heuristic operators are crucial to the performance of
the algorithm. Effective heuristic operators can significantly enhance the efficiency and
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quality of solutions. Many heuristic algorithm designs involve a variety of operators,
such as swap, mutation, destruction, merge, and shake operators. The role of the swap
operator, for example, is to exchange nodes in a route or variables that need to be swapped.
Heuristic algorithms typically fix the sequence of several operators, starting from an initial
solution and continuously operating until certain conditions are met. The advantage of
reinforcement learning is its ability to learn and dynamically adjust the order of operators
for optimal results. Through Q-learning, initial states are selected randomly, different
actions are taken, and each action yields a corresponding reward. At this point, the time
step ends, and the updated Q-table is fed back to the agent. This Q-table plays a role in
feedback and learning for the next time step. The agent will dynamically learn and adjust
based on the rewards corresponding to actions in the Q-table for the next time step. If the
reward is positive, the selection of actions by the corresponding heuristic operators will be
strengthened; if negative, it will be weakened accordingly. Continuously obtaining states,
executing actions with high rewards, updating the Q-table, and dynamically adjusting
constitute the process of reinforcement learning. The pseudocode for the HHCRQL is
shown below (Algorithm 1).

Algorithm 1 HHCRQL

HHCRQL Algorithm parameters: number_episodes (max_e), max_step (max_s),
episode (e), step (s), Q table, state set (S), action set (A), learning rate (alpha),
exploration rate (epsilon), discount factor (gamma).

. Initial solution generation

. Initialize the Q table

. Input: algorithm parameters to HHCRQL Algorithm

. while episode (e) < max_e do

. si: choose state (F, V, T;, U)

. for time step (t) in max_step (max_s)

. aj choose action according to e-greedy

. Execution: executes the selected action a; based on the s;

O 00 NI O O = W N =

. F§: Determination of the feasibility of the current time step

—
o

. if feasibly:

—
—

. r¢: calculate the reward

—
N

. F$: Fitness value calculation of the current time step
. if better F§
. 1°: accrue reward and update Q table

o G —
g1 = W

. else: no accrue reward

—_
(o)}

. else: give punishment in reward and update Q table
t=t+1
. END While: satisfy stopping criterion

[ =Y
O 0 I

. Output: optimal solution and Q table

3. Problem Description and Modeling

In this section, we specifically analyze the concrete elements of this real-world problem
and position it as the Heterogeneous Multi-Trip Vehicle Routing Problem with Time Win-
dows and Time-Varying Network (HMTVRPTW-TVN). We have analyzed and established
a corresponding mixed-integer linear programming (MILP) model that can be adapted for
solution by any commercial solver.
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3.1. Problem Description

The vehicle dispatch system receives reports from various outlets (warehouses) every
day at dawn, detailing the pickup and delivery volumes for the day. Dispatchers arrange
drivers to depart from the distribution center, known as the super-hub, to execute trans-
portation tasks. To fulfill the daily transportation tasks, the company has established a
fleet for cargo transportation. The tasks vary daily, and at times, it is necessary to engage
crowd-sourced vehicles to assist with transportation duties. Due to the fleet’s characteris-
tics, there are different models of vehicles and various types of drivers. One type is directly
employed by the company, and the other is outsourced. When assigning tasks, efforts are
made to balance the workload of drivers. The locations of the warehouses are fixed, and
their working time windows are also set, so the vehicle dispatch system schedules and
routes the heterogeneous fleet for multiple departures at appropriate times(as shown in
Figure 7): departing from the super-hub’s parking lot, executing a series of transportation
tasks according to the dispatch orders, and returning to the super-hub parking lot. The
challenge lies in determining the right time to depart, avoiding morning and evening
peak traffic while arriving within the working time window of the warehouses to load
and unload. Therefore, this problem can be formally defined as an optimization problem,
known as the Heterogeneous Multi-Trip Vehicle Routing Problem with Time Windows
and Time-Varying Network (HMTVRPTW-TVN). In a directed network G = (V, E), where
V is the set of nodes, including a distribution center D and a set of pickup warehouses
C, and E is the set of arcs, corresponding to the connections between nodes. For each
arc (i,j) € E, there is an associated travel time t;;. Each warehouse C € E has a working
window [ST;, ET;] and a break window [PT;, UT;j|. Each vehicle’s driver is fixed, and the
driver’s working time window is [rTj, RTj].

[Ty ETy)
[PTs,UT] /,. F & [PT,.UT,]
JLLY ~ =
g e g //

[STy, ET;] d

uy
[PTI,UTI] @
(&=

(ST, ETy] / [STe: £T6]
/ L1
f / EDﬁ [PTE,,UT(,]
=)

[rTy.RT,] [rT, RTy]
n // N a
00 000 - » / —
[T RT [STy, ET;] L/ ) [rTuRTY]
g ‘
L [PTo,UT,) 7 o !
60-0'0 [PT>, '=\ (ST, BT] 00-0 0"
L
Di [PT5,UTs]
9, PT3 UT: o -
9‘ I
[ 3.UTs] ‘E'\ [PTy,UTy]
| | A | | I | N
\ \ T T T T T "
) . . . . . 1440
Large vehicles during | small van during Large vehicles during small van during
morning peak hours morning peak hours  evening peak hours morning peak hours
JLLLLY
00— 00 ; large cargo truck \s» warehouse workers D Depot The route
e Goods awaiting from the first
oo oig smallcargovan gy transportation O Hub to the nth trip

Figure 7. An example of vehicle itineraries in the HMTVRPTW-TVN.

3.2. Parameter and Variable Definitions

We define the notation and variables for HMTVRPTW-TVN. Table 4 lists the modeling
variables, and Table 5 lists all notations along with the relevant parameters used.
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Table 4. Variables applied in the model.

Variables Definition
tf;tlz‘gl The actual travel time of small cargo van k from point i to point j
kq The binary variable xf”ﬁ equals 1 if vehicle k travels along arc (i, j) during its q_th trip;
Xij otherwise, it equals 0.
5;“7 The arrival time of vehicle k at node i during its q_th trip.
di.‘q The amount of goods picked up by vehicle k at node i during its q_th trip
wf’q The waiting time of vehicle k at node i during its q_th trip
zka The binary variable equals 1 if vehicle k makes a q_th departure; otherwise, it equals 0.
TLk The total load of Vehicle k on trip q
ai.(’q Lunch break window auxiliary variable
b;"" Lunch break window auxiliary variable.
1 Small cargo van morning peak period indicator
Yijkaq (auxiliary variable)
5 Small cargo van morning peak period indicator
Yijkq (auxiliary variable)
Zijkq Linearization auxiliary variables
Table 5. Parameters applied in the model.
Parameters Definition
tgjrig Normal travel time from node i to node j.
tisjnau Peak period travel time from node i to node j.
e The loading and unloading capacity of warehouse i.
DT?’C’ Departure time of vehicle k at node 7 during its q_th trip.
FT; The fixed working hours of warehouse i can be denoted as FT;.
Ck The loading capacity of vehicle k can be denoted as cj
ST, The lower bound of the working time window for
! warehouse i.
ET. The upper bound of the working time window for
! warehouse i.
PT; The lower bound of the worker’s rest time window for warehouse i.
ur; The upper bound of the worker’s rest time window for warehouse i.
rTy The lower bound of the driver’s working time window for vehicle k.
RTy The upper bound of the driver’s working time window for vehicle k.
DD; The demand at warehouse i can be denoted as DD;
Ok The number of times vehicle k is used.
C The set of warehouses
D The distribution center
D; The origin distribution center
D, The destination distribution center
M The infinitely large constant
\% The set of all nodes
K The set of vehicles can be denoted as K
E The set of arcs defined by (i, j) can be denoted as E
q The number of vehicle departures can be denoted as q
A The number of times a vehicle can be used
K The set of small cargo van can be denoted as S.
K; The set of large cargo truck can be denoted as L
(LT, LT}) The morning restricted time window for small cargo van
[LT.,, LTj] The evening restricted time window for large cargo truck
[TPy, TP, The morning peak time window for small cargo van

[TP,, TP;]

The evening peak time window for large cargo truck
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3.3. Construction of HMTVRPTW-TVN

Since the information (vehicle information, warehouse information, pending pickup
information, working time window information, etc.) is updated through daily morning
reports, this information can be considered as known. The HMTVRPTW-TW problem
formulation is as follows:

1.  Objective function consisting of two components, with cost calculation varying by
vehicle type:
Minimize z = <0bjlarge + Objsmall) 1)

obj_large = Z Z Zk ZQ[ £orig kq +FT; xkq + xf]qd;(q/ej + w;cq} @)

obj_small = Z Z Zk ZQ [tm“l ]q + FTjx; ’q + x; ’]qd]’q/e +w; ’q} (3)

Subject to the following;:
2. Capacity and demand constraints:

Z]C.djw <7ZM s VkeK, VgeQ (4)
Kx—q vV _kq ik k i
YE Iy ald a4 M(Z4~1) < DD; vjeC 5)
TLM = Zd’q VkeK, VqgeQ 6)
k,
dpl = TLM vk e K, Vg€ Q )

3.  Flow conservation constraints:

V. _k, V _k,
Y Xpi=02 ah, =2 VkeK, VqeQ ®)
Y Kb = =0 VkeK, VgeQ )
V. _k 14 k
Yo vl =), v VkeEKVieV YgeQ (10)

4. Vehicle task execution sequence constraints:

P> ST 4wl 4 FT 401/ + 4] —M(1-2f) Vie v,¥je v,k e K ¥g € Q (11)
TLM if i=0
5 = kqlfl VieV,¥jeV,vkeKVgeQ (12)
d;”', others

0 = o g VIEVVIEVVKEK Y€ Q (13)

tkq { 0r1g kEKl
ik’

5. Peak period constraints for small vehicles:

k, k, k,
DTiq:Siq+wiq+FTi+5i/€i (14)
DT > LTy —M(1—yl, ) VieV,VjeV,YkeKVqeQ (15)
k, . .
DT;" <LTy+M(1 -y, ) VieV,VjeV,vkeKVqeQ (16)

DT > TP,, — M(1 - Yirg) ViE€EV,¥EV,VkeKVgeQ (17)
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DT < TP, +M(1-y%, ) VieV,YjeV,VkeKV¥qeQ  (18)

1 1 2 orig 1 2 . .
t”jf”; = 11" (Vg T Vijka) T (1= Vijiq — Yijkq) Vi€ V.Vj€V,Vke K Vg€ Q (19)
Zijhg = HH X0 Vi€ V,Vj € V,Vk € K,¥g € Q (20)

6.  Peak period constraints for large vehicles:

DT/ < LT, +M(1—al, ) Yie V,Vj€ V,¥k €K, Vg € Q (21)
DT > LT; — M(1—a, ) Vi€ V,Vj € V,¥k € K,¥q € Q (22)
ailrj’qu+a1]kq>xqueVVJGVVkeKquQ (23)

HT = DT + tf;lg VieV,VjeV,Vke K, Vg €Q (24)

I < TPy + M(1—al;,,) Vie V,VjeV,Vke K, Vg€ Q (25)
t7 < TPs+ M(1—afj, ) Vie V,Vje V,vke K, Vg€ Q (26)
l]”q+al]kq>x'“’Vzevv]eVVkeKquQ (27)

7.  Warehouse worker rest time-window constraints:

S;c,q +w;c,q > PT; — M(1 — a]k'q) VjeCVkeK,VgeQ (28)
¥+ w <UT;j+M(1—b™) VjeCVkeKVgeQ (29)
a“l+b 1 >1VjeCVkeKVqgeQ (30)

8.  Driver working time-window constraints:
1Ty <Sp <RT, VkeK\VjeQ (31)

9.  Trip count limitations:
ZqQ Zk < |Q| Vk e K (32)

10. Trip sequence limitations:
7k < 7Rl vk e K, g >1 (33)
11.  Warehouse operating time-window constraints:
k, .
STy <S"<ET, VkeK VjeCVgeQ (34)

12.  Other constraints (non-zero loading, inter-trip time coupling, and binary variable
declarations):
d <MY x{] VkeKVjeCVgeQ (35)

Syl + 1wy + FTp, +dp! fep, < SET + M1 = ZM) vk e Kg < |Q| -1 (36)

kg others

X, =

0
37
b { 1 : if vehicle k travels along arc (i, j) during its g — th trip (37)
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0: others
zkag — 38
{ 1 : if vehicle k makes the q — th trip (38)

4. Numerical Experiments

In this section, we conduct numerical experiments using the R-series data from the
Solomon instances to validate the applicability of the proposed algorithm. Comparative
experiments are carried out, where the results are compared with those obtained by other
algorithms or commercial solvers to verify the effectiveness of both the model and the
algorithm. Finally, the HHCRQL algorithm is applied to solve problems of varying scales,
and the results are compared with these methods to demonstrate the practicality and high
performance of the algorithm.

4.1. Solution Results Based on Real Cases
4.1.1. Real-Case Analysis

This section conducts numerical experiments using real data from a distribution center
of a Shanghai-based supply chain company to evaluate the performance of the HHCRQL
algorithm. For convenience in the experiments, the distribution center is labeled as sup-hub
0, and the warehouses are numbered from 1 to 13. Detailed data for each warehouse are
provided in Appendix A.

Loading at the warehouses is conducted in pallets, with the loading rate measured
in cubic meters per minute. Vehicles are numbered from 1 to 12, with vehicles 14 being
large vehicles measuring 17.5 m in length and having driver working time windows of
[330-1500]. Vehicles 5-12 are smaller, measuring 9.6 m in length, with driver working time
windows of [360-1410].

4.1.2. Real-Case Study and Result Analysis

To comprehensively evaluate the model and algorithm, this study further compares
them with the company’s actual scheduling plans. Using total time, warehouse waiting
time, and vehicle utilization as evaluation metrics, Table 6 shows that the solutions obtained
by our algorithm outperform the company’s actual dispatch center in both total time cost
and warehouse waiting time. Furthermore, due to a more balanced workload distribution,
more vehicles are utilized, allowing large vehicles to complete their tasks and finish shifts
earlier, thereby avoiding situations where drivers of large vehicles work more while drivers
of small vehicles work less. As the number of warehouses increases, the performance of
the HHCRQL solutions improves further; when involving 10 warehouses, waiting time is
reduced by 35.36% and total operation time decreases by 24.68%. Compared with the actual
scheduling plan, the HHCRQL algorithm provides higher-quality solutions, demonstrating
its superiority. The scheduling arrangements are presented in Appendix A.

Table 6. Optimization analysis of actual scheduling results.

Instance Actual Solution (AS) Solution Derived from HHCRQL (HS) GAP
Number of Total Waiting Car Total Waiting Car Ga Ga
Warehouses Times Times Number Times Times Number P1 P2

4 6944 1587 10 6024 1185 12 13.25% 25.33%
5 7481 1784 12 6345 1298 13 15.19% 27.24%
6 7854 1978 15 6587 1445 17 16.13% 26.95%
7 8120 2145 17 6976 1554 19 14.09% 27.55%
8 8478 2215 19 7359 1798 20 13.20% 18.83%
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Table 6. Cont.
Instance Actual Solution (AS) Solution Derived from HHCRQL (HS) GAP
Number of Total Waiting Car Total Waiting Car Ga Ga
Warehouses Times Times Number Times Times Number P1 P2
9 8752 2354 19 7640 1851 21 12.71% 21.37%
10 9352 2524 20 7640 1904 22 18.31% 24.56%
11 9531 2710 20 7637 1844 22 19.87% 31.96%
12 9778 3041 20 7534 2045 23 22.95% 32.75%
13 9965 3278 24 7506 2119 24 24.68% 35.36%
Gap,; = (Total timeag — Total timeps)/Total timeas x 100%. Gap, = (Waiting time,g — Wotal timegg)/

total timeag X 100%.

4.2. Algorithm and Model Validity

In this section, we validate both the model and the algorithm. The results indicate that
the model proposed in this paper satisfies all constraints and achieves a satisfactory gap
when compared with actual operational schedules. The HHCRQL algorithm, while highly
innovative, also yields commendable results.

4.2.1. Benchmark Methods

To verify the performance of the proposed algorithm and the effectiveness of the model,
we used the commercial solver Gurobi to solve the model, obtaining valid results that
serve as one of the benchmark methods. Other benchmark algorithms include LNS (Large
Neighborhood Search), an iterative heuristic algorithm that explores a large search space
by partially destroying and repairing solutions; ILS (Iterated Local Search), an iterative
improvement algorithm that repeatedly applies local search combined with perturbation to
escape local optima; and LNSSA (Large Neighborhood Search with Simulated Annealing
Acceptance), a probabilistic metaheuristic that accepts worse solutions with a certain
probability to avoid being trapped in local optima.

4.2.2. Parameter Settings

Numerical experiments are conducted to compare the benchmark methods with the
proposed HHCRQL algorithm. The experiments involve warehouse cases of different scales,
primarily differing in warehouse demand and the number of warehouses. The location
of each warehouse is adopted from the Solomon R-series instances, and the demand for
each warehouse is randomly generated within the range [0-200]. “number of warehouses:
[a,b]” means that the number of warehouses is randomly selected within the interval [a,b].
The base settings for our algorithms are Gurobi Optimizer version 11.0.3 build v11.0.3rc0
(win64—Windows 11.0 (22631.2)), with a CPU model of the 12th Gen Intel (R) Core (TM)
i5-12400F. The parameters of the algorithms are in Appendix A.

Based on the characteristics of the problem and company requirements, we use total
program running time and total scheduling time (the objective value of MIPL) as evaluation
criteria. Each experiment is repeated ten times to calculate an average value, to mitigate
the impact of occasional outliers.

According to the data in Table 7, in small-scale instances, Gurobi can precisely solve
the model proposed in Section 2 and obtain the optimal solution within an acceptable
time, thereby verifying the correctness of the model. However, when the number of
customer nodes exceeds 15, the commercial solver fails to obtain an optimal solution
within the limited time frame (3600 s). The solutions obtained by the proposed HHCRQL
algorithm consistently remain within 3% of Gurobi’s optimal solutions, fully demonstrating
its superior solution quality. Moreover, HHCRQL consistently outperforms LNS and
LNSSA, and the performance gap widens as the number of customer nodes increases,
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reaching its maximum in scenarios with 3040 customer nodes. In addition, the proposed
HHCRQL algorithm not only achieves excellent solution quality but also demonstrates
stable running time, which is shorter than that of both LNS and LNSSA.

Table 7. Small-scale calculation results.

Instance The Algorithm of the Solution
Number of Gurobi* LNS* LNSSA* HHCRQL* Gap, Gap, Gap;
Warehouses Obij(s) CPU(s) Obij(s) CPU(s) Obij(s) CPU(s) Obij(s) CPU(s) - - 1
[0-5] 910 193.6 1009 0.58 972 0.85 932 0.39 —236%  8.26% 4.29%
[5-10] 1846 1635.5 2034 2.52 1938 0.85 1869 0.66 —1.25%  8.83% 3.69%
[10-15] 4291 2859.7 4542 16.62 4501 23.54 4265 0.82 0.61% 6.49% 5.53%
[15-20] - - 5079 18.41 4872 43.20 4661 1.21 - 8.97% 4.53%
[20-25] - - 7112 49.02 6895 68.52 6589 1.70 - 7.94% 4.64%
[25-30] - - 7616 63.24 7469 79.97 7032 2.15 - 8.30% 6.21%
[30-35] - - 11,839 314.52 11,252 352.3 10,550 297 - 12.22%  6.65%
[35-40] - - 13,859 561.3 13,489 622.4 12,227 3.85 - 13.35%  10.32%
[40,45] - - 14,922 744.2 14,525 754.0 13,149 4.03 - 13.48%  10.46%
[45,50] 16,524 1454.2 16,245 1604.2 14,895 4.35 - 10.94%  9.06%
Gap; = (Objgurobi* - OijHCRQL*)/ Objpcrars % 100%. Gapy = (Obj ng+ — OijHCRQL*)/ Objypcrars ¥
100%. Gaps = (Objixssa+ — Objrscror+ )/ Obirmicrars X 100%.

Table 8 shows that, for large-scale instances, the HHCRQL algorithm significantly out-
performs LS, LNS, and LNSSA in terms of solution quality. Specifically, compared with ILS,
the maximum gap of HHCRQL is reduced by 9.17%, and as the number of customer nodes
increases, the gap remains around 3.5%; compared with LNS, the maximum gap is reduced
by 6.74%, stabilizing around 2.1% as customer nodes increase; compared with LNSSA,
the maximum gap is reduced by 5.95%, stabilizing around 1.5% with increasing customer
nodes. For both small- and large-scale instances, the computational time of Gurobi, LNS,
and LNSSA increases significantly with the number of customer nodes, whereas HHCRQL
maintains relatively stable runtime. Therefore, HHCRQL not only demonstrates superior
solution quality but also exhibits higher practical applicability for large-scale instances,
confirming the effectiveness and robustness of the proposed algorithm.

Table 8. Large-scale calculation results.
Instance The Algorithm of the Solution
Number of ILS LNS LNSSA HHCRQL Gap, Gap, Gapg
Warehouses Obij(s) CPU(s) Obij(s) CPU(s) Obij(s) CPU(s) Obij(s) CPU(s) - - 1
[50,55] 17,366 1595 17,058 1952 16,854 2118 15,908 4.36 9.17% 6.74% 5.95%
[55,60] 18,725 2077 18,450 2105 18,275 2351 17,652 4.78 6.08% 4.33% 3.53%
[60,65] 19,625 2185 19,300 2350 19,216 2745 18,739 541 4.73% 2.91% 2.55%
[65,70] 21,482 2215 21,173 2451 21,102 2785 20,475 5.87 4.92% 3.30% 2.57%
[70,75] 22,041 2237 21,763 2841 21,630 2965 21,037 5.69 4.77% 3.34% 2.82%
[75,80] 23,425 2269 23,156 2894 22,931 3102 22,520 5.47 4.02% 2.75% 1.83%
[80,85] 24,495 2154 24,207 2734 23,997 2941 23,695 491 3.38% 2.12% 1.27%
[85,90] 25,954 2198 25,633 2965 25,413 3210 25,124 5.95 3.30% 1.99% 1.15%
[90,95] 27,658 2184 27,258 2936 27,137 3354 26,710 5.56 3.55% 2.01% 1.60%
[95,100] 28,965 2236 28,496 2812 28,386 3247 27,874 5.72 3.91% 2.18% 1.84%

Gap, = (ObjILS *Obl'HHCRQL) /ObjypcrgL X 100%. Gap, = (ObjLNS - OijHCRQL) /Objypicrar X 100%.
Gapg = (Objjnssa — OijHCRQL)/ OijHCRQL x 100%.

4.3. Convergence and Parameter Sensitivity Analysis

To validate the theoretical soundness and practical robustness of the proposed Q-
learning variant with cumulative reward mechanism, we conducted a series of experiments
focused on algorithm convergence behavior and sensitivity to key parameters, particularly
the learning rate.
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4.3.1. Convergence Analysis

Due to structural differences among the compared algorithms, the Q-learning al-
gorithm involves multiple time steps within each training episode (iteration), whereas
heuristic algorithms such as LNS and LNSSA update the solution only once per iteration.
To ensure comparability of the convergence processes across different algorithms in the plot,
each Q-learning time step is treated as a single iteration unit, to ensure comparability when
plotting the cumulative reward curve. Furthermore, to eliminate differences in initial objec-
tive values or reward magnitudes among the algorithms, all iterative curves are normalized
by mapping the vertical axis of each curve to the [0,1] interval. This design ensures a
unified scale on the horizontal axis and comparability on the vertical axis, allowing readers
to intuitively assess the convergence speed and performance of each algorithm. In addition,
the curves labeled ‘Reward Feasible” and ‘Reward Improvement’ represent variants in
which the cumulative reward mechanism is removed; that is, rewards are assigned only
when a feasible solution is obtained or when an improvement over the current best solution
occurs. Including these variants allows for a clear comparison of the effect of the cumulative
reward mechanism on convergence behavior. Figure 8 presents the normalized iterative
convergence curves of all algorithms. It is evident that the proposed method consistently
converges to superior solutions across multiple runs, with faster convergence and smaller
variance. This demonstrates that the cumulative reward mechanism effectively guides the
learning process, enhancing both stability and solution quality.

1.000 —— Cumulative Reward

| —— Feasible Reward
| —— Reward Improvement
0.975 1 —— LNSSA
LNS
0.950
|
0.925 [

0.900 +

0.875

Relative Time (Normalized)

0.850

0.825 L

0.800

0 50 100 150 200 250 300 350 400
Iteration

Figure 8. The iteration curves of multiple algorithms (relative).

4.3.2. Learning Rate Sensitivity

To analyze the impact of the learning rate « on the algorithm'’s performance, we varied
o within the set {0.1, 0.3, 0.5, 0.7, 0.9} while keeping other parameters unchanged. Each
o value was tested in 10 independent experiments, and the final average objective value
was recorded.

As shown in Figure 9, the learning rate significantly influences convergence behavior.
A too-small « leads to slow learning and long convergence times; however, this does
not mean that a larger « is always better. Experimental results indicate that o« = 0.5 and
o = 0.7 achieve a good balance between convergence speed and solution quality, providing
practical guidance for parameter tuning in similar problems.
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Figure 9. The impact of learning rate oc on convergence behavior (relative).

4.3.3. Theoretical Discussion

The classic Q-learning algorithm is proven to converge to the optimal policy under
conditions including sufficient exploration of the state-action space and appropriate learn-
ing rate schedules. In our approach, the cumulative reward mechanism maintains the
Markov property and preserves the theoretical convergence guarantees by:

Employing an e-greedy exploration strategy to ensure all actions are
explored adequately.

Selecting a fixed learning rate within a theoretically justified range to balance learning
stability and adaptability.

While the cumulative reward design adds complexity, it aligns with the framework
of discounted reward MDPs, and empirical results substantiate its effectiveness without
sacrificing convergence properties.

4.4. Analysis of Driver Workload Balance

In addressing the balance of drivers” workloads, we propose a simple empirical
mechanism. Based on historical data and experience, we set a limit that a driver should not
exceed for the number of tasks, known as A. We will now analyze this parameter further.

When workload balance is not taken into account, the presence of a heterogeneous
fleet leads to two scenarios across different scales: Scenario 1: With ample time, all high-
capacity vehicles are continuously in operation, which means the drivers have no rest. The
advantage is that transportation tasks can be completed more quickly. Scenario 2: Due to an
overwhelming demand, even with all high-capacity vehicle drivers working continuously,
it is impossible to complete all transportation tasks within the time limit. We must mobilize
other vehicles to ensure task completion. After testing, if we consider the constraint of
driver workload balance, in small-scale cases, each driver can reduce their working hours
by an average of 2.88%, and in the other scenario, by an average of 3.98%. Reduced
working hours imply that drivers will be more passionate and creative at work, as shown in
Figure 10. Reduced working hours imply that drivers will be more passionate and creative
at work. In this paper, we use a simple empirical mechanism for driver workload balance,
stipulating that each driver should not exceed three departures while prioritizing the use
of larger vehicles to ensure transportation efficiency. We have questioned this empirical
mechanism and sought to determine the optimal number of departures, A, in different
scenarios. After calculation, it was found that setting A to 3 always yields acceptable overall
performance. It is not difficult to see that A can be represented by the following formula.
Let A represent the actual daily travel time, excluding any time-window constraints, and
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denote the average time required to complete a single trip. Figure 11 illustrates the values
of A under two different scales.
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Figure 10. The impact of workload balance on target values.
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Figure 11. Optimal driver workload across different scales.
4.5. Fleet-Composition Analysis for a Heterogeneous Fleet

All large-capacity vehicles are currently company-owned, whereas all small-capacity
vehicles are crowd-sourced. Fixing the total fleet size at its present maximum, we evaluate
the current scale and composition. As shown in Figure 12, extreme strategies—either a fully
crowd-sourced or a fully owned fleet—are found to incur markedly higher total time costs.
This outcome stems from the negative impact that a bimodal time-varying (BTV) network

exerts on any single vehicle type, thereby confirming the necessity of a heterogeneous fleet
for efficient distribution.
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Figure 12. Heterogeneous fleet-composition analysis.

Further observation reveals that, under small-scale operations, the total distribution
completion time initially decreases and then increases as the proportion of crowd-sourced
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vehicles rises, reaching its minimum when this proportion is approximately two-thirds. In
contrast, under large-scale conditions, the same proportion exhibits an opposite pattern:
total distribution time first increases, then decreases, attaining its minimum at roughly three-
fifths, followed by a renewed upward trend. Waiting time, while generally correlated with
total distribution time, displays markedly higher volatility. Analysis indicates that, within
a bimodal time-varying (BTV) network, crowd-sourced vehicles can indeed be deployed
during both peak and off-peak periods; however, their limited capacity constrains aggregate
throughput. Company-owned, large-capacity vehicles, although temporarily idle during
peak hours, deliver superior transport efficiency once utilized.

4.6. Managerial Implications

Drawing upon the comprehensive sensitivity analyses and empirical results presented
in Sections 4.3 and 4.4, we distill the following evidence-based managerial implications for
urban logistics operators confronting bimodal time-varying networks and heterogeneous
multi-trip fleet environments.

1.  Institutionalize the Driver Trip Limit

Experimental evidence demonstrates that the imposition of a daily trip limit on drivers
exerts a decisive influence on overall distribution efficiency. When total workload is held
constant, either an excessively low or an excessively high ceiling on trip frequency impairs
completion performance. Consequently, the allowable number of trips, A, should be
codified as a non-negotiable, hard constraint within the dispatch system rather than treated
as a flexible aspiration. From a workload perspective, this mechanism enforces a balanced
allocation of effort while embodying a human-centered commitment to driver welfare.

2. Dynamic Fleet Mix Governance

Extreme strategies—whether fully owned or fully crowd-sourced fleets—are consis-
tently sub-optimal. Firms should implement a daily capacity-adjustment mechanism that
dynamically optimizes the owned-to-outsourced ratio based on real-time demand forecasts
and congestion indices. For small-scale operations, crowd-sourced fleets should account for
approximately two-thirds of capacity, scaling to three-fifths in large-scale scenarios. This
ensures minimal total logistics cost while maintaining service resilience.

5. Conclusions

We developed a mixed-integer programming (MIP) model that simultaneously con-
siders traffic peaks, fleet heterogeneity, warehouse capacities, and workload balancing.
The proposed HHCRQL algorithm integrates reinforcement learning with heuristic search
within a Markov Decision Process (MDP) framework, thereby enhancing decision-making
efficiency and effectively avoiding local optima. Extensive experiments demonstrate that
HHCRQL consistently outperforms classical heuristic algorithms, metaheuristics, and com-
mercial solvers in terms of solution quality, convergence speed, and robustness. In particu-
lar, the cumulative reward mechanism significantly improves learning efficiency and solu-
tion stability, offering a reliable approach to complex multi-objective routing optimization.

Despite its strong performance, HHCRQL is currently tailored for offline optimization
and does not yet directly address dynamic or real-time routing variations. In addition, the
experimental settings remain restricted to specific vehicle types and warehouse configura-
tions. Future research could explore integrating HHCRQL with advanced reinforcement
learning frameworks such as DQN, Actor—Critic methods, or Transformer-based RL to
further improve its adaptability and efficiency. Extending the algorithm to B2C hybrid
fleet scenarios and evaluating its robustness under uncertain, dynamic, or real-time en-
vironments would also be valuable directions. Moreover, embedding HHCRQL into
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human-in-the-loop scheduling systems could bridge automated optimization with practical
decision-making, thereby strengthening both its applicability and real-world impact.
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Appendix A

Table Al. Warehouse-related data.

Warehouse Operation Rate
Large Cargo Truck Small Cargo Van
. Loading Rate (Cubic Fixed Time Loading Rate Fixed Time
Serial Number Meters/ (Cubic (Cubic Meters/ (Cubic Meters/
Minute) Meters/Minute) Minute) Minute)

super — hub(0) 1.5 10 1.67 10

1 1 15 1.06 15

2 1 15 1.67 15

3 1.78 15 1.67 15

4 1 15 1.06 15

5 1 15 1.06 15

6 1.78 15 1.48 15

7 1 15 1.06 15

8 1 15 1.06 15

9 1 15 1.06 15

10 1 15 1.06 15

11 1 15 1.06 15

e 1 15 1.06 15

n 1 15 1.06 15

Table A2. Results of HHCRQL for real data instances.

Round Car Task Time Carry
0 0-1-11 330, 400, 777 110
1 0-1-11 330, 400, 777 110
2 0-1-11 330.400.770 110
3 0-1-11 330, 400, 777 110
4 0-1-11 360, 430, 703 45
1 5 0-4-11 360, 430, 697 38.65
6 0-3-11 360, 430, 684 45
7 0-7-11 360, 430, 703 45
8 0-6-8-11 360, 430, 673, 807 21.02
9 0-9-11 360, 430, 696 39.26
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Table A2. Cont.

Round Car Task Time Carry
0 0-1-11 861, 931, 1257 110
1 0-1-11 861, 931, 1257 110
2 0-1-11 861, 931, 1257 110
3 0-1-11 861, 931, 1257 110

2 4 0-1-11 743, 813, 960 45

5 0-5-11 733, 810, 946 33.37
6 0-2-4-10-11 724, 810, 934, 1008, 1098 21.79
7 0-3-11 743, 813, 936 36.3
8 0-2-11 844, 914, 1032 26.54

Algorithm A1 Large Neighborhood Search—Simulated Annealing

LNSSA Algorithm parameters: Initial temperature (Ty), End time (T,,,4), Cooling rate
(o0), Acceptance rate (p)

Input: algorithm parameters

1. initial solution: Greedy strategy

2. update feasible: get feasible solutions

3. while ture:

4. Destroy operation: choose different operation to destroy initial solution
5. Repair operation: choose different operation to repair destroyed solution
6. Swap operation: choose different operation to swap repaired solution

7. if feasible

8. break

9. end while

10. while T > T4

11.  feasible solutions = update feasible (initial solution)

12. Record better solutions and Accept the worse solution with Acceptance rate (p)
13. satisfy criterion

14. END while

15. output: Optimal solution

Table A3. Part of the real data.

Warehouse Demand
1 863.96
2 48.33
3 81.3
4 170.91
5 33.37
6 25.35
7 45.45
8 23.98
9 39.26

10 0.95
11 0
12 0
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Table A4. Parameter setting.

Parameter Demand
Epsilon 0.1
alpha 0.5
gamma 0.9
Max_episodes 20
Max_steps 20
T 1000
T end 10
q 0.8
9 39.26
10 0.95
11 0
12 0
13 0

Appendix B
Appendix B.1. ILS Pseudocode
Function Iterated Local Search(max_iter):
Initialize initial solution: task, car, carry, available
best_task, best_car, best_carry, best_available = feasibility_check(task, car, carry,

available)
best_score = compute_total_time(best_task, best_car, best_carry)

found_feasible = is_feasible(best_task)

For iteration = 1 to max_iter:
iteration_found_feasible = False

For operator in [relocate, swap_nodes, two_opt]:
new_task, new_car, new_carry = operator(best_task, best_car, best_carry,

best_available)
new_task, new_car, new_carry, feasible, new_available = feasibil-

ity_check(new_task, new_car, new_carry, best_available)

If feasible:
iteration_found_feasible = True
score = compute_total_time(new_task, new_car, new_carry)

If score < best_score:
Update best_task, best_car, best_carry, best_available, best_score

found._feasible = found_feasible OR iteration_found_feasible
Return best_task, best_car, best_carry, best_available, best_score, found_feasible

Appendix B.2. Initial Defacilitation Code
function initial_solu(demand, capal75, capa96, available, capavehicle):
task, car, carry, available = single_node_visit(demand, capal75, capa96, available)
task, car, carry, available = save_method(task, car, carry, capavehicle, available)
return task, car, carry, available
#
# Generate Feasible Solution
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#
function updata_feasiblel(taskin, carin, carryin, availablein):

if input solution is None:
task, car, carry, available = initial_solu(demand, capal75, capa96, available,
capavehicle)
else:
deep copy input to task, car, carry, available

max_iterations (Set the number of iterations)

for iteration = 1 to max_iterations:
# Destruction operator
if iteration is even:
task, car, carry, destroy_list, available = destroy_by_load(task, car, carry,
available)
else:
task, car, carry, destroy_list, available = destroy_by_time(task, car, carry,
available)

# Repair operator
if iteration is even:
task, car, carry, destroy_list, available = repair_after_load_destroy(task,
car, carry, destroy_list, available)
else:
task, car, carry, destroy_list, available = repair_by_merge_or_new(task,
car, carry, destroy_list, available)

# Correct carry structure
carry = correct_carry_structure(task, carry)

# Time and feasibility check

time = node_timel(task, car, carry)

task, car, carry, time_list, feasible, available = feasibility(task, car, carry, time,
available)

if feasible:
vehicle_duration = total_time(task, car, time)
return task, car, carry, time, available, True, vehicle_duration

return task, car, carry, time, available, feasible, vehicle_duration
#
# Example of Usage
#
task, car, carry, available = initial solu(demand, capal75, capa96, available, capavehi-

cle)
taskout, carout, carryout, timeout, availableout, feasible = updata_feasiblel(task, car,

carry, available)
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