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Abstract

Dynamic routing and distribution network design represent critical challenges in modern
logistics and transportation systems, where decisions must adapt to rapidly changing
environmental conditions and operational constraints. Reinforcement learning (RL) has emerged
as a powerful paradigm for addressing these challenges by enabling autonomous agents to learn
optimal policies through interaction with complex, uncertain environments. This review examines
recent advances in RL applications to dynamic routing problems and distribution network design,
focusing on methodological innovations and practical implementations. The paper explores
fundamental RL algorithms including deep Q-networks (DON), policy gradient methods, and
actor-critic architectures, analyzing their suitability for different routing scenarios. We
investigate how RL approaches handle real-time traffic dynamics, demand uncertainty, and multi-
objective optimization in distribution systems. The review synthesizes findings from recent
literature on hybrid methods combining RL with traditional optimization techniques, multi-agent
RL (MARL) for coordinated routing decisions, and transfer learning strategies for network
adaptation. Key applications examined include vehicle routing problems (VRP), last-mile delivery
optimization, urban traffic management, and supply chain network configuration. This
comprehensive analysis reveals that RL methods demonstrate superior performance in handling
dynamic uncertainties compared to conventional approaches, though challenges remain in
scalability, sample efficiency, and real-world deployment. The paper concludes by identifying
promising research directions including federated RL for privacy-preserving logistics
optimization, graph neural network (GNN) integration for spatial reasoning, and explainable RL
frameworks for decision transparency.
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1. Introduction

The rapid growth of e-commerce, urbanization, and globalized supply chains has intensified the complexity of
routing and distribution network design problems in contemporary logistics systems. Traditional approaches to
these challenges often rely on static optimization models that assume deterministic conditions and fixed network
parameters, failing to adequately capture the dynamic nature of real-world operations where traffic patterns
fluctuate, customer demands evolve, and operational disruptions occur unpredictably [17]. The limitations of
conventional methods have become particularly evident in urban delivery systems, where drivers must navigate
congested streets with time-varying traffic conditions while satisfying strict time windows and capacity
constraints. The emergence of same-day and on-demand delivery services has further amplified these challenges by
requiring routing decisions that adapt in real-time to incoming customer requests and changing operational
conditions [27].

Reinforcement learning (RL) has emerged as a transformative approach to address these dynamic optimization
challenges by framing decision-making as a sequential learning process where intelligent agents improve their
policies through trial-and-error interactions with the environment [87. Unlike supervised learning methods that
require labeled training data representing optimal solutions, RL algorithms learn directly from the consequences of
actions, making them particularly suitable for problems where optimal solutions are unknown or computationally
intractable to obtain. The fundamental RL framework models the decision-making process as a Markov decision
process (MDP), where an agent observes environmental states, selects actions according to a policy, receives
rewards reflecting action quality, and transitions to new states [47]. This formulation naturally accommodates the
temporal dependencies and delayed consequences characteristic of routing and distribution problems, where
current decisions affect future system states and cumulative performance metrics.
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Recent advances in deep reinforcement learning (DRL) have dramatically expanded the scope and effectiveness
of RL applications in logistics optimization by combining neural network function approximation with classical RL
algorithms [57. DON introduced the breakthrough concept of using deep neural networks to approximate action-
value functions, enabling RL agents to handle high-dimensional state spaces that were previously intractable for
tabular methods. Policy gradient approaches, including proximal policy optimization (PPO), have demonstrated
superior performance in continuous action spaces and complex routing scenarios by directly optimizing
parameterized policies [67]. These methodological innovations have enabled RL systems to tackle large-scale
routing problems with hundreds of customers, multiple vehicles, and diverse operational constraints that challenge
traditional optimization techniques. The integration of attention mechanisms and GNN with RL architectures has
turther enhanced the ability of learned policies to process variable-length problem instances and exploit the
structural properties of transportation networks [77.

Distribution network design presents distinct challenges compared to operational routing decisions, as it
involves strategic choices about facility locations, capacity allocations, and network configurations that impact
long-term system performance. RL approaches to network design must balance immediate operational costs with
future flexibility and adaptability to changing market conditions [87]. The ability of RL methods to discover non-
obvious network configurations through exploration has led to innovative solutions that outperform expert-
designed systems in simulation studies and controlled real-world trials. This review paper provides a
comprehensive analysis of RL methodologies applied to dynamic routing and distribution network design,
synthesizing recent advances and identifying key research directions for this rapidly evolving field.

2. Literature Review

The application of RL to routing and distribution problems has evolved significantly over the past five years,
transitioning from proof-of-concept studies on simplified benchmark problems to sophisticated systems handling
real-world operational complexity. Early research primarily focused on adapting classical RL algorithms to small-
scale VRP with limited customers and simple constraint structures, establishing the viability of framing routing
decisions as sequential decision processes [97]. The breakthrough came with the integration of deep neural
networks as function approximators, enabling RL agents to generalize across similar routing configurations and
handle problems with realistic numbers of customers and vehicles. Contemporary research has demonstrated that
DRL approaches can match or exceed the performance of traditional metaheuristics on standard VRP benchmarks
while offering superior adaptability to dynamic changes in problem parameters [107].

The literature reveals several distinct methodological streams addressing different aspects of the routing
challenge. One prominent research direction focuses on attention-based neural architectures that enable RL agents
to process variable-length sequences of customer locations and dynamically focus on relevant subsets of the
solution space [117. The attention mechanism allows the policy network to weigh the importance of different
customers based on their spatial proximity, time window constraints, and current vehicle state, leading to more
informed routing decisions. Research has shown that attention-based RL models can generate high-quality
solutions for traveling salesman problems (TSP) and VRP variants with up to several hundred nodes,
demonstrating computational efficiency that scales favorably compared to exact optimization methods [127]. These
models typically employ encoder-decoder architectures where the encoder processes the problem instance into a
latent representation and the decoder sequentially constructs the routing solution through learned attention
mechanisms [137].

Another significant research stream investigates the integration of GNN with RL to leverage the inherent
graph structure of routing problems. Transportation networks naturally form graphs where nodes represent
customer locations or distribution centers and edges encode travel costs or connectivity constraints [147]. GNN
provide an inductive bias that allows RL agents to reason about spatial relationships and exploit symmetries in the
problem structure, leading to improved sample efficiency and generalization performance. Recent work has
demonstrated that GNN-based RL approaches can learn routing policies that transfer effectively across problem
instances of different sizes and network topologies, addressing a key limitation of earlier neural approaches that
required retraining for each problem scale [157]. The combination of GNN with actor-critic methods has proven
particularly effective, with the GNN serving as a shared feature extractor that provides structured state
representations to both the policy and value networks [167].

The challenge of handling time-dependent and stochastic elements in dynamic routing has motivated extensive
research on model-free RL approaches that learn directly from environmental interactions without requiring
explicit models of traffic dynamics or demand distributions. PPO has emerged as a preferred algorithm for dynamic
routing applications due to its stability, sample efficiency, and ability to handle continuous state-action spaces [177].
Studies have shown that PPO-trained routing policies can adapt to real-time traffic updates and make rerouting
decisions that minimize total travel time while maintaining service quality commitments. The robustness of these
learned policies to distributional shift, where test conditions differ from training scenarios, remains an active area
of investigation with recent work exploring domain randomization and adversarial training techniques to improve
out-of-distribution performance [187].

MARL has attracted substantial research attention for coordinated fleet routing problems where multiple
vehicles must collaborate to serve customer demands efficiently while avoiding conflicts and balancing workloads
[197]. The MARL framework extends single-agent RL to settings with multiple decision-makers, introducing
challenges related to non-stationarity, credit assignment, and scalability. Centralized training with decentralized
execution has emerged as an effective paradigm for multi-vehicle routing, where agents learn coordinated policies
during training with access to global state information but execute actions independently based on local
observations during deployment [207]. This approach addresses the partial observability and communication
constraints typical of real-world fleet operations while maintaining the benefits of coordinated optimization. Recent
research has demonstrated that MARL methods can discover emergent coordination behaviors such as spatial
partitioning, where vehicles implicitly divide the service area into territories, and temporal load balancing, where
agents adjust their speeds to prevent clustering at popular locations [217].
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The literature on RL for distribution network design addresses longer-term strategic decisions compared to
operational routing problems, focusing on facility location, capacity planning, and network topology optimization
under uncertainty [227]. Classical approaches to network design typically formulate the problem as mixed-integer
programming with deterministic or scenario-based representations of future conditions. RL offers an alternative
paradigm where network configuration decisions are learned through simulation of multi-period operations,
allowing the agent to discover network structures that perform robustly across diverse demand realizations and
disruption scenarios [237]. Research in this area has explored hierarchical RL frameworks where high-level policies
determine network configurations and low-level policies optimize daily operations given the established network
structure. This decomposition enables tractable learning in problems with very long planning horizons where
direct application of flat RL would suffer from excessive temporal credit assignment challenges [24].

Transfer learning and meta-learning approaches have gained prominence in recent RL research for routing and
distribution problems, addressing the sample inefficiency that limits practical deployment [257. Transfer learning
enables RL agents trained on synthetic or simulated problems to quickly adapt to real-world instances through
fine-tuning with limited real data. Meta-learning trains RL policies that can rapidly adapt to new problem
instances with minimal additional training, effectively learning generalizable routing strategies rather than
instance-specific solutions [267]. Studies have demonstrated that meta-learned routing policies achieve competitive
performance on novel problem instances after only a few gradient updates, dramatically reducing the
computational cost of deployment. The combination of meta-learning with model-based RL has shown particular
promise, where the agent learns both a dynamics model of the routing environment and an adaptation strategy that
leverages this model for fast policy improvement [277].

Hybrid approaches combining RL with traditional optimization methods represent a pragmatic research
direction that leverages the complementary strengths of both paradigms [287]. One successful hybrid strategy uses
RL to learn heuristic construction procedures that can be integrated into local search frameworks, where the RL
component generates initial solutions and classical optimization techniques perform refinement. Another approach
employs RL to learn variable selection and branching strategies within branch-and-bound algorithms for exact
VRP solution, accelerating the search process while maintaining optimality guarantees [297]. Research has shown
that such hybrid methods often outperform pure RL or pure optimization approaches by combining the adaptability
of learned policies with the theoretical guarantees and worst-case performance bounds of mathematical
programming.

The evaluation of RL methods for routing and distribution problems presents methodological challenges that
have received increasing attention in recent literature [307]. Standard benchmark instances such as Solomon's VRP
datasets provide controlled evaluation environments but may not capture the full complexity of real-world
operations including dynamic customer requests, traffic uncertainties, and multi-objective trade-ofts. Researchers
have responded by developing more realistic simulation environments that incorporate historical traffic data,
stochastic demand patterns, and operational constraints drawn from industry partnerships [317]. The question of
appropriate baseline comparisons remains contentious, with debates about whether RL methods should be
evaluated against classical heuristics, state-of-the-art metaheuristics, or commercial optimization solvers, each
representing different points on the spectrum of solution quality versus computational efficiency. Recent work has
advocated for multi-dimensional evaluation frameworks that assess RL approaches across metrics including
solution quality, computational time, adaptation speed, robustness to uncertainty, and implementation complexity
[327].

Explainability and interpretability of learned routing policies have emerged as critical concerns for practical
deployment, particularly in safety-critical applications and regulated industries where decision transparency is
required [337]. While RL policies based on deep neural networks can achieve impressive performance, their black-
box nature limits stakeholder trust and hinders debugging when policies produce unexpected behaviors. Research
on explainable RL for routing has explored techniques including attention visualization to reveal which problem
teatures influence routing decisions, policy distillation to extract interpretable decision rules from complex neural
policies, and counterfactual analysis to understand how routing decisions would change under alternative scenarios
[347]. The development of inherently interpretable RL architectures represents an alternative approach that
sacrifices some representational power for enhanced transparency.

The integration of RL with emerging technologies including Internet of Things sensors, 5G communication
networks, and edge computing infrastructure is reshaping the landscape of dynamic routing and distribution
optimization [357]. Real-time data streams from connected vehicles, smart infrastructure, and mobile devices
provide rich information about traffic conditions, demand patterns, and operational status that RL agents can
exploit for improved decision-making. However, the volume and velocity of this data introduce challenges related
to state representation, where RL agents must selectively attend to relevant information while filtering noise and
managing communication constraints [36]. Recent research has investigated federated RL approaches where
multiple RL agents operating in different geographic regions collaboratively learn routing policies while
preserving data privacy, enabling knowledge transfer without centralizing sensitive operational data.

3. Reinforcement Learning Methodologies for Routing Optimization

The foundation of RL approaches to routing optimization rests on the mathematical framework of MDP, which
provides a formal structure for modeling sequential decision problems under uncertainty. As shown in Figure I,
the state space encompasses all relevant information about the current system configuration including vehicle
positions, remaining customer demands, time elapsed, traffic conditions, and vehicle capacities. The action space
defines available routing decisions such as selecting the next customer to visit, choosing a route through the
transportation network, or deciding whether to return to the depot for refueling or reloading. The reward function
encodes the optimization objectives, typically including components that penalize travel time, fuel consumption,
and constraint violations while rewarding successful customer service and timely deliveries [37]. The transition
dynamics capture how the system evolves in response to routing actions, incorporating deterministic elements such
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as vehicle movement according to road network structure and stochastic components such as traffic delays and
unexpected customer requests.
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Figure 1. Markov Decision Process Framework for Dynamic Vehicle Routing.

Value-based RL methods including Q-learning and its deep learning extension DQN form one major category
of approaches applied to routing problems. These methods learn action-value functions that estimate the expected
cumulative reward for taking a particular action in a given state and following the current policy thereafter [387].
The action-value function enables action selection by choosing the action with the highest estimated value at each
decision point. DON addresses the scalability limitations of tabular Q-learning by using deep neural networks to
approximate the action-value function, allowing generalization across similar states and handling high-dimensional
continuous state spaces. The key innovations of DON include experience replay, where transitions are stored in a
memory buffer and randomly sampled for training to break temporal correlations, and target networks, which
stabilize learning by maintaining a separate network for computing target values during updates [397. For routing
applications, DQN-based approaches have demonstrated effectiveness in learning policies for problems with
discrete action spaces, such as selecting the next customer to visit from a finite set of options.

Policy gradient methods represent an alternative approach that directly optimizes the policy parameters to
maximize expected cumulative reward without explicitly learning value functions [407]. These methods compute
gradients of the expected return with respect to policy parameters and update the policy in the direction that
increases expected performance. The policy gradient theorem provides the theoretical foundation for these methods
by deriving an unbiased gradient estimator that can be computed from sampled trajectories. Actor-critic methods
combine the benefits of value-based and policy gradient approaches by maintaining both a policy network and a
value network, where the value network provides low-variance estimates of returns used to guide policy updates
[417. The actor-critic architecture has proven particularly effective for routing problems because the value
network can learn to predict the quality of partial routes, providing informative feedback signals for policy
improvement even before routes are completed.

PPO has emerged as one of the most widely adopted policy gradient algorithms for routing applications due to
its robust performance across diverse problem settings and relative simplicity of implementation [427]. PPO
addresses the challenge of determining appropriate step sizes for policy updates by introducing a clipped surrogate
objective that prevents excessively large policy changes that could destabilize learning. The algorithm alternates
between collecting trajectory data using the current policy and performing multiple epochs of optimization on this
data using mini-batch gradient descent. IFor routing problems, PPO enables learning of stochastic policies that can
naturally handle exploration by sampling actions from probability distributions over customers rather than
deterministically selecting the highest-valued action. This exploration capability is crucial for discovering diverse
routing strategies and avoiding premature convergence to suboptimal solutions.

Attention mechanisms have revolutionized neural architectures for routing optimization by enabling RL agents
to dynamically focus computational resources on the most relevant parts of the problem instance [437. The
attention mechanism computes compatibility scores between a query vector representing the current decision
context and key vectors representing available actions or problem features, using these scores to generate a
weighted combination of value vectors that informs the routing decision. For VRP applications, the attention
mechanism allows the policy network to selectively attend to nearby customers, customers with tight time
windows, or customers that would complete profitable clusters when determining the next node to visit. Multi-
head attention extends this concept by computing multiple attention patterns in parallel, enabling the model to
simultaneously consider different routing criteria such as distance, time constraints, and vehicle capacity. The
transformer architecture, built entirely from attention layers, has achieved state-of-the-art results on numerous
routing benchmarks by processing the entire problem instance in parallel and generating routing solutions
through autoregressive decoding [44].

GNN provide a natural framework for encoding the spatial structure of transportation networks and customer
distributions in RL policies for routing [457]. These networks operate on graph-structured data by iteratively
aggregating information from neighboring nodes through message passing operations, allowing each node to
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develop representations that capture both local connectivity and global network properties. For routing
applications, GNN can process graphs where nodes represent customers or locations and edges encode distances,
travel times, or road network connectivity. The permutation invariance property of GNN architectures ensures
that the learned routing policies produce consistent decisions regardless of the arbitrary ordering used to represent
customer lists, promoting better generalization across problem instances. Recent architectures combine GNN for
spatial reasoning with recurrent or attention mechanisms for sequential decision-making, creating hybrid models
that leverage both the structural inductive biases of graphs and the temporal reasoning capabilities needed for
route construction [467].

Model-based RL approaches learn predictive models of the routing environment dynamics and use these
models for planning or policy learning [477]. In routing applications, model-based methods can learn to predict
traffic conditions, customer demand patterns, or the effects of routing decisions on system states. Once learned,
these models enable the agent to simulate potential action sequences and evaluate their outcomes before
committing to decisions in the real environment. Model predictive control represents one instantiation of this
approach where the learned model is used within a receding horizon optimization framework to generate routing
plans that are periodically replanned as new information becomes available. The primary advantage of model-based
RL for routing is improved sample efficiency, as the agent can learn from simulated experience generated by the
model rather than requiring extensive interaction with the real environment [487. However, model-based
approaches face challenges when environment dynamics are complex or stochastic, as model errors can accumulate
and lead to suboptimal policies.

Table 1 summarizes the representative RL families used for routing optimization and highlights their practical
trade-offs. Value-based methods such as DON are often effective when routing actions are naturally discretized
(e.g., selecting the next node), whereas policy-gradient and actor—critic approaches (e.g., PPO and A3C) tend to be
more stable under stochastic dynamics and continuous control settings. The table also emphasizes that attention-
based policy networks improve scalability to variable-size instances by focusing computation on the most relevant
customers, while hybrid approaches can combine learning-based adaptability with optimization-based guarantees.
Overall, this comparative view helps position algorithm selection as a function of action-space structure,
uncertainty level, and operational constraints.
Table 1 Comparative Analysis of RL Algorithms for Routing Optimization.

Table 1. Com

arative Analysis of Reinforcement Learning Algorithms for Routing Optimization.

Algorithm Type Key Strengths for | Limitations Performance Application
Routing Metrics Domains
Deep Q- | Value- Discrete action | Limited to discrete | 92-95% optimality on | Static TSP, small-
Network (DQN) | based spaces; stable | customer selections; | TSP-100; 18—22 min | scale VRP,
convergence; struggles with large | training time per | delivery zone
experience  replay | action spaces (>500 | epoch; handles up to | assignment
enables data | nodes) 200 customers
efficiency effectively
Proximal Policy | Policy Continuous  state- | Requires more | 15-20% improvement | Dynamic VRP,
Optimization Gradient action spaces; robust | samples than value- | over greedy heuristics | ride-sharing, real-
(PPO) across problem | based methods; | in dynamic VRP; 96— | time rerouting
variants; handles | hyperparameter 98% fill rate; 25—-30%
stochastic dynamics | sensitivity reduction in deadhead
well miles
Asynchronous Actor- Parallel training | Complex 40-50% faster | Multi-vehicle
Advantage Critic accelerates learning; | implementation; convergence than | coordination, fleet
Actor-Critic balances exploration | requires multi-core | single-threaded management,
(AsC) and exploitation | infrastructure; methods; 94-96% | large-scale
eftectively gradient interference | solution quality; | networks
in parallel updates scales to 8—16 parallel
agents
Soft Actor- | Actor- Maximum entropy | Computational 97-99% optimality on | Autonomous
Critic (SAC) Critic (Off- | framework overhead from dual Q- | continuous  control | vehicle  routing,
policy) promotes networks; less | tasks; 30-35% better | continuous  path
exploration; sample | interpretable policies sample efficiency than | planning, energy-
efficient; stable in PPO; 12-15% cost | aware routing
high-dimensional reduction
spaces
Attention-based | Hybrid Handles  variable- | High memory | 98-99% optimality on | TSP variants,
Policy (Policy  + | length instances; | requirements; TSP-100; generalizes | CVRP, pickup-
Networks Attention) | transfer learning | attention computation | to TSP-500 at 95— | delivery problems,
across problem | scales O(n®); training | 97% quality; 8—12 sec | multi-depot
sizes; interpretable | instability with very | inference time; | routing
attention weights large instances reduces training
samples by 60—-70%
Graph  Neural | Hybrid Exploits graph | Requires graph | 93-97%  optimality | Network design,
Network + RL | (GNN  + | structure; representation design; | across varied | spatial routing,
Actor- permutation message passing | topologies; zero-shot | infrastructure-
Critic) invariant; excellent | overhead, limited | transfer achieves 85— | dependent
generalization theoretical guarantees | 90% performance; 45— | problems
across network 55% faster than non-
topologies GNN baselines
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4. Applications in Dynamic Routing and Distribution Network Design

The application of RL to dynamic VRP represents one of the most extensively studied areas within routing
optimization, addressing scenarios where customer requests arrive dynamically and routing decisions must be
made in real-time without complete knowledge of future demands. Dynamic VRP introduces fundamental
challenges compared to static variants because optimal routes cannot be precomputed and must instead adapt
continuously as new information becomes available [497. RL naturally accommodates this dynamic setting by
learning policies that map current system states, including vehicle locations and known customer requests, to
routing actions that optimize expected long-term performance. Recent research has demonstrated that RL-based
approaches for dynamic VRP can outperform traditional reactive heuristics by anticipating future demand patterns
and positioning vehicles strategically in high-demand areas [507. The ability to learn from historical demand data
enables RL agents to develop sophisticated anticipatory strategies that balance immediate service requirements
with maintaining flexibility for future requests.

Last-mile delivery optimization has emerged as a critical application domain for RL-based routing due to the
operational complexities and high costs associated with urban delivery operations. Last-mile delivery involves
numerous challenging factors including dense customer distributions, time window constraints, traffic congestion,
parking limitations, and diverse package sizes requiring different vehicle types [517]. RL approaches to last-mile
optimization have explored multi-objective formulations that simultaneously minimize delivery costs, maximize
customer satisfaction through on-time delivery, and reduce environmental impact through route efficiency. The
integration of real-time traftic data and predictive models of congestion patterns enables RL agents to dynamically
reroute delivery vehicles to avoid delays and maintain schedule adherence. Recent pilot deployments have shown
that RL-based delivery routing systems can reduce total travel distance by fifteen to twenty percent compared to
human-planned routes while improving on-time delivery rates [527.

Ride-sharing and on-demand transportation services present unique routing challenges that align well with RL
solution approaches. These services must continuously match incoming customer requests to available vehicles
while considering passenger preferences, driver locations, traffic conditions, and service quality metrics such as
wait times and detour distances [537]. RL formulations for ride-sharing typically model each vehicle as an agent
that learns a policy for accepting or rejecting ride requests and selecting routes that serve multiple passengers
efficiently. The sequential nature of these decisions, where early choices affect subsequent opportunities and system
state evolution, makes RL particularly suitable compared to myopic matching algorithms that optimize each
decision independently. Research has shown that MARL approaches where vehicles coordinate implicitly through
learned policies can achieve system-wide efficiency improvements of twenty to thirty percent in terms of passenger
wait times and vehicle utilization compared to decentralized greedy strategies [54].

Autonomous vehicle routing introduces additional considerations related to energy management, safety
constraints, and coordination with human-driven vehicles in mixed traffic environments. RL provides a framework
for learning driving policies that simultaneously address navigation, obstacle avoidance, and route optimization
objectives [557. The continuous state and action spaces characteristic of vehicle control problems necessitate the
use of actor-critic methods or policy gradient algorithms capable of handling high-dimensional continuous
domains. Recent work has explored hierarchical RL architectures for autonomous delivery vehicles where high-
level policies make routing decisions about which customers to visit in what order while low-level policies handle
the detailed motion planning and control needed to execute these routes safely. The ability of RL to learn from
both simulation and limited real-world experience through transfer learning techniques has proven crucial for
developing robust autonomous routing systems [56].

Distribution network design optimization using RL addresses strategic decisions about facility locations,
capacities, and connections that determine the structure of supply chain networks. Traditional approaches
formulate network design as mixed-integer programs that optimize expected costs under scenarios representing
tuture demand and cost parameters [57]. RL offers an alternative that learns network design policies through
simulation of long-term operations, enabling the discovery of network configurations that perform robustly across
diverse future realizations rather than optimizing for specific scenarios. Recent research has applied RL to multi-
echelon network design problems where decisions involve selecting warehouse locations, allocating capacities, and
establishing transportation links between facilities. The RL agent learns to evaluate network configurations based
on their operational performance simulated over extended time horizons, internalizing trade-offs between fixed
infrastructure costs and variable operational expenses [587].

Figure 2 illustrates an RL-optimized multi-echelon distribution network and serves as a concrete example of
how RL can support long-horizon, strategic supply chain decisions. The visualization highlights the hierarchical
flow from upstream suppliers to distribution centers, warehouses, and downstream customer zones, where the
learned policy implicitly balances fixed infrastructure choices with operational considerations such as inventory
positioning and shipment routing. By visualizing connectivity and flow intensity across echelons, the figure helps
interpret how RL-based design can improve system-wide performance (e.g., service levels and inventory turnover)
under demand variability, compared with static scenario-driven network planning.

Inventory positioning and allocation within distribution networks represents another application area where
RL demonstrates advantages over conventional approaches. The challenge involves determining optimal inventory
levels at different network locations to balance holding costs against stockout risks under uncertain demand [597].
RL formulations treat inventory decisions as sequential actions taken periodically in response to observed demand
patterns and current inventory states. The ability to learn policies that adapt inventory levels dynamically based on
seasonal trends, promotional activities, and regional demand correlations enables more responsive supply chain
operations compared to static safety stock policies derived from analytical models. Research has demonstrated that
RL-based inventory policies can reduce total inventory holding costs by ten to fifteen percent while maintaining or
improving service levels compared to conventional base stock policies.

Figure 2. Visualization of a Multi-Echelon Distribution Network Optimized Using RL.
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Figure 2. Multi-Echelon Distribution Network Optimized Using Reinforcement Learning

5. Challenges and Future Directions

The scalability of RL approaches to large-scale routing and network design problems remains a fundamental
challenge limiting broader practical adoption. While recent advances have enabled RL methods to handle problem
instances with several hundred decision variables, many real-world applications involve thousands of customers,
hundreds of vehicles, and complex constraint structures that strain current algorithmic capabilities [607]. The
computational complexity of RL training scales unfavorably with problem size due to the exponential growth of
the state-action space and the sample requirements for policy learning. Future research must develop more efficient
RL architectures and training procedures that can handle enterprise-scale routing problems without prohibitive
computational costs. Hierarchical decomposition strategies that break large problems into smaller subproblems,
each addressed by specialized RL agents operating at different temporal or spatial scales, represent one promising
direction for achieving scalability.

Sample efficiency poses another critical challenge for deploying RL in real-world routing applications where
extensive trial-and-error learning in live operational environments is infeasible due to costs, safety concerns, and
service quality requirements. Current RL algorithms typically require millions of environment interactions to learn
effective policies, corresponding to years of simulated operational experience. While simulation-based training can
generate synthetic experience rapidly, sim-to-real transfer remains problematic when simulated environments fail
to capture all relevant aspects of real-world complexity. Future research directions include developing better
domain randomization techniques that expose RL agents to diverse simulated scenarios encompassing the full
range of conditions encountered in practice, investigating meta-learning approaches that enable rapid adaptation to
new problem instances with minimal additional training, and exploring hybrid methods that combine RL with
traditional optimization to leverage existing domain knowledge and reduce learning requirements.

The interpretability and explainability of learned routing policies represents an increasingly important
research challenge as RL systems move toward deployment in consequential applications. Deep neural network
policies that achieve state-of-the-art performance on routing benchmarks often function as black boxes whose
decision-making logic is opaque to human operators and stakeholders. This opacity creates difficulties for
debugging when policies produce unexpected behaviors, limits trust and acceptance among users accustomed to
understanding why particular routing decisions are made, and poses regulatory challenges in domains requiring
decision transparency. Future work should explore architectures that balance performance with interpretability,
such as attention mechanisms that provide insights into which problem features influence decisions, policy
distillation approaches that extract simplified rule-based approximations of complex neural policies, and hybrid
systems where RL learns components of routing algorithms whose overall logic remains interpretable.

The robustness of RL policies to distribution shift and adversarial conditions requires further investigation
before deployment in safety-critical routing applications. Learned policies may perform excellently during training
and testing on historical data but fail catastrophically when confronted with novel scenarios not represented in
training distributions. Adversarial examples where small perturbations to inputs cause large changes in policy
outputs pose particular concerns for routing applications where malicious actors might manipulate traffic data or
customer requests to disrupt operations. Research directions for improving robustness include adversarial training
where policies are exposed to intentionally challenging scenarios during learning, certified robustness approaches
that provide formal guarantees about policy behavior under bounded input perturbations, and ensemble methods
that combine multiple learned policies to improve reliability through diversity.

The integration of RL with other artificial intelligence technologies including computer vision, natural
language processing, and knowledge representation offers opportunities for more capable routing systems.
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Computer vision enables autonomous vehicles to perceive their surroundings and make routing decisions informed
by real-time visual observations of traffic conditions, road hazards, and parking availability. Natural language
processing allows routing systems to interpret free-text customer instructions and preferences, incorporating soft
constraints that traditional optimization models struggle to formalize. Knowledge graphs can represent domain
expertise about routing best practices, regulatory requirements, and operational constraints in structured forms
that guide RL exploration and improve sample efficiency. Future research should investigate architectures that
effectively combine these complementary technologies to create comprehensive intelligent routing systems.

Federated and distributed RL approaches represent important future directions for scenarios where multiple
organizations or geographic regions must coordinate routing decisions while preserving data privacy and
operational autonomy. Centralized RL training that pools data from all participants may be infeasible due to
competitive concerns, regulatory restrictions, or communication bandwidth limitations. Federated RL enables
collaborative policy learning where participants train local models on their proprietary data and share only model
updates rather than raw data. Distributed RL coordinates multiple agents learning simultaneously in different
parts of the problem space, enabling parallelization that accelerates training while respecting organizational
boundaries. Research challenges include developing communication-efficient federated RL algorithms suitable for
routing applications, ensuring learned policies generalize across the heterogeneous data distributions of different
participants, and addressing incentive compatibility to encourage truthful participation.

The environmental sustainability of transportation and logistics operations has become an urgent societal
priority, creating opportunities for RL to contribute to green routing and network design. Traditional routing
objectives focused exclusively on cost minimization may produce solutions with high environmental impacts
through excessive fuel consumption, empty vehicle miles, or inefficient consolidation. Multi-objective RL
formulations can balance economic efficiency with environmental metrics including carbon emissions, air quality
impacts, and noise pollution. Research should investigate how RL can discover innovative routing strategies that
achieve superior environmental performance, such as coordinating with renewable energy availability for electric
vehicle charging or dynamically consolidating shipments to reduce transportation intensity. The long-term
temporal horizons and complex trade-offs inherent in sustainability optimization align well with RL's strengths in
sequential decision-making under uncertainty.

6. Conclusion

This review has provided a comprehensive analysis of RL approaches to dynamic routing and distribution
network design, examining methodological foundations, application domains, and future research directions in this
rapidly evolving field. The fundamental advantage of RL for routing optimization stems from its ability to learn
adaptive policies through environmental interaction, naturally accommodating the sequential decision-making
structure and dynamic uncertainties characteristic of real-world logistics operations. Recent advances in DRL,
including attention mechanisms, GNN architectures, and sophisticated policy optimization algorithms, have
dramatically expanded the scale and complexity of routing problems amenable to RL solution methods. These
technical innovations have enabled RL approaches to match or exceed the performance of traditional optimization
techniques on standard benchmarks while demonstrating superior adaptability to changing operational conditions.

The literature review revealed several mature research streams addressing different aspects of routing
optimization through RL, from attention-based architectures for sequential route construction to MARL
frameworks for coordinated fleet management. The integration of GNN with RL has proven particularly eftective
by providing inductive biases that capture the spatial structure of transportation networks and enable
generalization across problem instances of varying scales. Hybrid approaches combining RL with classical
optimization methods have demonstrated that leveraging the complementary strengths of learned policies and
mathematical programming can achieve performance exceeding either approach individually. Transfer learning and
meta-learning techniques have begun addressing the sample efficiency challenges that previously limited practical
deployment, enabling rapid adaptation of learned policies to new problem instances with minimal additional
training.

Applications of RL to routing and distribution problems span operational and strategic decision contexts, from
real-time vehicle routing under dynamic customer requests to long-term network design determining facility
locations and capacity allocations. The demonstrated success in domains including last-mile delivery, ride-sharing
optimization, and autonomous vehicle routing provides evidence of practical viability while highlighting
implementation considerations regarding computational requirements, data availability, and integration with
existing operational systems. The ability of RL methods to optimize complex multi-objective functions
incorporating cost efficiency, service quality, and environmental sustainability positions these approaches as
valuable tools for addressing contemporary challenges in transportation and logistics.

Despite substantial progress, significant challenges remain before RL becomes widely adopted for production
routing and network design systems. Scalability to enterprise-scale problems involving thousands of decision
variables requires continued algorithmic innovation in architectures and training procedures. Sample efficiency
must improve to enable learning from limited real-world experience rather than requiring extensive simulation-
based training. Interpretability and explainability of learned policies need enhancement to build stakeholder trust
and satisfy regulatory transparency requirements. Robustness to distribution shift and adversarial conditions
requires further investigation to ensure reliable performance across the full range of operational scenarios.
Addressing these challenges through the research directions outlined in this review will advance RL-based routing
systems toward broader practical impact.

The convergence of RL with emerging technologies including Internet of Things sensor networks, 5G
communications infrastructure, and edge computing platforms creates new opportunities for intelligent routing
systems that leverage real-time operational data for adaptive decision-making. Federated RL approaches enable
collaborative learning across organizational boundaries while preserving data privacy, potentially transforming
how logistics providers coordinate operations in shared transportation networks. The integration of RL with
sustainability objectives positions these methods to contribute meaningfully to environmental goals while

18

© 2026 by the authors; licensee Eastern Centre of Science and Education, USA



Asian Business Research Journal, 2026, 11(3): 11-20

maintaining economic efficiency. As algorithmic capabilities continue advancing and computational resources
become increasingly accessible, RL approaches to routing and distribution optimization will likely see accelerating
adoption across diverse application domains, fundamentally reshaping how transportation and logistics systems are
planned and operated.
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