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Abstract. Reinforcement Learning-based Combinatorial Optimization (RLCO)
has emerged as a powerful alternative to handcrafted heuristics in CO. Most ex-
isting RLCO approaches rely on a monolithic learning agent that is prone to pre-
mature convergence and lack of behavioral diversity. To address this, we propose
Island-DR-ALNS, a novel framework that integrates Deep Reinforcement Learn-
ing with a decentralized island model architecture. Instead of a single agent,
the proposed method deploys a population of heterogeneous agents that coop-
eratively optimize the parameters of the Adaptive Large Neighborhood Search
(ALNS). To increase agents diversity, Negative Correlated Search is incorporated
as a regularization mechanism, which explicitly rewards agents for developing
distinct search policies. Furthermore, we introduce a socially-aware state repre-
sentation that enables agents to contextualize their performance relative to others.
Extensive experiments on the Capacitated Vehicle Routing Problem demonstrate
that Island-DR-ALNS outperforms state-of-the-art baselines. The framework also
exhibits strong generalization capabilities, enabling effective zero-shot transfer to
distinct problems such as TSP and mTSP without retraining.

1 Introduction

In recent years the approach to combinatorial optimization has evolved from manually
engineered heuristics toward Reinforcement Learning-based Combinatorial Optimiza-
tion (RLCO) [6,8,22]. This evolution is driven by the need for adaptive, data-driven
solvers capable of navigating complex problem spaces, such as those in Vehicle Rout-
ing Problems (VRP) or Traveling Salesman Problems (TSP). RLCO methods replace
handcrafted decision rules with learned search policies that can automatically extract
structural features from problem instances [13]. This shift not only reduces the need
for expert knowledge and manual parameter tuning but also enables the discovery of
sophisticated search strategies that traditional heuristics often fail to capture.

However, a significant challenge remains at the heart of the RLCO paradigm: most
current approaches rely on a monolithic learning agent. While these neural models excel
at optimizing a specific search trajectory, they are prone to converging toward determin-
istic, dominant policies. This often leads to a lack of behavioral diversity, with the agent
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effectively “over-specializing” in a particular region of the strategy space, leaving other
potentially superior regions unexplored.

Evolutionary Computation (EC) has addressed the challenge of effective explo-
ration through the use of island-based (multi-deme) models [36,2]. These frameworks
distribute the search across multiple independent populations (islands) to maintain global
diversity and prevent the search from being trapped in local optima. While island mod-
els provide a robust structural mechanism for diversification, they traditionally rely on
static, non-adaptive rules to govern the search within each island.

In this work, we bridge these two domains. The intuition behind this integration
is rooted in a natural synergy: RLCO provides the local information and adaptabil-
ity mechanism, while island models provide the global structure for diversification.
Combining them allows us to move from a single, dominant search policy to a het-
erogeneous population of learners [19]. This framework allows agents to specialize in
distinct regions of the search space or different phases of the optimization process (e.g.,
some focusing on aggressive exploration and others on fine-grained exploitation) with-
out converging into a single, mediocre strategy.

Specifically, using Adaptive Large Neighborhood Search (ALNS) [27] as an under-
lying search mechanism, we introduce Island Deep Reinforcement Learning optimiza-
tion algorithm (Island-DR-ALNS)-a novel framework that fills the above gap. Unlike
the standard single-agent approach (e.g. [26] or [12]), our method employs a population
of heterogeneous agents, each controlling its own local search process. To prevent these
agents from converging to similar behaviors, we incorporate Negative Correlated Search
(NCS) [32] as a regularizer, explicitly rewarding the learning of distinct search policies.
By distributing a computational budget across cooperating islands and facilitating the
exchange of solutions via a migration mechanism, we demonstrate that learned search
policies lead to more robust, high-quality solutions than a single, monolithic controller.

The main contributions of this paper are as follows:

— Multi-Agent Island Architecture for Hyperheuristics. We propose replacing the
monolithic DRL agent with an ensemble of independent learners. We show that
a distributed island model significantly outperforms the single-agent baseline [26]
and other SOTA methods (e.g., DRLH [12]) within the same computational budget.

— Behavioral Diversity via Negative Correlated Search. We integrate an NCS-
based loss function that penalizes policy similarity between agents. We empirically
demonstrate that this forces the emergence of diverse search strategies without man-
ual engineering, leading to higher robustness and solution quality.

— Socially-Aware State Representation. We extend the problem-agnostic state space
of DR-ALNS with social features (e.g., island rank, distance to neighbors), allow-
ing the agents to contextualize their performance relative to the population and
adjust their strategies dynamically.

— Zero-Shot Cross-Problem Transferability. We demonstrate that the learned pol-
icy ensemble generalizes beyond the problem it was trained on. An Island-DR-
ALNS model trained on Capacitated VRP (CVRP) instances can be successfully
applied to TSP or mTSP problems without retraining, achieving competitive re-
sults. It confirms that agents learn generalizable search mechanisms rather than
problem-specific rules.
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2 Related Work

Learning to Search in ALNS. Adaptive Large Neighborhood Search (ALNS), intro-
duced by [27], remains a dominant metaheuristic for routing and scheduling problems.
Its performance relies heavily on the adaptive layer that selects destroy and repair op-
erators. While traditional implementations use handcrafted scoring mechanisms [21],
recent trends have shifted towards replacing these heuristics with data-driven policies,
a paradigm known as Learning to Search (L2S) [33].

Early works, such as [11], utilized Deep Neural Networks to learn repair opera-
tors directly. However, learning low-level actions can be computationally expensive
and problem-specific. A more generalizable approach involves learning high-level deci-
sions (operator selection). The direct predecessor of our work, DR-ALNS [26], employs
a DRL agent to dynamically select operators and adjust parameters (e.g., Simulated
Annealing temperature) based on a problem-agnostic state representation. Similarly,
approaches like DRLH [12] use DRL as a hyper-heuristic controller. These methods
outperform classical ALNS, however they rely on a single agent that tends to converge
to a deterministic policy, potentially getting trapped in local optima regardless of their
search strategy.

Island Models and Cooperative Search. To overcome the limitations of
single-population search, island models partition the population into sub-populations
that evolve independently and interact via migration [36,14]. This setup promotes main-
taining diverse genetic material and enables parallel exploration of different regions of
the search space. It was shown that the way migration is handled (specifically how of-
ten and how much data is migrated) highly affects the results [30,29]. Similarly, [19]
highlighted the trade-offs between topology, migration policies, and the homogeneity
of the islands, proving the efficiency of heterogeneous setups.

The island model was initially used in Genetic Algorithms, and subsequently in
other metaheuristics like Differential Evolution [3] or Particle Swarm Optimization [1].
Modern developments have introduced dynamic setups. Some models use clustering
to better match the problem’s structure [23], while other automatically adjust island
connections and migration rules based on how the population is performing [9,4]. A
recent work [40] proposed a Diversity-driven Cooperating Portfolio of Metaheuristics
(DACPM), demonstrating that heterogeneous islands exchanging solutions based on di-
versity metrics visibly outperform monolithic baselines. This direction was further ex-
tended by the adaptive metaheuristic island assignement [39] and adaptive fitness-and-
diversity based migrations, outperforming traditional fixed-interval migration strate-
gies [41]. However, existing island models rely on predefined metaheuristic portfolios,
rather than employing learning-based agents that adapt to the local search dynamics.

Diversity and Negative Correlated Search. A critical challenge in both EC and RL is
preventing premature convergence. In the context of ensemble learning and population-
based RL, simply running multiple agents in parallel often leads to learning identical or
very similar policies [24]. To address this, explicit diversity preservation mechanisms
are required [7]. Negative Correlated Search (NCS) [32,15], serves as a powerful regu-
larization technique. NCS explicitly penalizes correlations between the behaviors of in-
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dividual learners, facilitating coordinated parallel exploration [37] and encouraging the
population to adapt to different modes of the solution space. This concept has been suc-
cessfully adapted in DRL—in game playing or continuous control-to train diverse pop-
ulations of agents that cooperatively exhibit robust behavior [17]. Furthermore, com-
petitive co-evolution strategies mitigating the few-shots learning challenge [31] and
surrogate-assisted ensembles of solvers [38] have been recently shown to be highly
effective in generating diverse and generalizable parallel algorithm portfolios for com-
binatorial optimization problems.

Novelty of the Proposed Approach. Island-DR-ALNS extends DR-ALNS in the fol-
lowing 3 aspects: (1) It presents a multi-agent approach (compared to single-agent DR-
ALNS); (2) It extends the online learning capabilities of DRL by adding island-based
diversity schemes; (3) While multi-population architectures and NCS are individually
well established, our novelty lies in combining them to mitigate policy homogenization
in RLCO. By integrating NCS into a multi-agent DR-ALNS framework, we propose
the hyper-heuristic that not only learns to configure ALNS online but also enforces a
heterogeneous population of search strategies, combining the adaptability of RL with
the exploration power of diversity-driven island models.

3 Proposed Island-DR-ALNS

Our method (see Figure 1) extends a single-agent approach by introducing a popula-
tion of N heterogeneous agents, denoted as A = {A;,..., Ay }. Each agent controls
an independent ALNS process within a separate population (island). Agents are trained
cooperatively to maximize individual performance while simultaneously maximizing
the behavioral diversity of the entire population through NCS. Unlike traditional evolu-
tionary island models that rely on crossover and mutation, the search within each island
is driven exclusively by the local DR-ALNS agent iteratively refining its solution.

3.1 Island Maintenance

The agent maintains the island population through a Markov Decision Process. Each
agent’s interaction within its specific search environment is defined by the tuple
(S, A, R, P), where S denotes the state space, defined through Island Search Dy-
namics and Social Context (see below); A represents the action space, comprising the
discrete choices for heuristic selection and parameter configuration; R is the reward
function, which provides a scalar feedback signal to guide the agent towards optimal
search behaviors; P signifies the state transition probability function, describing the
likelihood of transitioning to a subsequent state s;; given a state s; and action a;.

State Space. The standard DR-ALNS state space focuses solely on the local search
dynamics, described in the upper part of Table 1. To enable agents to reason about
their relative performance vs. the global population state, we extend the state definition
with social features (lower part of Table 1), which are broadcasted asynchronously to
strictly preserve the non-blocking, parallel execution of the framework. The extended
state definition s; consists of these two groups of features.
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Fig. 1. Island-DR-ALNS framework. The left panel depicts a decentralized population structure
organized in a ring topology, with islands cooperating through a migration mechanism. The right
panel presents the interaction schema between an agent and the respective population, detailing
the local loop where the agent selects an action based on the current search state to iteratively
refine the solution.

Action Space. The action space A follows the configuration of the ALNS heuristics.
At each step ¢, the agent selects a composite action a; consisting of four discrete com-
ponents. To maintain consistency for a fair comparison with the previous single-agent
approach, our framework utilizes the action space defined in DR-ALNS [26]. Further
implementation details can be found in the original work, including: Destroy Operator
(d € £27) - selects a heuristic to remove parts of the solution (e.g., Random Removal,
Worst Removal, Related Removal); Repair Operator (r € 27) - selects a heuristic
to reconstruct the solution (e.g., Greedy Insertion, Regret Insertion); Destroy Severity
(9) - a discrete value (1-10) determining the percentage of the solution to be destroyed
(from 10% to 100%); Acceptance Parameter (7') - the temperature for the Simulated
Annealing (SA) criterion, selected from a discrete set of 50 values.

Reward Function. The reward function R is tailored to the decentralized island archi-
tecture. We implement a hierarchical base reward structure: a reward of +1 is assigned
for finding a solution that improves upon the current individual candidate, 45 for dis-
covering a new best solution within the local island population, and +10 for identifying
a new global best solution across the entire framework. This multi-level feedback en-
sures that agents are motivated for both steady local refinement and significant global
breakthroughs. During training, this base reward is augmented by a diversity term de-
rived from NCS, which explicitly encourages agents to explore distinct regions of the
strategy space and prevents policy homogenization.

3.2 Training via Negative Correlated Search

To ensure behavioral diversity among agents and prevent the population from converg-
ing into a single, homogeneous policy, we utilize the NCS mechanism [32], which ex-
plicitly penalizes similarity between the agent policies.
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Table 1. State space features. The top section lists local (within-island) search dynamics features.
The bottom section introduces social (inter-island) features.

Feature Description

Island Search Dynamics
Best Improved Has the best global solution improved?
Current Accepted Has the last candidate solution been accepted?
Current Improved Is the current solution better than the previous one?
Is Current Best  Is the current solution the best found so far?
Cost Difference  Relative gap between current and best solution objective.
Stagnation Count Number of iterations without improvement.

Social Context (New)
Island Rank (Best) Rank of this island’s best solution within the population.
Island Rank (Avg) Rank of this island’s average population fitness.
Island Distance ~ Normalized distance to the closest neighboring island.
Migration Time  Iterations since the last migration event.

The training objective is to minimize a total loss function L(6;) for each agent ¢
parameterized by 6;, which is a weighted combination of the Proximal Policy Opti-
mization (PPO) loss [28] and the correlation penalty:

L(0;) = Lppo(0i) — AEs~,[Ci(s)] €]

where ) is a regularization coefficient that controls the strength of the diversity pres-
sure. Lppo refers to the standard Proximal Policy Optimization objective [28], which
ensures stable and efficient policy updates by clipping large policy changes to prevent
performance collapse.

The correlation penalty C; for agent 7 is defined as the average distance between its
policy and the policies of all other agents j # i:

Ci= 1 3 Dla, ) @)
J#i

D denotes a distance metric used to quantify the behavioral difference between policies.
This distance is calculated over trajectories consisting of m sequential decision steps.
In each step, an agent observes a state s;, executes an action a;, and transitions to a
new state s;41. D measures the distance between the distributions of actions that given
agents’ policies would perform across all individuals (in all islands) when executing
these sequences. It fosters the emergence of specialized strategies such as aggressive
exploration or fine-grained exploitation.

3.3 Migration Mechanism

Migration is a fundamental component of island-based architectures, acting as a struc-
tural mechanism for global cooperation by facilitating the exchange of high-quality
solutions between isolated sub-populations. While NCS ensures diversity at the level of
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search behavior, migration operates at the level of search results. This dual approach
prevents the population from being trapped in local optima: heterogeneous policies ex-
plore the search space via distinct strategies, while migration ensures that breakthroughs
made by one agent can be exploited by others to re-ignite exploration in stagnant is-
lands. Following the findings regarding the effective migration strategies from [40], we
implemented the following diversity-driven migration strategy (see [40] for details).

— Topology (Where). We employ a Ring topology, where migration occurs exclu-
sively between immediate neighbors. This restricted connectivity enables main-
taining global genetic diversity and preventing the premature convergence, often
occurring in fully connected models.

— Timing (When). Migration is triggered asynchronously based on the internal state
of each island. Specifically, an island initiates a request when it detects a local stag-
nation, defined as k consecutive iterations without improvement of its (local) best
solution. While NCS prevents policy homogenization globally, individual agents
may still converge to isolated local optima within their specific search trajectories,
necessitating migration.

— Content (What). To maintain the structural diversity of the solution pools, we avoid
the greedy selection of the best-fitted individual. Instead, we select a solution that
maximizes a weighted sum of the fitness and contribution to the target island’s
population diversity.

Specifically, the solution x* from the source island P, is selected for migration
to the target island P, as:

¥ = arg max [(1—a) - Fit(z) + a - Div(z, Pyt )]
x src

where Fit(z) represents the normalized fitness of solution x, Div(x, Pi4) denotes
its contribution to the diversity of the target island (calculated as the average dis-
tance to all individuals in P;4), and o € [0, 1] is a weighting coefficient.

This ensures that migrated solutions provide novel information rather than merely
cloning identical structures across the entire framework, which inherently dictates
the diversity and selection pressure of the parallel populations.

3.4 Agent Architecture

Each agent is modeled as a Multi-Layer Perceptron (MLP) with two hidden layers of 64
units and fanh activation functions. The output layer consists of 4 heads (with softmax
function) corresponding to the four discrete action components described in Section 3.1.

4 Experimental Setup

To evaluate the efficacy of the proposed Island-DR-ALNS framework, we conducted
extensive experiments on the CVRP [25,20] - a standard benchmark for RLCO. The
source code is available on the website [42].
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Training Set. The models were trained on procedurally generated CVRP instances with
the number of customers in a range of [20, 150]. Coordinates were sampled uniformly
from the unit square [0, 1]?, and demands were sampled uniformly from {1,...,9}.
This generation process ensures that the agent learns a general search policy rather than
overfitting to specific graph structures.

Test Set. For evaluation, we utilized 15 established benchmark instances from the CVR-
PLIB repository [35,34]. To analyze performance across different complexity levels, we
categorized these instances into three groups of 5 based on the number of customers
(cn): Small (cy, € [20,50]), Medium (c,, € [51,100]), and Large (c,, € [101,150]).

Baselines and Comparison. Our comparison focuses on data-driven and adaptive con-
trol of ALNS to ensure a fair evaluation of the learning component. Consequently, we
excluded general population-based metaheuristics and highly specialized CVRP solvers
that rely on fundamentally different search mechanisms, as introducing entirely differ-
ent underlying operators would make it difficult to separate the impact of handcrafted
local actions from the efficacy of the high-level learning policy. Hence, we compared
our method against the following 4 baselines:

1. ALNS-Vanilla. The standard ALNS implementation (without training) with fixed
parameters based on [27].

2. ALNS-BO. ALNS tuned via Bayesian Optimization using the SMAC3 library [16],
representing a strong, offline-tuned heuristic.

3. DRLH. A Deep Reinforcement Learning Hyper-heuristic framework [12].

4. DR-ALNS. The single-agent state-of-the-art method [26], which serves as a direct
baseline for our multi-agent extension.

Training and Hyperparameters. The agents were trained using the PPO algorithm [28]
augmented by the NCS-based diversity objective. The “Social Context” features (see
Table 1) were updated in real-time, enabling agents to dynamically perceive and react
to the search progress of other agents. Overall, the training process spanned 300,000
steps globally (divided equally among the [V agents to match the single-agent base-
line budget) - 30 search runs x 10* evaluations, where each evaluation triggered a
reward calculation and policy update. The regularization coefficient for NCS was set to
A = 0.2 based on preliminary experiments. For the island model, we utilized N = 6
islands connected in a Ring topology. To quantify the behavioral difference between
policies we used Bhattacharyya distance as a distance metric (D in Eq. 2) with behav-
ior trajectories computed over m = 3 sequential decision steps. While the multi-agent
framework introduces a few additional parameters, it is important to note that they do
not require per-instance tuning. As detailed in the Supplementary Material [42], the
method is robust to these choices and the default configuration generalizes effectively
across different problem sizes and routing variants.

To ensure a fair comparison, all methods were restricted to the same total compu-
tational budget of 10° objective function evaluations. For the island model, the budget
was distributed equally among the /N agents. Detailed discussion of hyperparameter
configurations and their influence on results is reported in the Supplementary Mate-
rial [42].
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Evaluation Metrics and Statistical Analysis. During inference, the learned policies are
fixed, and the agents cooperated solely through migration to collectively solve test in-
stances. We report the performance using the Optimality Gap (%), defined as:

Costarg — Costopt

Gaparg = x 100% 3)

Costopt

where Costgq is the best solution found by the algorithm and Cost,y: is the known
optimal (or best known) solution. Optimality Gap was preferred over raw objective val-
ues, as it provides a scale-independent measure of quality, allowing aggregation across
instances of varying sizes.

To verify the statistical significance of results, we performed the Wilcoxon signed-
rank test with a significance level of p < 0.05. All results reported in the following
section are averages over 20 independent runs with different random seeds. All experi-
ments were conducted on an Intel Xeon Silver 4116 @2.10GHz.

5 Results and Analysis

In this section, we present the performance results of the proposed Island-DR-ALNS
framework. We analyze the solution quality across different instance sizes, examine the
convergence behavior, and validate the contribution of individual components through
an ablation study. Finally, we investigate the generalization capabilities of our agents
across different problem sizes and combinatorial problems (Zero-Shot Transfer).

Main Performance Comparison. Table 2 compares the Island-DR-ALNS against the
baselines on the CVRP test set. To provide a granular analysis, we report the optimality
gap (%) aggregated into three categories: Small, Medium, and Large. Detailed results
for each benchmark instance are presented in the Supplementary Material [42].

Table 2. Comparison of optimality gaps (Eq. 3) on 15 CVRP test instances averaged over 20 runs
per instance and aggregated by category (5 instances per size).. “Computation time” indicates
the average wall-clock time over all instances for the inference (search) process. Best results
are bolded. Detailed per instance results are presented in the Supplementary Material [42]. The
statistical analysis (Wilcoxon signed-rank test with p < 0.05 evaluated per instance across runs

) shows that Island-DR-ALNS yields significantly superior solutions in 11 out of the 15
benchmark instances (2 Small, 4 Medium, and 5 Large) compared to the strongest baseline

(DR-ALNS).
Method Optimality Gap (%) Computation Training
Small Medium Large time [s] time [min]
ALNS-Vanilla 415+048 512+£062 642+0.85 31.2+1.5 0.0+ 0.0
ALNS-BO 3554042 420+051 521 +£068 345421 265.5+ 124
DRLH 210+£031 3.15+£045 450+£058 733+48 14722+45.6
DR-ALNS 145+024 205+031 2714044 634+35 147.6 = 8.2

Island-DR-ALNS 0.85 £ 0.15 1.18 £0.21 1.63+036 784+52 180.3 £ 10.5
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The results demonstrate that Island-DR-ALNS achieves the lowest optimality gap
across all categories, with an average gap of 1.22%, significantly outperforming DR-
ALNS (2.07%). The single-agent DR-ALNS performs relatively well on Small in-
stances, but its performance degrades on larger graphs (the gap increases to 2.71%).

Despite the natural performance decline associated with the problem complexity,
Island-DR-ALNS proves to be a more robust solver, consistently achieving significantly
lower optimality gaps regardless of the instance size. Although the proposed method
introduces a moderate computational overhead in sequential execution, this is a favor-
able trade-off for the substantial improvements in solution quality. Furthermore, the
decentralized island architecture natively supports parallel execution and in practical
deployments running the agents concurrently across multiple threads would effectively
eliminate this wall-clock time difference.

Convergence and Stability To analyze the search dynamics, Figure 2 presents the
training and inference (search) convergence.

14
12 — lIsland-DR-ALNS . —— Island-DR-ALNS
< 108 DR-ALNS <= & DR-ALNS
< e --=ALNS-BO OZ 10 ==z==-DRLH
S 8 Wk e S g \Wi --- ALNS-BO
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Fig. 2. Left: Training convergence of the compared methods. The optimality gap is reported as
the average across all test instances, evaluated periodically throughout the training process. Right:
Search convergence of compared methods (inference phase, after training).

The convergence plots confirm that Island-DR-ALNS reaches lower optimality gaps
in both training and testing performance. Single-agent baselines (DR-ALNS, DRLH)
exhibit faster initial convergence but plateau earlier at sub-optimal levels. This behavior
is not surprising, as distributing the fixed evaluation budget across N islands slows
down the initial per agent experience accumulation, though this diversity ultimately
enables the ensemble to escape local optima and reach a superior final solution.

Beyond convergence speed, we analyzed the stability of the proposed framework,
showing that Island-DR-ALNS exhibits lower optimality gap variance compared to the
single-agent baseline. Specifically, regarding training consistency, the standard devia-
tion of the final gap over 20 independent trainings (across all training instances) dropped
from 0.101 for DR-ALNS to 0.076 for our method. This trend is even more visible in
inference repeatability, where the standard deviation of 20 search processes (averaged
over all test instances) decreased from 0.332 to 0.242. The results confirm that the coop-
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erative population acts as a stabilizing mechanism, mitigating the inherent stochasticity
of DRL and ensuring more predictable performance.

Diversity Analysis. To verify that NCS induces meaningful behavioral diversity rather
than random noise, we analyzed the agents’ policy distributions collected during the
inference phase on the CVRP test instances. Figure 3 visualizes the aggregated action
probabilities (top) and a t-SNE projection [18] of the agents’ action vectors (bottom).

Policy profiles across islands

Island 1 Island 2 Island 3 Island 4 Island 5 Island 6

Policy Components
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Fig. 3. Visualization of the emergent behavioral diversity across the Island-DR-ALNS popula-
tion. The left figure illustrates the selection probabilities for actions, highlighting how different
islands specialize in distinct search tactics (e.g., Island 1 focuses on high-severity exploration
while Island 3 prioritizes low-severity refinement).The right figure shows a t-SNE projection of
the action distributions, confirming that agents occupy non-overlapping behavioral regions due
to the NCS diversity pressure.

The analysis reveals clear emergent specialization. The histograms show that the
agents spontaneously adopt distinct roles, e.g., Island 1 prioritizes High Severity destroy
operators (aggressive exploration), whereas Island 5 favors Low Severity moves (fine-
grained exploitation). This division emerges in the training process and is not hard-
coded. The t-SNE projection confirms this by displaying distinct clusters. The lack of
significant overlap between the clusters indicates that the NCS mechanism successfully
forced the agents to occupy different regions of the strategy space. Island-DR-ALNS
relies on a robust portfolio of heuristics, capable of handling various problem structures
which is a key advantage over the monolithic, single-policy approach.

Ablation Study. To delve deeper into the source of the performance gains, we performed
a step-by-step ablation study (see Table 3). We started with the single-agent baseline and
gradually added our contributions: (1) The Island architecture (without NCS and Social
features), (2) The Diversity objective (NCS), and (3) The Socially-Aware State.

It comes from Table 3 that simply parallelizing the agents into islands (with migra-
tions) but agents training is independent) improves the optimality gap to 1.74% com-
pared to initial 2.07% for the DR-ANLS setup. A similar gain (a gap decrease to 1.37%)
comes from introducing NCS. This confirms that explicit diversity pressure is one of the
key performance drivers. Finally, adding the Social State features (informing the agents
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Table 3. Ablation study. Each row represents a cumulative extension of the previous configuration
with the specified component, culminating in the full Island-DR-ALNS framework. Shaded
cells indicate results that are statistically significantly better relative to the configuration without
the extension (the row above).

Configuration Optimality Gap (%) Time [s]
Baseline (DR-ALNS) 2.07 63.4
+ Islands 1.74 73.3
+ Diversity (NCS) 1.37 75.2
+ Social State (Full Method) 1.22 78.4

about the population performance) further reduces the gap to 1.22%. Note that the "+ Is-
lands’ configuration effectively represents independent DR-ALNS runs, confirming the
performance gain is driven by our explicit diversity mechanisms rather than a multi-start
ensemble effect.

Analysis of Social State Features. To further check the impact of the proposed Socially-
Aware State representation, we conducted a granular ablation study focusing on the four
novel features introduced in Table 1: Island Rank based on best solution (I B), Island
Rank based on population average (I A), Distance to closest island (D), and Time since
last migration (M). We evaluated the contribution of these features using two com-
plementary strategies: Additive Analysis - starting from the standard problem-agnostic
state (denoted as O), we gradually added each social feature one by one to assess its
marginal gain; Subtractive Analysis.: - starting from the full state representation (AL L),
we gradually removed features one by one to measure the performance drop (feature
importance). The Baseline (B) baseline corresponds to the Island model with NCS but
without social context (1.37% gap), while ALL represents the complete version of the
proposed Island-DR-ALNS method (1.22% gap).

Table 4. Impact of individual Social State features on the Optimality Gap (denoted as “Gap”).
The “Baseline” (B) configuration refers to the state definition from standard DR-ALNS, while
IB,IA, D, and M denote the added social features (cf. Table 1).

Additive Strategy ‘ Subtractive Strategy
Config Gap (%) |Config Gap (%)
B 137 |ALL 1.22

B+I1IB 134 |ALL—-1IB 1.24
B+IA 131 |ALL-TA 127
B+D 133 |ALL—-D 1.26
B+M 131 |ALL-M 127

The analysis reveals that while all social features contribute to the performance
improvement, they are not equally significant. In the additive test, including the Rank
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(Avg) (I A) or Migration Time (M) yields the largest initial reduction in the optimality
gap (from 1.37% to 1.31%). This observation is confirmed by the subtractive analysis:
removing either /A or M from the Island-DR-ALNS formulation results in the most
severe performance degradation (gap increases to 1.27%). The results suggest that an
agent’s awareness of its population average quality (relative to others) and the “fresh-
ness” of its genetic pool (time since migration) are the most critical factors.

Generalization and Transferability. A key promise of Learning to Search is the ability
to generalize beyond the training distribution. We evaluate this aspect in two scenarios:
Within-Problem Generalization and Zero-Shot Cross-Problem Transfer. The details re-
garding the experimental setups, including the list of problem instances, and the com-
plete results are provided in the Supplementary Material [42].

Within-Problem Generalization. To assess the robustness of the learned policies, we
evaluated their generalization performance on two problem scales Small (20-50 nodes)
and Large (101-150 nodes) in two directions: Upward (training on Small, testing on
Large) and Downward (training on Large, testing on Small). Table 5 summarizes the
comparative results of Island-DR-ALNS vs. DR-ALNS. In the Upward scenario, while
both methods naturally degrade on unseen larger graphs, Island-DR-ALNS exhibits
better performance (+0.52 vs. +1.14 decay). In the Downward scenario, the single-agent
baseline struggles to adapt its strategies to simpler problems (a gap increases by 0.40),
whereas our ensemble demonstrates only a slight increase of 0.06. The results indicate
that a single agent overfits to the strategies suitable for given graphs sizes, whereas a
diverse ensemble maintains a broader set of heuristics, some of which can potentially
generalize better to different-scale problems.

Table 5. Cross-Size Generalization Results. Left: Upward (Train Small — Test Large). Right:
Downward (Train Large — Test Small). Decay quantifies performance degradation relative to
training and testing on the same instance size.

Upward: Trained on Small Downward: Trained on Large
Method Test: Small Test: Large Decay = Method Test: Large Test: Small Decay
DR-ALNS 1.45 3.85 +1.14 DR-ALNS 271 1.85 +0.40
Island-DR-ALNS 0.88 2.15 +0.52 Island-DR-ALNS 1.63 0.94 +0.06

Cross-Problem Transfer. Next, we evaluated the zero-shot transferability by applying
the model trained on CVRP directly to solving TSP [10] and mTSP (Multiple TSP) [5]
instances, without any fine-tuning. For mTSP, we addressed the Min-Max Single-Depot
variant, which focuses on minimizing the length of the longest route among all sales-
men. While TSP is structurally a subset of CVRP (effectively a single-vehicle problem
with infinite capacity), the Min-Max mTSP objective represents a fundamental shift
from total cost minimization. As detailed in Supplementary Material [42], successfully
adapting to this rigorous test effectively validates the framework’s broader applicability
to distinct routing variants. We compared a model trained directly on the target problem
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(TSP or mTSP, resp.) using the Island-DR-ALNS algorithm, and two models transferred
from CVRP: a single-agent DR-ALNS one and an Island-DR-ALNS one.

Table 6. Zero-Shot Transfer. Gap (%) on TSP and mTSP using a model trained on CVRP.

Configuration TSP gap mTSP gap
Island-DR-ALNS (Trained on the target problem)  0.05 042
DR-ALNS (Transferred from CVRP) 1.12 2.35
Island-DR-ALNS (Transferred from CVRP) 0.35 1.15

The results presented in Table 6 show that the Island-DR-ALNS model trained
on CVRP achieves a gap of 0.35% on TSP and 1.15% on mTSP, which is competi-
tive with specialized heuristics and significantly better than the single-agent transfer
(1.12% and 2.35%, resp.). This suggests that the island population learns universal
“meta-strategies” of local search that are useful across different routing problems.

All improvements of Island-DR-ALNS over DR-ALNS reported in Tables 5 and 6
are statistically significant according to the Wilcoxon signed-rank test (p < 0.05).

6 Conclusions

This work introduces Island-DR-ALNS, a novel multi-agent Deep Reinforcement Learn-
ing framework for the online control of Adaptive Large Neighborhood Search. By re-

placing the traditional monolithic agent with a heterogeneous population of cooperating

learners, the proposed method addresses the critical issue of behavioral diversity loss of-

ten observed in single-agent approaches. The integration of Negative Correlated Search

as an intrinsic diversity objective, coupled with a socially-aware state representation,

enables individual agents to autonomously differentiate their search strategies, leading

to a robust optimization approach.

The extensive evaluation of Island-DR-ALNS on CVRP benchmarks demonstrates
that the method clearly outperforms state-of-the-art baselines, reducing the average op-
timality gap from 2.07% (single-agent DR-ALNS) to 1.22% while maintaining the same
total computational budget. Specifically, as confirmed by the ablation analysis, the ex-
plicit diversity pressure from NCS drives the parallel exploration of disjoint heuristic
spaces, while the socially-aware state and migrations act as complementary exploita-
tion mechanisms, allowing the ensemble to rapidly capitalize on breakthrough solu-
tions without suffering from premature convergence. Furthermore, the learned policies
not only scale effectively to problem instances of different sizes but also exhibit zero-
shot transferability to distinct problems such as TSP and mTSP. This zero-shot transfer-
ability indicates that the island population learns universal, high-level search heuristics
rather than problem-specific strategies.

Limitations A certain limitation of the proposed framework is the increased configu-
ration complexity due to additional hyperparameters.
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