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Abstract
The Capacitated Vehicle Routing Problem (CVRP) is a fun-
damental combinatorial optimization challenge with broad
industrial relevance. Classical metaheuristics such as Simu-
lated Annealing (SA) offer asymptotic convergence guaran-
tees but suffer from inefficient random neighborhood explo-
ration. Conversely, recent deep learning approaches generate
solutions rapidly but often struggle to generalize beyond the
instance sizes encountered during training. In this paper, we
bridge this gap by proposing Learning-Guided Simulated An-
nealing (LG-SA), a hybrid framework that augments SA with
a very lightweight neural module, trained to select promis-
ing neighboring solutions instead of relying on uniform sam-
pling. The move-selection policy is learned through rein-
forcement learning (RL) using Proximal Policy Optimization
(PPO). Through extensive experiments, we analyze the sta-
bility of the model as well as the impact of diverse feasibil-
ity mechanisms, initialization strategies, neighborhood oper-
ators, and action parameterizations (joint vs. conditional). We
further show that LG-SA excels at finding high-quality solu-
tions rapidly. In addition to achieving a 42.5% cost reduction
over classical SA and generalizing well to larger instances,
LG-SA outperforms or performs on par with widely used
methods like OR-Tools, attention-based GNNs, and advanced
RL methods within comparable or shorter timeframes.

Introduction
Combinatorial Optimization Problems (COPs) are every-
where in real-world applications, ranging from logistics and
supply chain management to network design. Among them,
the Capacitated Vehicle Routing Problem (CVRP) stands
as a cornerstone problem, famously known to be NP-hard
(Dantzig and Ramser 1959; Liu et al. 2023; Shi and Niu
2023; Bogyrbayeva et al. 2022). The objective is to deter-
mine a set of optimal routes for a fleet of vehicles to serve a
set of customers under capacity constraints. Despite decades
of research, finding high-quality solutions for large-scale in-
stances in limited time remains a significant challenge.

Traditional approaches fall into two categories. Exact
methods, such as Branch-and-Cut, guarantee optimality
but become computationally intractable for large instances.
Heuristics and Metaheuristics, such as Simulated Anneal-
ing (SA), Tabu Search, or Genetic Algorithms, offer a more
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scalable alternative by exploring the solution space stochas-
tically. However, these methods typically rely on uniform
sampling to generate candidate moves. Such “blind” explo-
ration often leads to slow convergence and requires exten-
sive, instance-specific parameter tuning to prevent stagna-
tion in local optima.

Recently, Machine Learning (ML) for COPs has emerged
as a promising paradigm. Constructive neural approaches,
such as the Attention Model (AM) (Kool, van Hoof, and
Welling 2019), learn to build solutions node by node. While
fast, they often struggle to generalize: a model trained on
50 nodes typically performs poorly on 500-node instances.
Moreover, once a solution is constructed, these methods lack
mechanisms for refinement. These limitations led to a grow-
ing interest in Neural Improvement Heuristics (Wu et al.
2022; Garcı́a-Torres et al. 2022), which learn to iteratively
repair or improve a complete solutions.

In this work, we propose Learning-Guided Simulated An-
nealing (LG-SA), a hybrid framework marrying the theoret-
ical robustness of Simulated Annealing (SA) with the adap-
tive guidance of Deep Reinforcement Learning (DRL). Our
method extends Neural Simulated Annealing (NSA) (Cor-
reia, Worrall, and Bondesan 2023) to the more complex
context of CVRP, explicitly accounting for capacity con-
straints that invalidate many local moves. Specifically, we
augment SA by replacing random neighbor selection with a
very lightweight neural policy trained via PPO. This policy
learns to interpret structural features and propose “smart”
moves to reduce cost, while the Metropolis criterion of SA
preserves the ability to escape local optima.

Our main contributions are summarized as follows:

• We introduce LG-SA, a hybrid learning-informed meta-
heuristic that enhances the local search of SA with a
lightweight neural policy trained via PPO.

• We introduce and evaluate feasibility-enforcement strate-
gies to handle the hard constraints specific to CVRP.
We demonstrate that explicitly masking invalid actions
(proactive filtering) is essential for both training stability
and search performance.

• Through extensive experiments, we analyze the stability
of the model as well as the impact of diverse initialization
strategies, neighborhood operators, and action parame-
terizations (joint vs. conditional).
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• We demonstrate that LG-SA significantly outperforms
the classical SA baseline with a 42.5% cost reduc-
tion, generalizes effectively to larger instance sizes, and
outperforms or competes closely with state-of-the-art
solvers and learning-based methods in both solution
quality and computational efficiency (Furnon and Perron
2024; Kool, van Hoof, and Welling 2019; Nazari et al.
2018).

Overall, these results establish LG-SA as an excellent bal-
ance between fast constructive heuristics and more compu-
tationally intensive solvers or heavy learning-based meth-
ods. Finally, in an effort toward transparency and full repro-
ducibility, we make the complete source code and experi-
mental data publicly available at the following repository1.

Background and Related Work

Since its introduction by Dantzig and Ramser (1959), the
CVRP has been tackled by exact algorithms (e.g., branch-
and-cut) that struggle at scale due to NP-hardness (Toth
and Vigo 2002). This necessitates heuristics, ranging from
basic construction methods (Clarke and Wright 1964) to
metaheuristics (Kirkpatrick, Gelatt, and Vecchi 1983) and
general solvers like OR-Tools (Furnon and Perron 2024;
Liu et al. 2023; Muriyatmoko, Djunaidy, and Muklason
2024). While many require careful tuning, state-of-the-art
metaheuristics offer remarkable performance; notably, Vi-
dal (2022) introduced a highly effective, open-source Hybrid
Genetic Search (HGS) utilizing the SWAP* neighborhood,
establishing a leading standard for solution quality and con-
vergence speed.

Recent deep learning approaches typically follow con-
struction or improvement paradigms. Constructive methods
generate solutions end-to-end: Nazari et al. (2018) utilized
reinforcement learning (RL) with attention mechanisms,
while Kool, van Hoof, and Welling (2019) proposed a versa-
tile Attention Model (AM) trained via REINFORCE. Con-
versely, improvement methods iteratively refine solutions:
Wu et al. (2022) framed local search as a Markov Decision
Process, and Gao et al. (2020) learned destruction-repair op-
erators for Very Large Neighborhood Search (VLNS) using
Graph Attention Networks.

Hybridizing neural networks with classical heuristics has
proven highly effective. Garcı́a-Torres et al. (2022) com-
bined a deep constructor with a deep perturbator, while Bui
and Mai (2023) used Imitation Learning—treating classi-
cal heuristics like HGS as experts—to scale solutions up
to 30,000 nodes. Most closely related to our work is Neu-
ral Simulated Annealing (NSA) by Correia, Worrall, and
Bondesan (2023), which learns proposal distributions to en-
hance classical SA while preserving convergence guaran-
tees. However, NSA has not yet been applied to the CVRP,
where capacity constraints heavily restrict feasible local
moves.

1https://github.com/JAndretti/Learning-Guided-Simulated-
Annealing-for-the-Capacitated-Vehicle-Routing

Problem Definition
The Capacitated Vehicle Routing Problem (CVRP) is de-
fined on a complete undirected graph G = (V,E), where
V = {0} ∪ C and E = V × V denote the sets of nodes and
edges, respectively. Node 0 corresponds to the central depot,
and C = {1, . . . , N} represents the set of N customers.

Each edge (i, j) ∈ E is associated with a non-negative
travel cost cij (satisfying cij = cji). Each customer i ∈
C has a non-negative demand di, while the depot has zero
demand (d0 = 0). A fleet of K identical vehicles, each with
uniform capacity Q, is stationed at the depot.

A route Rk = (0, v1, v2, . . . , vp, 0) is a simple
cycle (tour) starting and ending at the depot, where
{v1, . . . , vp} ⊆ C denotes the subset of customers served
by vehicle k. A solution s = {R1, . . . , Rm} consists of a set
of m routes. A solution s is considered feasible if and only
if it satisfies the following conditions:

1. The number of routes does not exceed the number of
available vehicles, i.e., m ≤ K.

2. Each customer is visited exactly once by a single vehicle,
m∑

k=1

1{i∈Rk} = 1, ∀i ∈ C.

3. For every route Rk, the total demand of its customers
does not exceed the vehicle capacity Q, i.e.,∑

i∈Rk\{0}

di ≤ Q, ∀k = 1, . . . ,m.

The set of feasible solutions is denoted by F .
Let xij(s) be a binary indicator variable defined by

xij(s) = 1 if edge (i, j) is traversed in any route Rk of
s, and xij(s) = 0 otherwise. The objective of the CVRP is
to find a feasible solution s∗ ∈ F that minimizes the total
travel cost C(s):

s∗ = argmin
s∈F

{
C(s) =

∑
i∈V

∑
j∈V,i<j

cijxij(s)
}

Proposed Method
Overview
We propose a hybrid metaheuristic combining a Simulated
Annealing (SA) process with a lightweight Neural Rein-
forcement Learning (RL) policy. The SA component orches-
trates the global exploration of the solution space, while the
RL-trained neural network (NN) adaptively guides the se-
lection of neighboring solutions.

Simulated Annealing (SA) is an optimization heuristic
that explores the neighborhood of a current solution in a
stochastic manner. Given a solution s, SA samples a neigh-
boring solution s′ ∈ N (s) and accepts it according to
the Metropolis criterion: improving moves are always ac-
cepted, while worsening moves are accepted with probabil-
ity exp(−∆C/T ), where ∆C = C(s′) − C(s) is the cost
difference and T is the temperature. This stochastic accep-
tance, regulated by T , allows to escape local optima.
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Algorithm 1 Overview of the Learning-Guided SA

Require: Initial solution s, learned neural policy πθ, neigh-
borhood operator H

1: Initialize s∗ and SA parameters (e.g., T )
2: while SA termination criterion not met do
3: 1. Model-Guided Neighbor Generation
4: Encode current solution s
5: Sample action from policy: a ∼ πθ(a | s)
6: Generate candidate solution: s′ ← H(s, a)
7: 2. Standard SA Procedure
8: s← SA accept(s, s′, T )
9: Update T and s∗

10: end while
11: return s∗

In our framework, the sampling of a neighboring solution
s′ ∈ N (s) is no longer uniform but instead follows a prob-
ability distribution learned by a lightweight neural network
(NN). Formally, let H : S × A → S denote a neighbor-
hood operator that, for each solution s ∈ S and possible
action a ∈ A(s) on s, produces the neighboring solution
s′ = H(s, a) ∈ S. For instance, a ∈ E × E may represent
a pair of edges, and s′ = H(s, a) is the solution obtained by
exchanging those edges in s. The neighborhood of s is thus
defined as

N (s) = {H(s, a) : a ∈ A(s)} .

In classical SA, the neighboring solution s′ of s is obtained
through uniform sampling, i.e.,

a ∼ U(A(s)) and s′ = H(s, a) ∈ N (s).

By contrast, in our framework, a neural network policy πθ

learns a probability distribution πθ(· | s) ∈ ∆(A(s)) over
the (feasible) actions on s, and the neighboring solution is
selected according to

a ∼ πθ(· | s) and s′ = H(s, a) ∈ N (s).

The neural policy is learned by Reinforcement Learning
(RL) using Proximal Policy Optimization (PPO), as ex-
plained later in further details.

To control the temperature T in SA, we evaluated several
cooling schedules, including a step decay (halving T every
n steps) and a geometric (or lambda) schedule defined as

Tk+1 = αTk, with α = (TK/T0)
1/K

.

This setting ensures a consistent decay from T0 = 1.0 to
TK = 0.1 over the K-step search horizon. Empirically, we
noticed that simple monotonic schedules performed best, so
we adopted the geometric schedule in our experiments. The
overall procedure is summarized in Algorithm 1.

Neural Model
Generalities. The neural model guides the selection of
neighboring solutions. Given a current solution s, it assigns
a score zij to each candidate pair of customers (nodes) (i, j).
This score reflects the estimated likelihood that modifying s
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Figure 1: All nodes of the current solution s are encoded
and fed to the lightweight neural network – either in a di-
rect (joint) manner (N2 node pairs) or in a two-stage (condi-
tional) manner (2N nodes). The output scores of the network
produce a distribution over all node pairs. A pair a = (i, j) is
then sampled from this distribution, which yields the neigh-
boring solution s′ = H(s, a).

through the pair (i, j) will yield an improved solution s′. An
action a = (i, j) is then sampled according to the probability
distribution induced by the scores zij , and the neighboring
solution is obtained as s′ = H(s, a). The neural model is
illustrated in Figure 1.

Neighborhood operators. We consider three standard
neighborhood operators defined over a pair of nodes (i, j).
In our framework, the operator is fixed: each experiment
uses a single operator H during both training and testing.
The neural policy is therefore trained to learn a distribution
tailored to that operator. The available operators are:

• Swap: Exchanges the positions of nodes i and j, either
within the same route or across different routes.

• Insertion (Relocation): Removes node i from its current
position and reinserts it immediately after node j.

• 2-opt: Reverses a segment of the tour by removing edges
(i, succ(i)) and (j, succ(j)) and reconnecting the tour af-
ter reversing the path from succ(i) to j.

Input representation. We consider two-dimensional (2D)
CVRP instances with coordinates normalized to [0, 1]. To
ensure scale invariance and applicability to any problem
size N , we utilize a node-centric representation where each
client i is encoded via a local feature vector xi, avoiding
fixed-size global descriptors. Formally, xi incorporates the
following spatial, positional, and capacity-related features:

xi =
[
pi, pdepot, pneigh(i), 1{i=0}, θi, di0,

qi
Qroute

, Qroute
Q , qi

Q

]
,

Here, p(·) denotes the coordinates (of node i, the depot, and
its neighbors in solution s), 1{i=0} is a depot flag, and θi, di0
are relative polar and radial positions. Node and route de-
mands, normalized by vehicle capacity Q, are given by qi
and Qroute. The feature vector also includes the Simulated
Annealing (SA) temperature T and normalized remaining
steps to track optimization progress.
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Neural architectures for action selection. We investigate
two lightweight architectures to model the probabilistic se-
lection of a node pair (i, j):
1. Two-stage (Conditional): This architecture decomposes

the selection into two sequential steps using distinct sim-
ple MLPs. First, a network fθ computes a score zi =
fθ(xi) for each node, and a first node i is sampled via:

i ∼ P (·) = softmax
(
{zi : i ∈ C}

)
.

Next, the feature vector xi of the selected node is con-
catenated with that of every other node j. A second net-
work gθ assigns a score zij = gθ(xi ⊕ xj) to each can-
didate pair, and j is sampled from the conditional distri-
bution:

j ∼ P (· | i) = softmax
(
{zij : j ∈ C}

)
.

This effectively factorizes the joint probability as
P (i, j) = P (i) × P (j | i). Since the second network
is only evaluated for the selected node i, this approach
scales linearly with the problem size, i.e., O(N).

2. Direct (Joint): Alternatively, a single MLP fθ directly
processes all possible pairs to compute scores zij =
fθ(xi ⊕ xj). The pair (i, j) is then sampled in a single
step from the joint distribution:

(i, j) ∼ P (·, ·) = softmax
(
{zij : i, j ∈ C}

)
.

Unlike the conditional approach, this formulation cap-
tures the compatibility of nodes i and j simultaneously.
However, it requires evaluating all node pairs, resulting
in a quadratic computational cost of O(N2).

Both strategies define a stochastic policy πθ(a | s) over
the action space A = C × C. An action a = (i, j) is sam-
pled from this policy to generate the next solution s′ via the
neighborhood operator H:

a ∼ πθ(· | s) and s′ = H(s, a). (1)

Feasibility Strategies
In practice, many potential actions a can produce a neigh-
boring solution s′ = H(s, a) which are not feasible, often
by violating the vehicle-capacity constraint C. To address
this important issue, we propose three strategies which en-
sure that the search process remains within the space of fea-
sible solutions F .

Proactive feasibility filtering (action masking). Let
A(s) denote the set of all actions applicable to solution s
under the neighborhood operator H . This strategy first iden-
tifies the subset of feasible actions

Af (s) = {a ∈ A(s) | H(s, a) ∈ F}.
The policy network πθ is then restricted to sample actions
exclusively from this feasible subset:

a ∼ πθ(· | s, a ∈ Af (s)).

In practice, this is implemented by masking all infeasible
actions a /∈ Af (s) with zero probability. This guaran-
tees that every accepted move yields a feasible neighbor
s′ = H(s, a) ∈ F , but at the cost of a non-negligible com-
putational overhead, as Af (s) must be recomputed at each
decision step.

Reactive rejection. To avoid the overhead of explicit fil-
tering, this simpler strategy allows the policy πθ to select any
action a ∈ A(s) according to its learned distribution. The
resulting solution s′ = H(s, a) is then checked for feasibil-
ity. If s′ /∈ F , the move is rejected and the current solution
s is retained for the next iteration. While computationally
cheaper, this approach can be inefficient, as many sampled
moves may be infeasible and yield no learning signal.

Indirect representation with greedy reconstruction.
This strategy allows the policy to operate on unconstrained
customer permutations, with feasibility enforced afterward
via a reconstruction heuristic.
1. The current feasible solution s, encoded as a single se-

quence (e.g., [0, 2, 5, 7, 0, 1, 4, 3, 6, 0]), is mapped to an
unconstrained permutation sp of the N customers (e.g.,
sp = ⟨2, 5, 7, 1, 4, 3, 6⟩).

2. The neural network operates in this permutation space,
producing a modified permutation s′p (e.g., s′p =
⟨2, 5, 1, 7, 4, 3, 6⟩).

3. A deterministic reconstruction heuristic h then maps s′p
back to a feasible solution s′ = h(s′p) ∈ F . Typi-
cally, h is a greedy split algorithm that packs customers
from s′p into routes until capacity C is reached (e.g.,
s′ = [0, 2, 5, 0, 1, 7, 4, 3, 6, 0]).

This approach guarantees s′ ∈ F by construction and
frees the policy πθ from handling feasibility. However,
search efficiency depends strongly on the reconstruction
heuristic h. Although optimal split algorithms exist (Vi-
dal 2016), they are far more computationally expensive
than greedy variants. Because reconstruction occurs at every
search step, this cost becomes prohibitive for both training
and inference, especially as problem size grows.

Reinforcement Learning with PPO
We frame the iterative improvement process as a Markov
Decision Process (MDP). At step t, the agent observes the
current solution state st and samples an action at (a pair
of nodes) from a policy πθ. The transition to the next state
st+1 = H(st, at) yields a reward rt proportional to the im-
provement in solution quality.

To maximize cumulative rewards, we employ Proximal
Policy Optimization (PPO) (Schulman et al. 2017), a state-
of-the-art on-policy gradient method. PPO relies on an
Actor-Critic architecture to stabilize learning:
• Actor (πθ(at | st)): A network parameterized by θ that

outputs a probability distribution over feasible actions.
• Critic (Vϕ(st)): A network parameterized by ϕ that esti-

mates the value of the current solution, serving as a base-
line to reduce the variance of gradient updates.

The key feature of PPO is its mechanism to enforce a trust
region constraint. To prevent destructive updates, where the
new policy deviates excessively from the old one, PPO max-
imizes a clipped surrogate objective. Let ρt(θ) =

πθ(at|st)
πθold (at|st)

be the probability ratio between the new and old policies.
The objective is defined as:

LCLIP(θ) = Êt

[
min

(
ρt(θ)Ât, clip(ρt(θ), 1−ϵ, 1+ϵ)Ât

)]
,
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where Ât is the advantage function, measuring how much
better an action was than expected, and ϵ is a hyperparameter
(e.g., 0.2). The clipping term removes the incentive for the
probability ratio to move outside the interval [1 − ϵ, 1 + ϵ],
ensuring that policy updates remain conservative and stable.

In our implementation, the Actor and Critic are instanti-
ated as distinct networks (no shared parameters) to prevent
feature interference. They are trained concurrently: the Ac-
tor maximizes LCLIP, while the Critic minimizes the mean-
squared error between its value predictions and the observed
returns.

Reward. A standard reward for CVRP is the direct cost
improvement, rt = C(st)−C(st+1) (Correia, Worrall, and
Bondesan 2023). However, this signal is misaligned with our
PPO-SA framework, as it fails to distinguish between differ-
ent types of failed actions: an invalid move (a policy error)
versus a valid-but-rejected move (a stochastic SA outcome).

We therefore design a reward rt that provides a precise
signal for each case. First, we define a normalization func-
tion which scales any non-zero cost improvement It =
C(st) − C(st+1) relative to the initial solution cost C(s0).
This prevents large cost changes from dominating the reward
signal:

normalize(It) = clip
[It/C(s0)

Rscale
,−1, 1

]
,

where we use a typical scale of Rscale = 0.2.
Our reward rt is then defined by a hierarchy based on

the action’s outcome. If the proposed action at is invalid
(e.g., violates hard capacity constraints), it is immediately
rejected, and the policy is strongly penalized: rt = −1.5.
If the action is valid but rejected by the SA Metropolis cri-
terion (It = 0), this is a neutral outcome: rt = 0. Finally,
if the action is valid and accepted (It ̸= 0), the normalized
reward is used: rt = normalize(It).

This tiered design is critical: it teaches the policy to avoid
invalid moves (the -1.5 penalty), while remaining neutral on
stochastic rejections (the 0 reward), and seeking accepted
moves (the normalized reward). It separates the learning of
hard constraints from the learning of solution quality.

Exploration. In standard RL applications, policies are of-
ten exploited greedily by selecting the at action with highest
probability, i.e.,

at = arg max
a∈A(st)

πθ(a | st) .

Our framework deviates from this standard. As the PPO
agent acts as a move generator for a SA step, we retain
stochastic sampling even during exploitation. Formally, the
action at is sampled as

at ∼ πθ(· | st),
which then produces the neighboring solution st+1 =
H(st, at). Keeping this stochastic selection process is cru-
cial: a greedy policy would repeatedly propose only the
“best” move, limiting exploration and undermining SA’s
ability to escape local optima. By sampling from the policy
distribution, we provide SA with a diverse set of candidate
moves, letting its acceptance criterion naturally balance ex-
ploration and exploitation.

Experimental Results
Evaluation Protocol
We evaluate our approach on two widely used CVRP in-
stance generation schemes. The first follows the setting of
(Nazari et al. 2018), where depot and customer coordinates
are sampled uniformly in the unit square [0, 1] × [0, 1], and
customer demands are drawn uniformly from {1, . . . , 9}.

The second scheme utilizes the large-scale dataset of
(Queiroga et al. 2022), an extension of the benchmark suite
by (Uchoa et al. 2017), specifically designed for assessing
learning-based CVRP methods. This dataset contains 10,000
Euclidean instances with 100 customers and exhibits wide
structural diversity. Instances feature varying spatial orga-
nizations – including sparse, highly concentrated, and clus-
tered distributions – as well as multiple demand patterns and
average route densities. Nearly all instances are accompa-
nied by optimal solutions computed using exact solvers.

All computational experiments and runtime measure-
ments were conducted on a single machine equipped with
an AMD Ryzen 9 9900X CPU and an NVIDIA RTX 5070
GPU. Under this setup, the training time for a single model
is approximately 40 minutes.

Parameter Analysis
In this section, we analyze the contribution of the differ-
ent components of our architecture as well as the impact of
key parameters. Unless stated otherwise, all experiments are
conducted on a batch of 1,000 uniform CVRP instances gen-
erated following the distribution of Nazari et al. (2018), with
N = 100 customers and vehicle capacity 50. Each search
process is executed for 10,000 steps, starting from a ran-
domly generated initial solution. Crucially, to leverage the
full capability of our neural architecture, all 1,000 instances
are solved in parallel on a single GPU.

Stability Analysis. We assess the stability of our approach
from two perspectives: the reproducibility of the training
process and the robustness of the stochastic search during
inference.

Training Stability. To evaluate the consistency of the
learning procedure, we trained the model 15 times with dif-
ferent seeds and evaluated each one. The mean and median
costs are 17.53 and 17.60, respectively, with a best–worst
gap of 1.78% (17.41 vs. 17.72), indicating stable perfor-
mance across runs.

Inference Stability. We further analyzed the robustness of
the search process on a single test instance, solved 10,000
times starting from different random initial solutions. Our
model (10,000 steps) was compared against the random
baseline (200,000 steps). The model achieved a mean cost of
16.29 with a standard deviation of 0.19, whereas the base-
line averaged 23.80 with a significantly higher standard de-
viation of 0.42. This reduced variance (0.19 vs 0.42) demon-
strates that the learned policy consistently guides the search
toward similar local minima regardless of the starting point.
In contrast, the baseline yields widely varying results depen-
dent on the stochasticity of the random walk.
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1,000 steps 10,000 steps

Feasibility Metropolis Cost Time (s) Cost Time (s)

Proactive
Filtering

False 19.25 2.24 17.72 22.11
True 18.92 2.38 17.39 23.36

Reactive
Rejection

False 23.73 2.15 22.47 20.78
True 23.60 2.14 21.66 20.80

Indirect
Rep.

False 20.46 8.77 19.15 91.13
True 20.10 9.15 18.15 92.41

Table 1: Impact of feasibility strategies and Metropolis cri-
terion (1k vs 10k steps). Costs are averaged over the test set.

Feasibility enforcement and Metropolis criterion. We
evaluate how the three feasibility-enforcement strategies –
proactive filtering, reactive rejection, and indirect represen-
tation – interact with the Metropolis acceptance criterion.
Table 1 reports the final costs and runtimes under short (1k
steps) and medium (10k steps) search horizons.

We observe that enabling the Metropolis acceptance
criterion improves performance across all feasibility-
enforcement strategies. For example, with a 10k-step hori-
zon, indirect representation improves from 19.15 to 18.15,
and proactive filtering from 17.72 to 17.39. This uniform
benefit confirms that the policy primarily serves as an ef-
fective move generator, while the Metropolis mechanism
remains essential for maintaining exploration-exploitation
trade-off and preventing premature convergence, indepen-
dent of how solution feasibility is enforced.

Among the tested strategies, proactive filtering combined
with Metropolis achieves the best overall results. Indirect
representation also benefits from the acceptance criterion
but remains roughly four times slower than direct methods,
due to the reconstruction overhead. Reactive rejection per-
forms worst, likely because it forces the agent to infer hard
constraints indirectly through penalty signals, making the
learning task significantly harder.

Finally, we emphasize that all reported results rely on
stochastic sampling from the policy distribution rather than
deterministic greedy action selection. When sampling is re-
placed with greedy selection, the performances drop signif-
icantly, with average costs of 30.06 for proactive filtering,
36.79 for reactive rejection, and 28.69 for indirect represen-
tation. These results show that a greedy policy quickly col-
lapses to a narrow set of moves, which hinders exploration
and causes stagnation in local optima. Maintaining diversity
in proposed moves through stochastic sampling is therefore
essential for the effectiveness of our LG-SA method.

Impact of initialization strategies. Both training and
testing phases begin from an initial solution. We consider
the following initialization strategies:

• Random / Nearest Neighbor: Standard uniform sampling
and greedy construction baselines.

• Sweep: The classical polar-coordinate heuristic (Gillett
and Miller 1974).

• Isolate: Assigning one route per customer.

Train Test

Cost Initial Cost Final Cost Gain

Nearest Neighbor 29.61 19.02 17.46 1.57
Isolate 18.78 104.39 17.31 87.09
Sweep 18.15 30.49 17.38 13.12
Random 17.61 57.95 17.39 40.54
Multi-Initialization 17.39 used for training

Table 2: Effect of initialization strategies. (Left) Perfor-
mance of LG-SA models trained and tested with the same
strategy. (Right) Performance of the best LG-SA model
(trained with Multi-Initialization) when tested with differ-
ent strategies.

Train
\Test Nazari Queiroga

Nazari 17.39 21.51
Queiroga 17.62 20.72

Table 3: Cross-domain generalization: final cost of LG-SA
trained on one dataset and tested on the same or another.

• Multi-Initialization (training): Randomly selects one of
the above strategies per episode.

Table 2 (left) reports the impact of the initialization strat-
egy used during training on the final model performance.
In these experiments, the model is trained with the proac-
tive filtering feasibility mechanism and evaluated using a
10k-step search. The Multi-Initialization strategy achieves
the best final cost (17.39), indicating that exposure to di-
verse initial topologies prevents the model from overfitting
to specific structural patterns. Conversely, Nearest Neighbor
initialization leads to premature stagnation (cost 29.61). The
highly structured starting point traps the agent in deep local
optima, effectively preventing the exploration required for
further improvement.

Furthermore, Table 2 (right) reports the performance of
the best model, trained with Multi-Initialization, when tested
on instances initialized using the other strategies. Across all
initial solutions, the model consistently converges to a nar-
row final cost interval of [17.31, 17.46]. This demonstrates
that the policy has learned a robust, global reorganisation
strategy rather than local repairs of the initial solution.

Cross-domain generalization. Mirroring our findings on
initialization strategies, we observe that diversity in the
training data is critical for robust learning. To quantify this,
we trained our model on two distinct distributions: the stan-
dard uniform dataset from Nazari et al. (2018) and the struc-
turally diverse dataset from Queiroga et al. (2022).

As shown in Table 3, the model trained on the complex,
high-entropy Queiroga instances generalizes effectively to
the simpler Nazari cases (17.62). In contrast, the model
trained on uniform data struggles significantly when ex-
posed to complex structures (21.51). This confirms that,
much like using multiple initializations, training on a diver-
sified distribution is essential to prevent overfitting and learn
a truly transferable policy.
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Metric Joint Conditional

Cost (Time) 23.12 / 37.21s 21.66 / 20.80s

Table 4: Performance comparison (cost / time) between ar-
chitectures using reactive rejection.

Comparison of neighborhood operators. We compare
three standard neighborhood operators: swap, insertion, and
2-opt. Under the indirect representation method, all three
operators yield similar performance (final costs between
18.15 and 19.11), likely because the reconstruction step
smooths out the specific effects of each move.

In contrast, under the direct methods – proactive filtering
and reactive rejection – clear differences emerge. The inser-
tion operator consistently outperforms swap and 2-opt. The
2-opt operator is particularly ineffective in this constrained
learning setting: valid 2-opt moves that satisfy capacity con-
straints are either difficult for the model to identify (under re-
active rejection) or limited to intra-route adjustments, which
offer little opportunity for improvement.

We also experimented with allowing the model to choose
the operator dynamically at each step, but the policy con-
verged to a single preferred operator. Based on these ob-
servations, we adopt insertion as the default neighborhood
operator in our best configurations.

Neural architectures. We compare the joint and condi-
tional architectures using the reactive rejection strategy. As
shown in Table 4, the conditional formulation is superior in
both speed and solution quality.

Critically, the joint architecture, which scores all N2

pairs (see ‘Neural architectures for action selection’), makes
the proactive filtering strategy computationally prohibitive,
since feasibility would need to be checked for every pair at
each step. In contrast, the conditional architecture decom-
poses the decision, allowing feasibility to be checked only
for the subset of targets relative to a selected source node.
Beyond computational efficiency, the conditional approach
simplifies the learning task by reducing the action space,
helping the policy converge to better solutions than the joint
model, which struggles to rank the vastly larger space of
pairs.

Comparison with Baselines and State-of-the-Art
Methods
In this section, we evaluate the performance of our best
LG-SA model against various baselines and state-of-the-
art methods. Note that by exploiting the efficiency of our
lightweight neural architecture, we solve 1,000 instances in
parallel in a single GPU pass.

To ensure a fair comparison of computational budget, we
allocate the classical SA baseline 20× more search steps
than our method. This adjustment compensates for the com-
putational overhead of the neural forward pass. This setup
rigorously tests whether the learned policy can outperform a
“blind” search that explores a vastly larger number of states
in the same amount of time.

N = 50 N = 100

Steps Cost (LG-SA) Cost (SA) Cost (LG-SA) Cost (SA)

100 14.04 18.17 25.42 38.02
1,000 11.85 14.82 18.92 28.85
10,000 11.00 13.47 17.39 25.41
100,000 10.70 12.78 16.83 23.93
1,000,000 10.55 - 16.55 -

Table 5: Performance of LG-SA and SA with as the number
of search steps (×20 for SA) increases, for N = 50 and
N = 100.

LG-SA (10,000 steps) SA (200,000 steps)

N Final Cost Time (s) Final Cost Time (s)

10 3.30 17.57 3.16 329.27
20 6.46 18.79 6.32 355.51
50 11.00 21.72 13.47 386.48
100 17.39 23.83 25.41 395.74
500 81.88 95.60 137.40 749.71
1000 165.41 207.55 287.72 1508.14

Table 6: Performance scalability: LG-SA (104 steps) vs.
Baseline SA (2×105 steps) across increasing problem sizes.

Impact of search duration. Table 5 compares the perfor-
mance of our LG-SA model with the classical SA baseline
(without learning guidance), as the number of search steps
increases and for instance with N = 50 and N = 100 cus-
tomers. The efficiency gap is substantial: for N = 100, LG-
SA reaches a solution cost of 18.92 in just 1,000 steps. In
contrast, the baseline fails to match this quality even after
2,000,000 steps. Overall, LG-SA exhibits rapid early im-
provement, followed by stable convergence.

Scalability across problem sizes. We now compare the
scalability of LG-SA with the classical SA baseline on
problem sizes ranging from N = 10 to N = 1000 cus-
tomers. Table 6 shows that LG-SA consistently outperforms
SA, with the performance gap widening as N increases.
While LG-SA remains on par with SA for small instances
(N ∈ {10, 20}), it achieves a 42.5% cost reduction com-
pared to the baseline for N = 1000. This confirms that the
learned policy in LG-SA can efficiently navigate large solu-
tion spaces, in contrast to traditional SA. As N grows, the
search space undergoes a combinatorial explosion, render-
ing “blind” random exploration ineffective; the probability
of randomly sampling an improving move becomes statisti-
cally negligible, causing the baseline to stagnate while the
guided search continues to improve.

Comparison with state-of-the-art methods. We evalu-
ate the performance of our LG-SA model against estab-
lished classical and learning-based methods. Evaluation is
performed on a comprehensive test set of 10,000 instances
generated following Nazari et al. (2018).

Classical solvers include the highly optimized LKH3
heuristic (Helsgaun 2017) and OR-Tools (Furnon and Per-
ron 2024). Learning-based methods comprise the construc-
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N = 50 N = 100

Method Cost Time Cost Time

Baselines
LKH3 10.38 7h 15.65 13h
OR-Tools 10.89 14m 16.61 29m
SA (2× 106 steps) 12.77 1h45m 23.92 3h40m

Constructive Learning
AM (Greedy) 10.98 3s 16.80 8s
AM (Sampling) 10.62 28m 16.23 2h
RL (Greedy) 11.39 - 17.23 -
RL (Beam 10) 11.15 - 16.96 -

Neural Improvement
NLNS 10.54 24m 15.99 1h
LIH 10.45 4h 16.03 5h
CDCP 10.47 10h 15.85 19h

Ours
LG-SA (103 steps) 11.83 8s 18.84 18s
LG-SA (104 steps) 11.02 87s 17.36 3m
LG-SA (105 steps) 10.70 14m 16.80 29m
LG-SA (106 steps) 10.54 2h20m - -

Table 7: Comparison of our LG-SA model with state-of-the-
art baselines, constructive learning, and neural improvement
methods.

tive approaches such as the Attention Model (AM) of Kool,
van Hoof, and Welling (2019) and the Reinforcement Learn-
ing (RL) baseline of Nazari et al. (2018). We also compare
against three prominent neural improvement heuristics: LIH
(Wu et al. 2022), CDCP (Garcı́a-Torres et al. 2022), and
NLNS (Hottung and Tierney 2022). All metrics are retrieved
from their respective original publications.

Direct runtime comparisons are challenging due to hard-
ware differences, yet the performance gap supports clear
conclusions. We report wall-clock times for the full test set,
leveraging LG-SA’s parallelism against sequential baselines.
To ensure fairness, OR-Tools was re-evaluated with a strict
per-instance time limit matching LG-SA’s average runtime
at 105 steps, equating the computational budgets.

As shown in Table 7, LG-SA significantly outperforms
standard SA and remains competitive with mature solvers
like OR-Tools and LKH3. While neural improvement
heuristics such as NLNS, LIH, and CDCP achieve state-of-
the-art solution quality, they demand considerable computa-
tional resources. For N = 100, CDCP and LIH require 19
hours and 5 hours respectively, and even the faster NLNS
requires 1 hour to converge. In sharp contrast, LG-SA (105
steps) achieves a competitive cost of 16.80 in under 29 min-
utes, demonstrating a superior trade-off between solution
quality and computational efficiency.

Conclusion
In this work, we introduced Learning-Guided Simulated An-
nealing (LG-SA), a hybrid framework that combines Opera-
tions Research and Reinforcement Learning for the CVRP.
By replacing the “blind” sampling of classical SA with a
lightweight PPO-trained policy, we retain the simplicity of

local search while substantially improving its efficiency.
Our extensive experiments reveal two key insights for de-

signing Neural Improvement Heuristics. First, handling con-
straints is non-trivial: proactive filtering is essential for both
stable training and effective inference. Second, generaliza-
tion depends strongly on training diversity: exposing the
agent to a broad curriculum of initial solution topologies en-
ables robust scaling to unseen distributions and instances of
up to 1,000 nodes.

Empirical results show that LG-SA achieves an excellent
trade-off between solution quality and computational cost.
It surpasses classical SA by over 40% on large instances,
reaches the mature OR-Tools’ performance, and runs orders
of magnitude faster than state-of-the-art neural improve-
ment methods. These results demonstrate that RL can signif-
icantly improve metaheuristic search in complex landscapes.

Future research will focus on three key directions. First,
we aim to incorporate additional neighborhood operators –
such as the destroy-and-repair mechanisms of large neigh-
borhood search – to better escape deep local optima. Second,
we plan to enhance the neural architecture with Graph Neu-
ral Networks (GNNs) or global feature encoders to capture
broader problem context. Finally, we intend to extend the
framework to “rich” VRP variants, which will likely require
more advanced feasibility–handling strategies.
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