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Deep reinforcement learning combined with Graph Neural Networks (GNNs)
has emerged as a promising paradigm for solving the Capacitated Vehicle Rout-
ing Problem (CVRP). However, existing approaches predominantly rely on
hand-crafted, standard transformer architectures. This study presents an au-
tomated evolutionary Neural Architecture Search (NAS) framework utilizing
Cartesian Genetic Programming (CGP) to evolve specialized GNN encoder
topologies for end-to-end CVRP solvers. The proposed methodology employs
a graph-based 2D grid representation, leveraging neutral drift, a (1 + λ) evolu-
tionary strategy, partial weight inheritance, and an accelerated proxy-evaluation
scheme to efficiently explore the search space. Controlled experiments demon-
strate that CGP-NAS significantly outperforms random search under identi-
cal proxy budgets. Furthermore, when initialized with standard transformer
baselines, CGP-NAS discovers novel non-sequential architectures that match or
surpass standard single-layer transformer models across synthetic CVRP bench-
marks (CVRP10–100) while achieving up to a 66% parameter reduction. More-
over, the evolved architectures remain competitive with or even outperform
the baseline three-layer transformer model. These findings confirm that CGP-
NAS effectively navigates GNN search spaces and uncovers scalable, parameter-
efficient encoder structures for vehicle routing.

1 Introduction

The Capacitated Vehicle Routing Problem (CVRP) is a foundational combinato-
rial optimization problem with significant practical applications in logistics, sup-
ply chain management, and transportation systems (Dantzig and Ramser, 1959;
Vidal et al., 2020). As an NP-hard problem (Lenstra and Rinnooy Kan, 1981),
classical exact algorithms become computationally intractable for large-scale
instances, necessitating reliance on hand-designed heuristics, metaheuristics,
or hybrid heuristics such as Large Neighborhood Search (LNS) (Hottung and
Tierney, 2022), Genetic Algorithms (Vidal, 2022), or Lin-Kernighan-Helsgaun
(LKH-3) (Helsgaun, 2023). While effective, these hand-crafted heuristics re-
quire substantial domain expertise and extensive parameter tuning for specific
problem distributions.

In recent years, deep reinforcement learning (RL) combined with Graph Neu-
ral Networks (GNNs) has emerged as a promising paradigm for learning heuristic
routing solvers. Two main RL-based paradigms have emerged in this domain:
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non-end-to-end (or ’learning-to-improve’) methods, in which the RL agent aug-
ments or hybridizes existing algorithms rather than solving the problem directly
(e.g., Kaleta and Śliwiński (2025)), and end-to-end approaches, which generate
complete solutions in a single pipeline (e.g., Kool et al. (2019)). While exact
methods and heuristic approaches solve individual problem instances, Machine
Learning (ML) models attempt to learn a policy that generalizes across a dis-
tribution of instances. Once trained, such models can produce solutions with
relatively low inference cost and execution time. In this framework, instances are
modeled as complete graphs, where node feature encoders map spatial location
coordinates and demand attributes into rich latent embeddings. An autore-
gressive decoder then utilizes these embeddings to construct valid vehicle tours
sequentially. Models like the attention-based architecture proposed by Kool
et al. (2019) have demonstrated strong performance and fast inference times.

Despite these advances, the vast majority of deep learning approaches for
vehicle routing rely on off-the-shelf, standard architectures—such as standard
transformer layers or multi-layer perceptrons—without adapting the internal
structural topology of the encoder to the specific structural properties of rout-
ing graphs. Manually designing effective neural architectures remains a time-
consuming, empirical process based largely on trial and error. Neural Archi-
tecture Search (NAS) offers an automated alternative to systematically explore
candidate model topologies (Elsken et al., 2019). However, applying NAS to
combinatorial routing domains introduces significant computational challenges
due to the high cost of evaluating candidate architectures via RL training loops.

To address these limitations, this paper introduces an automated evolution-
ary search framework based on Cartesian Genetic Programming (CGP) (Miller
and Thomson, 2000) to design tailored GNN encoder computational graphs for
CVRP solvers. CGP employs a graph-based representation in the form of a
two-dimensional computational grid, making it uniquely suited for representing
GNNs as explicit directed computational graphs. This representation allows a
direct mapping between neural network structures and evolutionary individuals,
enabling flexible exploration of complex architectural designs. The proposed ap-
proach uses CGP to evolve the encoder architecture of the attention-based model
proposed by Kool et al. (2019). This involves defining the set of available neural
network operators and building blocks, designing the CGP representation and
search space, and selecting the parameters controlling the evolutionary process.
The architecture search is limited to the encoder of the model, which isolates
the encoder architecture as the main subject of the search and allows the impact
of architectural modifications to be evaluated independently of changes to other
components of the model. We incorporate a (1 + λ) evolutionary strategy, par-
tial weight inheritance, and an accelerated proxy evaluation scheme to efficiently
navigate the architecture space within bounded computational constraints.

The main contributions of this work are summarized as follows:

� We formulate a CGP-based NAS (CGP-NAS) framework for discovering
specialized GNN encoder topologies tailored for neural vehicle routing
solvers.
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� We demonstrate that CGP-NAS navigates the graph search space sig-
nificantly better than random search given an identical proxy evaluation
budget.

� We evaluate evolved architectures across synthetic CVRP benchmarks of
varying scales (CVRP10, CVRP20, CVRP50, and CVRP100). The dis-
covered topologies achieve superior solution quality or achieve up to a 66%
parameter reduction while matching standard baselines.

The remainder of this paper is structured as follows. Section 2 reviews re-
lated work in neural combinatorial optimization, classical VRP heuristics, and
hybrid reinforcement learning approaches. Section 3 formalizes the Capacitated
Vehicle Routing Problem and details the mathematical formulation of our pro-
posed RL architecture. Section 4 describes the experimental setup, training
methodology, and benchmark datasets used for evaluation. Section 5 presents
the empirical results, comparing our model’s performance against the baselines
in terms of solution quality and computation time. Finally, Section 6 concludes
the paper and discusses directions for future research.

2 Related Work

2.1 Deep Learning and Reinforcement Learning for Vehi-
cle Routing

The application of neural networks to routing problems dates back to Hopfield
and Tank (1985), who formulated the Traveling Salesperson Problem (TSP)
as an energy minimization problem using a recurrent neural network (Hopfield
network). Although progress remained limited for decades, the past decade
has witnessed accelerated advancements driven by Graph Neural Networks and
reinforcement learning. Early foundational work by Vinyals et al. (2015) in-
troduced Pointer Networks to sequence routing outputs using attention mech-
anisms. Subsequent architectures transitioned toward attention-based encoder-
decoder paradigms and introduced reinforcement learning in place of supervised
learning (Bello et al., 2016). Nazari et al. (2018) replaced the LSTM encoder
used in the Pointer Network with a feed-forward projection, allowing each node
to be embedded independently rather than sequentially, which enabled dynamic
state information. Kool et al. proposed a transformer-based architecture, em-
ploying a multi-head transformer encoder paired with an autoregressive decoder,
trained end-to-end via REINFORCE using a deterministic greedy rollout base-
line (Kool et al., 2019). This mechanism can be interpreted as message passing
over a fully connected graph, where each node aggregates information from
all other nodes, weighted by the corresponding attention scores. While effec-
tive, these paradigms typically use fixed, hand-crafted encoder architectures.
Research focusing on structural optimization of the underlying GNN computa-
tional graph for routing remains relatively limited.
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2.2 Neural Architecture Search and Evolutionary Algo-
rithms

Neural Architecture Search, popularized by Zoph and Le (2016), encompasses
automated techniques designed to replace manual, intuition-driven architecture
design with algorithmic optimization. Their approach uses a controller recurrent
neural network to generate architectural hyperparameters, from which the target
network is synthesized. Over the years, numerous NAS approaches have been
proposed, varying primarily in the way the search is performed and candidate
architectures are evaluated.

Baker et al. (2016) proposed a reinforcement learning approach based on
Q-learning to automatically design convolutional neural networks. Real et al.
(2017) demonstrated that a mutation-based evolutionary algorithm, in which
the genotype encodes specifies of architecture structure and hyperparameters,
can outperform manually designed networks. Zoph et al. (2018) observed that
modern neural networks are often composed of repeated computational struc-
tures and consequently, they proposed an algorithm that searches only architec-
tures composed of so called cells, showing that architectures found for smaller
image recognition problems, such as CIFAR-10, can be transferred to larger-
scale image recognition datasets, such as ImageNet. Liu et al. (2019) proposed
the DARTS architecture, which relaxes the discrete search space into a continu-
ous one, allowing architectures to be optimized directly using gradient descent.
This differentiable formulation significantly reduced the computational cost of
neural architecture search while achieving state-of-the-art performance.

Most of the above discussed approaches were designed for NAS in Convo-
lutional Neural Networks (CNNs), which were the primary focus of research
at the time. NAS was extended to GNNs by Gao et al. (2019) with Graph-
NAS, that employs a recurrent controller trained with the REINFORCE algo-
rithm to sequentially generate candidate architectures, which are then evalu-
ated on a downstream graph learning task. Unlike CNN-oriented NAS meth-
ods, the search space is specifically designed for graph neural networks and
includes graph-specific architectural choices such as aggregation functions, at-
tention mechanisms, hidden dimensionality, and the number of message-passing
layers. GraphNAS demonstrated that NAS can be successfully applied to GNNs.

2.3 Cartesian Genetic Programming in Architectural Search

Cartesian Genetic Programming is a variant of genetic programming introduced
by Miller and Thomson (2000). It represents a computational structure as a
directed acyclic graph arranged on a two-dimensional grid, hence the name
Cartesian. CGP is a general-purpose representation that can be applied to a
wide range of problems, including image filtering, digital circuit design, game-
playing agents, and neural architecture search.

Early CGP-based NAS implementations primarily relied on discrete encod-
ings and mutation-only strategies, employing a (1 + λ) evolutionary strategy
on directed acyclic graphs to design Convolutional Neural Networks for im-
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age classification benchmarks like CIFAR-10 (Suganuma et al., 2017). Subse-
quent enhancements expanded this scope by incorporating broader functional
operation sets, initializing populations with seeded topologies such as modified
ResNets and DenseNets, and implementing early candidate termination to sub-
stantially reduce evaluation costs across CIFAR-10 and CIFAR-100 benchmarks
(Suganuma et al., 2020). Demonstrating its domain-agnostic adaptability, CGP-
based NAS was later successfully applied to Natural Language Processing tasks
such as sentence classification (Wu et al., 2021).

More recent developments have modernized CGP-based NAS by overcom-
ing traditional limitations; for instance, introducing Multiple Sequence Align-
ment (MSA)-based crossover operators allows offspring to retain beneficial struc-
tural motifs without destroying phenotype integrity (Torabi et al., 2022), while
Continuous Cartesian Genetic Programming (CCGP) transitions to continuous
encodings to enable multi-objective optimization that simultaneously balances
classification performance alongside real-world efficiency constraints such as pa-
rameter size, inference latency, and power consumption (Garcia-Garcia et al.,
2023).

2.4 Research gaps and questions

Neural Architecture Search has been successfully applied to GNNs, while CGP
has also been investigated as a representation and search mechanism for neural
architecture optimization. At the same time, learning-based approaches have
become increasingly prominent for solving VRP. However, these research direc-
tions have largely developed independently. To the best of our knowledge, CGP
has not yet been explored as a NAS framework to evolve the encoder architec-
tures for attention-based routing models, such as proposed by Kool et al. (2019).
Our work addresses this gap by applying CGP-based architecture search to the
model’s encoder and evaluating whether automatically discovered architectures
can improve routing performance over the manually designed baseline.

The central hypothesis of this work is that CGP-based NAS can effectively
guide the exploration of the architectural search space, outperform random
search, and discover effective modifications of the original transformer-based
encoder. We formulate the following two specific research questions:

RQ1 Can CGP-based NAS consistently discover better encoder architectures
than random search under the same search space and computational bud-
get?

RQ2 Can CGP-based NAS evolve the original transformer-based encoder to
improve its routing performance?

While RQ1 evaluates whether the evolutionary search process can effectively
exploit information gathered during evolution rather than behaving similarly to
random exploration of the architecture space, RQ2 evaluates whether CGP-NAS
can discover effective modifications of an existing, manually designed architec-
ture. The original transformer-based encoder serves as the starting point of
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the evolutionary search, and the resulting architectures are evaluated across
different CVRP problem sizes.

3 Proposed Methodology

3.1 Underlying Problem Statement

The underlying Capacitated Vehicle Routing Problem is defined on a complete
directed graph G = (V,E), where C = {1, . . . , n} represents the set of customers
and V = {0}∪C represents the set of all vertices with 0 designating the central
depot. Each ordered pair (i, j) ∈ V × V with i ̸= j has an associated travel
cost cij > 0, and each customer i ∈ C has a known demand di > 0 with d0 = 0.
A fleet of vehicles K = {1, . . . , |K|}, each with maximum capacity Q satisfying
Q ≥ maxi∈C di, is stationed at the depot to serve customer demands.

The model utilizes binary decision variables xijk ∈ {0, 1} for all i, j ∈ V
with i ̸= j and k ∈ K, where xijk = 1 if vehicle k travels directly from vertex
i to vertex j, and 0 otherwise. Additionally, continuous auxiliary variables
ui ≥ 0 are introduced for each customer i ∈ C to enforce capacity constraints
sequentially and eliminate subtours.

The mathematical formulation of the CVRP is stated as follows:

minimize
∑
k∈K

∑
i∈V

∑
j∈V,j ̸=i

cijxijk (1)

subject to
∑
j∈C

x0jk ≤ 1 ∀k ∈ K (2)

∑
k∈K

∑
j∈V,j ̸=i

xijk = 1 ∀i ∈ C (3)

∑
j∈V,j ̸=i

xijk −
∑

j∈V,j ̸=i

xjik = 0 ∀i ∈ V,∀k ∈ K (4)

∑
i∈C

di
∑
j∈V

xijk ≤ Q ∀k ∈ K (5)

uj − ui ≥ dj −Q(1− xijk) ∀i, j ∈ C, i ̸= j,∀k ∈ K (6)

di ≤ ui ≤ Q ∀i ∈ C,∀k ∈ K (7)

xijk ∈ {0, 1} ∀i, j ∈ V, i ̸= j,∀k ∈ K (8)

ui ≥ 0 ∀i ∈ C (9)

Objective function (1) minimizes the total routing costs across all vehicles.
Constraints (2) restrict each vehicle to at most one departure from the depot.
Constraints (3) ensure that each customer is visited exactly once by one ve-
hicle. Constraints (4) guarantee flow conservation for each vehicle at every
vertex. Maximum vehicle capacity is not exceeded due to constraints (5). Con-
straints (6)-(7) enforce Miller-Tucker-Zemlin subtour elimination. Finally, bi-
nary requirements on arc traversals per vehicle and non-negativity are specified
in (8)-(9).
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Figure 1: General form of CGP; Nodes 0, . . . , n−1 represent inputs while nodes
O0, . . . , Om represent outputs (source: Miller (2011)).

3.2 Cartesian Genetic Programming

Cartesian Genetic Programming represents program structures and computa-
tional graphs as directed acyclic graphs indexed within a 2D grid (Miller and
Thomson, 2000; Miller, 2011). The genotype has a fixed length determined by
the number of rows and columns in the grid. Each node in the grid repre-
sents a primitive computational unit, such as a mathematical function, a logical
operator, or a neural network component.

Each node corresponds to a gene defined by its function type and the indices
of its input connections. The position of a gene in the genotype determines the
identifier of the corresponding node in the graph. Connections are restricted
according to the position of nodes in the grid. A node can receive inputs only
from nodes located in preceding columns. The gene for a node i is represented
as a tuple

(Fi, C0,0, . . . , C0,α) (10)

in which Fi denotes the operation performed by the node, and C0,0, . . . , C0,α is
a list of indices of the node’s inputs. The genotype architecture is illustrated in
Figure 1.

A defining feature of CGP is the decoupling of the genotype from the phe-
notype. Because of the graph structure, only a subset of nodes takes part in the
computation. This creates room for structural redundancy and neutral drift.
Neutral drift is a key component of CGP and occurs when a mutation affects
an inactive gene, resulting in the offspring having the same fitness as its parent.
In this case, the offspring is always preferred, which allows the search process
to better explore the search space.
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3.3 Overall Framework Architecture

Our architecture search framework builds upon the attention-based encoder-
decoder model introduced by Kool et al. (2019). To isolate the effect of ar-
chitecture search, the evolutionary process is restricted to the encoder. The
decoder, reinforcement learning framework, and other components of the base-
line model remain unchanged. As a result, differences in routing performance
can be attributed primarily to changes in the encoder architecture rather than
to modifications of the overall solution framework.

The overall CGP-based architecture search procedure is summarized in Al-
gorithm 1. The evolutionary loop begins by initializing and evaluating a single
parent architecture. Until the evaluation budget is depleted, offspring are pro-
duced via mutation; if an offspring’s expressed phenotype matches its parent, it
instantly inherits the parent’s fitness score without consuming budget, leverag-
ing CGP’s neutral drift to explore the search space efficiently. Otherwise, the
child is trained and evaluated at the cost of one budget unit. Any offspring
matching or improving upon the parent’s score becomes the new parent for
subsequent generations.

Algorithm 1 General concept of proposed CGP-NAS method

1: parent← initialize parent()
2: parentScore← evaluate(parent)
3: while budgetRemaining > 0 do
4: children← produce offspring(parent)
5: for each child in children do
6: if phenotypes match(child, parent) then
7: childScore← parentScore
8: else
9: childScore← evaluate(child)

10: budgetRemaining ← budgetRemaining − 1
11: end if
12: if childScore ≤ parentScore then
13: parent← child
14: parentScore← childScore
15: end if
16: end for
17: end while
18: return parent

3.4 CGP Representation for GNN Encoders

A genome representing the encoder architecture consists of a sequence of genes
that encode a directed acyclic computational graph whose nodes are arranged on
a two-dimensional rectangular grid. Each gene describes a single computational
block and therefore corresponds to one node of the computational graph. A
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gene is represented as a tuple of the following form:

GENE := (TYPE, [INPUTS], ARGUMENT?) (11)

where TYPE is the type of the computational block, INPUTS is the list of iden-
tifiers specifying the inputs to the block, and ARGUMENT is an operation-specific
parameter if required by the selected block type.

The functional block primitives were selected to represent standard neu-
ral operations while providing the evolutionary process sufficient flexibility to
modify feature transformations, attention, nonlinearities, and the connectivity
between different computational paths. The computational block types utilized
in the architecture are summarized in Table 1.

Table 1: Overview of Computational Block Types

ID Block Type Description

1 Identity Returns the input unchanged.
2 Normalization Applies batch normalization to the input embed-

dings.
3 Linear Scaling Applies a learnable linear transformation whose

output dimension is determined by the scaling ar-
gument.

4 Multi-Head Attention Performs multi-head self-attention over the input
representations.

5 Add Projects all input tensors to a common em-
bedding dimension if needed, and returns their
element-wise sum. This is the only block that
can accept more than one input.

6 GELU Applies the Gaussian Error Linear Unit activation
function.

7 ReLU Applies the Rectified Linear Unit activation func-
tion.

The Linear Scaling block is the only computational block that accepts an
explicit argument. Depending on the value of the argument, the embedding
dimension can be increased by a factor of four (up to a maximum of 4096),
reduced by a factor of four (down to a minimum of 8), or left unchanged.

The encoder computational graph is encoded with a grid consisting of N
rows and M columns of functional nodes indexed sequentially. The genome
contains N ×M + 1 genes, since the additional gene represents the output of
the entire network and is always of type Add, allowing it to aggregate one or
more outputs produced by the last column of computational blocks. To prevent
feedback loops and limit the connectivity of the computational graph, every
node may receive inputs only from nodes in the immediately preceding column.

The input embedding initially has a fixed dimensionality. However, the
Linear Scaling block may increase or decrease the embedding dimension along
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individual branches of the computational graph. Consequently, tensors arriving
at an Add block may have different dimensionalities. To ensure compatibility,
the Add block first projects each input back to the target embedding dimension
of the model using a learnable linear transformation whenever necessary, and
only then computes their element-wise sum.

The genotype contains all genes defined by the grid, however only a subset of
them may contribute to the network output. During decoding, traversal starts
from the output gene and recursively follows all referenced input connections.
Only visited genes are considered active and are instantiated as computational
blocks. Genes that are not reachable from the output gene are considered inac-
tive and do not contribute to the resulting neural network. As a result, different
genotypes may represent the same phenotype if their differences occur only in
inactive genes. This property plays an important role in the evolutionary search,
as mutations affecting inactive genes do not modify the expressed neural network
and therefore constitute neutral mutations.

Let us consider two illustrative examples of the genome representation and
related phenotype. First, consider the following genome of length 5, representing
a 2× 2 grid:

(2, [0]), (7, [1]), (5, [0]), (4, [3]), (5, [2, 4]). (12)

Figure 2a illustrates the corresponding computational graph, where node 0 rep-
resents the network input. For instance, (2, [0]) means that block of type 2
(Normalization) is the first block in the first row and is connected to the in-
put. It is followed by (7, [1]), that is, ReLU directly connected to the node 1.

(a) Phenotype 1 (b) Phenotype 2

Figure 2: Examples of two phenotype graph structures.

The second genome also represents a 2× 2 grid:

(2, [0]), (2, [1]), (2, [0]), (3, [1], 1), (5, [4]). (13)

The decoded computational graph is presented in Figure 2b. In this case, the
Normalization nodes 2 and 3 become inactive nodes and are omitted in the
resulting architecture.

3.5 Evolutionary Search and Partial Weight Inheritance

Once candidate architectures are represented as CGP genomes, the resulting
search space is explored through an evolutionary process. Starting from a sin-
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gle parent architecture, new candidates are generated through mutation and
evaluated according to their fitness. Based on these evaluations, the search
progressively explores different regions of the architecture space while retaining
promising solutions.

We employ a (1 + λ) evolutionary strategy (λ = 4) commonly used in CGP,
including in the original formulation by Miller and Thomson (2000). The evo-
lutionary search starts from a single initial parent genome, which can be either
generated randomly or constructed from a predefined neural network architec-
ture.

In each generation, λ offspring are generated from a single parent through
point mutations. Each offspring is generated as a copy of the current parent and
subsequently modified through a sequence of mutations. The number of muta-
tions is determined by the proportion of the remaining computational budget to
the total budget and follows an exponential decay schedule. As the search pro-
gresses and the remaining budget decreases, the number of mutations applied
to each offspring also decreases. Specifically, the number of mutated genes is
computed as:

m = max
{
1, ⌊0.5 · (|G| − 1) · e−k(1−r)⌋

}
(14)

where |G| denotes the genome length, k is the decay coefficient, and

r = Bremaining/Btotal (15)

is the fraction of remaining computational budget.
Each selected gene undergoes either a type mutation or an input mutation.

The probability of selecting an input mutation depends on the number of rows
R in the grid and is given by:

P (input mutation) =
R

R+ 7
. (16)

The probability of selecting a type mutation is defined as follows:

P (type mutation) =
7

R+ 7
. (17)

If the newly selected block requires operation-specific parameters, such as the
scaling factor of the Linear Scaling block, these parameters are initialized
randomly.

When mutating input connections, one input is always selected, while each
additional input (in case of Add block) is included with probability 0.5. Input
connections are sampled without replacement from the set of valid predecessors.

After all offspring have been evaluated, the best candidate is compared with
the current parent. If its fitness is better than or equal to that of the parent, it
replaces the parent in the next iteration. Otherwise, the parent is retained.

The evolutionary search requires a fitness score to compare candidate ar-
chitectures and select the parent for subsequent generations. Following Kool
et al. (2019), the architecture score is calculated as the mean tour length over
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the corresponding evaluation dataset, with lower values indicating better per-
formance. Greedy decoding is used to construct the routes during both proxy
and full evaluation. Evaluating individual candidates via full RL training from
scratch is computationally costly. To reduce this overhead, mutations restricted
to inactive genes are identified prior to training. Since such mutations do not
alter the expressed neural network, the offspring has the same phenotype as
its parent. Therefore, it inherits the parent’s fitness score without requiring
training or evaluation. As a result, the computational budget is consumed only
when an offspring requires an actual neural network training run.

To further reduce the computational cost of training offspring architectures,
partial weight inheritance is used, which is a well-known technique in NAS (Liu
et al., 2021). Before training an offspring, parameters are transferred from the
parent for computational blocks that occupy the same position in the genome
and have the same neural network module type. As a result, parameters that
remain compatible between the parent and offspring can be reused, while newly
introduced or dimensionally incompatible parameters are trained from scratch.

Finally, following common approaches in NAS, a proxy evaluation procedure
is used to estimate the performance of candidate architectures (Elsken et al.,
2019). The computational cost is reduced primarily by limiting the training of
each candidate to fewer epochs and fewer training instances per epoch. It is
worth noting that the term evaluation refers here to training a network for a
specified number of epochs and calculating its score after training. Accordingly,
two types of evaluation are used in this paper: 1) Proxy evaluation used during
the architecture search to quickly estimate relative performance with only 10
epochs, and epoch size equal to 12,800, and 2) Full evaluation used for the final
evaluation of selected architectures with 100 epochs, each of size 1,280,000.

4 Experimental Setup

4.1 CGP-NAS hyperparameters

The size of the CGP grid is selected separately for each experiment and is
therefore specified in the corresponding experiment sections.

The decay coefficient k in the mutation schedule defined in equation (14) is
fixed to k = 3 across all experiments. This value was chosen to provide a balance
between larger mutations during the early stages of the search, encouraging
exploration, and smaller mutations towards the end of the search, promoting
local exploitation.

The offspring population size is set to λ = 4, yielding a (1 + 4) evolutionary
strategy wherein four offspring are generated per parent in each generation. The
(1 + 4) strategy is commonly used in CGP and follows the configuration used
by Miller and Thomson (2000).
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4.2 Reinforcement Learning Hyperparameters

All candidate architectures are trained using the REINFORCE algorithm with
a deterministic greedy rollout baseline, following the hyperparameter choices
established by Kool et al. (2019). Models are optimized using the Adam opti-
mizer with a fixed learning rate of η = 10−4. Training batches consist of 512
synthetic CVRP instances generated online per step. The common model and
training parameters used across all experiments are summarized in Table 2:

Table 2: Common training and model configuration.

Parameter Value

Batch size 512
Embedding dimension 128
Hidden dimension 128
Attention heads 8
Tanh clipping 10
Gradient clipping 1.0
Baseline method Rollout
Optimizer Adam
Decoding strategy Greedy
Learning rate 10−4

4.3 Problem Benchmarks

The benchmark instances for the Capacitated Vehicle Routing Problem are gen-
erated synthetically using the procedure proposed by Nazari et al. (2018), and
later adopted by Kool et al. (2019). Experiments span four problem scales de-
noted with CVRPN , where N is equal to 10, 20, 50, or 100 customer nodes,
and vehicle capacity Q is 20, 30, 40, or 50, respectively. The depot location and
customer coordinates are sampled independently from a uniform distribution
over the unit square:

(xi, yi) ∼ U(0, 1) (18)

Customer demands are sampled uniformly from the integers 1 to 9 and nor-
malized by the vehicle capacity:

di ∼ U(1, . . . , 9) (19)

d̂i = di/C, C ∈ {20, 30, 40, 50} (20)

where C denotes the vehicle capacity and is set to 20, 30, 40, and 50 for CVRP10,
CVRP20, CVRP50, and CVRP100, respectively.

Three distinct dataset types are utilized: (i) Training datasets, generated
synthetically on the fly per epoch; (ii) Validation datasets, consisting of 10,000
offline-generated instances used for monitoring at epoch boundaries; (iii) Test
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datasets, comprising 10,000 fixed offline instances used exclusively for final eval-
uation.

4.4 Evolutionary Search Experiments

To address the research questions, two primary experimental protocols are es-
tablished:

1. Experiment I (CGP-NAS vs. Random Search): Designed to an-
swer RQ1, evaluating whether CGP systematically outperforms unbiased
random search. Both methods are executed across 10 independent search
runs on CVRP10 instances with a 15× 5 CGP grid layout, each starting
with randomly generated initial parent. Search budget is capped at 200
proxy evaluations per run. Each proxy evaluation trains the candidate
encoder for 10 epochs on 10,000 synthetic CVRP10 instances. The top-
performing candidate topologies discovered by each search strategy are
subsequently fully retrained from scratch for 100 epochs.

2. Experiment II (Evolution of Transformer Encoders): Designed
to answer RQ2, investigating whether CGP can enhance an established
single-layer transformer encoder baseline. The CGP grid is sized to 8× 5,
and the initial parent genotype is explicitly seeded to represent a stan-
dard single-layer transformer encoder (see Figure 3). Search is conducted
over 10 independent evolutionary runs under the (1 + λ) strategy. High-
performing candidate graphs are extracted and fully trained across CVRP10,
CVRP20, CVRP50, and CVRP100 instances to evaluate performance and
parameter efficiency against standard transformer baselines.

The CGP-based NAS method was implemented in Python using PyTorch
and executed on CUDA-enabled NVIDIA GPUs. The implementation of the
attention-based routing model is based on the implementation of Kool et al.
(2019), and was extended with the CGP representation, evolutionary search
procedure, genotype-to-phenotype decoding, mutation operators, and partial
weight inheritance described in the previous Section. The complete implementa-
tion, including experiment configurations as well as validation and test datasets,
is available in the source code repository https://github.com/laminowany/cgp-
nas-cvrp.

5 Results and Discussion

5.1 Comparison of CGP-NAS vs. Random Search

While in CGP-based NAS, new candidates are generated by mutating the cur-
rent parent according to the evolutionary procedure, in random search, each
candidate architecture is generated independently by randomly sampling a new
genome from the search space. Therefore, for a given computational budget of
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Figure 3: Single-layer transformer in CGP representation.

N evaluations, N architectures are randomly generated and the best-performing
one is selected.

To evaluate whether CGP efficiently navigates the space of GNN compu-
tational graphs compared to unbiased random sampling (RQ1), we analyze 10
independent runs for each setting under an identical evaluation budget of 200
proxy evaluations per run. That yields ten evolved architectures: CGP-1 to
CGP-10, and ten randomly search architectures: RND-1 to RND-10.

As shown in Table 3, CGP-NAS consistently converges to architectures
achieving significantly lower average tour lengths than random search. The
best score achieved by CGP-based NAS (4.8492) also clearly outperforms the
best score found by random search (4.9352). Regarding performance stability,
the proposed CGP-NAS method exhibits lower variability (σ = 0.009) compared
to random search (σ = 0.015).

Table 3: Performance Comparison of CGP-NAS and Random Search (CVRP10)
with proxy evaluation

Proxy Tour Length

Search Strategy Mean Best Worst

Random Search 4.9536± 0.015 4.9352 4.9825
CGP-NAS (Ours) 4.8695± 0.009 4.8492 4.8810

Figure 4a visualizes the distribution of architectures that clearly shows no
overlap between them. Figure 4b shows the best-so-far proxy score for each
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strategy as the evaluation budget increases. Random search shows relatively
little improvement after approximately 60 evaluations, while CGP-based NAS
continues to improve throughout most of the remaining evaluation budget, which
indicates the ability of CGP-NAS approach to search the space more effectively.

(a) Distribution of proxy scores (b) Mean best-so-far score

Figure 4: Random search vs CGP-NAS at proxy evaluation.

The three best-performing architectures discovered by CGP (CGP-5, CGP-
7, and CGP-8) and the three best-performing architectures found via ran-
dom search (RND-2, RND-4, RND-6) were selected for full evaluation on the
CVRP10 and CVRP20 datasets. Table 4 presents the performance of these
architectures when trained from scratch.

Table 4: Experiment I: Full evaluation performance comparison of CGP and
random search (RND) architectures.

Architecture # parameters CVRP10 CVRP20

RND-2 11,305,376 10.4263 20.8635
RND-4 2,839,808 4.6629 6.4382
RND-6 816,288 4.7136 6.4890
CGP-5 215,072 4.6725 6.4359
CGP-7 156,448 4.6670 6.4340
CGP-8 437,024 4.6858 6.4533

The CGP-based architectures demonstrate consistent performance with low
variance across runs (mean score: 4.6751 ± 0.008), whereas random search
exhibits significant instability. Surprisingly, the best individual solution for
CVRP10 was achieved by RND-4. In contrast, RND-2 performed the worst,
displaying severe convergence issues during full training. RND-2 features an
excessively large parameter count and an overly complex topology (see Fig.
5), which likely hindered optimization during full training. Notably, all CGP-
discovered architectures are significantly smaller in parameter size; among them,
the largest model (CGP-8) achieved the worst score within the CGP group.
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Figure 5: Architecture topology of RND-2.

Figure 6: The best performing randomly searched architecture (RND-4).

These results confirm that our evolutionary approach using proxy evalua-
tions outperforms the random search under full evaluation, with performance
transferring effectively to larger CVRP20 instances. The surprisingly strong
performance of RND-4 on CVRP10 highlights that a 10-epoch proxy evalua-
tion may not always be a perfectly stable or precise predictor of full training
performance. Detailed analysis of the evaluation trajectories reveals that while
most architectures follow similar convergence paths, RND-4 progresses relatively
slowly during early epochs before accelerating around epoch 40 to match and
ultimately surpass the best CGP-based architectures. While extended proxy
budgets could improve fidelity, determining the optimal proxy duration a priori
remains non-trivial. Thus, the 10-epoch proxy serves as a practical trade-off
between computational budget and predictive accuracy, providing a reliable
guidance signal rather than an exact performance guarantee. As shown in the
next section, this 10-epoch proxy scheme is effective enough to improve upon
the transformer-based baselines.

Figures 6 and 7 illustrate the best-performing architectures discovered by
random search and CGP evolution, respectively. It is notable that RND-4
(29 active computational nodes, excluding Identity nodes), is substantially
more complex than CGP-5 (18 active nodes). This suggests that the strong
performance of RND-4 stems primarily from higher representational capacity
via parametr over-parametrization rather than structural efficiency. Although
RND-4 did not show an advantage during the proxy evaluation stage, its ca-
pacity enabled high performance under extended training. However, random
generation remains computationally expensive and unreliable on average, ren-
dering RND-4 an outlier rather than a systematic success.
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Figure 7: The best performing CGP-based architecture (CGP-5).

5.2 Evolution of Transformer Encoders

In this experiment the CGP was initialized with a single-layer transformer en-
coder genotype to examine whether structural mutations could discover superior
topologies (RQ2). In each evolutionary run, the initial parent has the same ar-
chitecture of a transformer, but may differ in trained parameters and therefore
it has different initial proxy score. Table 5 presents results of proxy evaluations
of 10 runs. The proxy scores of the initial transformer vary between 4.9589 and
4.9949.

The CGP-based NAS method manages to improve the initial transformer
in all 10 runs. The best final proxy score is achieved by EVO-6 with 4.8609,
followed by EVO-3 with 4.8679 and EVO-4 with 4.8693. The top-performing
initial transformer baseline achieved a proxy score inferior to even the lowest-
performing evolved architecture. Following this initial results, three architec-
tures: EVO-6, EVO-3, and EVO-4 were selected for the full evaluation.

Table 5: Proxy evaluation results of CGP-based NAS runs initialized with a
single-layer transformer.

Proxy Tour Length

Mean Best Worst

Initial transformer 4.9785± 0.011 4.9589 4.9949
CGP-NAS 4.8771± 0.009 4.8609 4.8896

The three selected architectures have been further evolved with a full eval-
uations on CVRP10 instances, and then, the resulting architectures have been
tested against larger datasets. The results of full evaluation are collected in
Table 6. They show that the evolved architectures remain competitive with
the single-layer transformer across the larger problem sizes. EVO-3 achieves
the best score on CVRP20 and CVRP50, with scores of 6.4628 and 11.0324,
respectively. On CVRP100, the best score is achieved by EVO-6 with 16.7204,
closely followed by EVO-3 with 16.7213. EVO-3 is particularly interesting, as
its encoder contains 197,504 trainable parameters, almost the same number as
the original transformer with 197,760 parameters, while achieving a better score
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on all problem sizes.
The evolved architectures also differ considerably in their parameter counts.

EVO-4 contains only 67,072 encoder parameters, approximately 66% fewer than
the transformer, while remaining relatively competitive across all evaluated
problem sizes. In contrast, EVO-6 is the largest architecture with 280,064 pa-
rameters and achieves the best result on CVRP100. These results show that
the evolutionary process discovers architectures with various levels of complexity
rather than simply increasing the size of the initial transformer.

Overall, the results suggest that the architectural modifications discovered
during the search on CVRP10 can transfer to larger problem sizes. In particular,
EVO-3 consistently outperforms the transformer on CVRP20, CVRP50, and
CVRP100 without increasing the number of encoder parameters. However, the
differences in routing scores remain relatively small, and the evaluation is based
on a single full training run for each architecture and problem size. Therefore,
the results should not be interpreted as conclusive evidence that the evolved
architectures generally outperform the transformer.

Table 6: Full evaluation of the three best evolved architectures and the single-
layer transformer on CVRP10, CVRP20, CVRP50, CVRP100.

Architecture
ID

Encoder
Params

CVRP10
Score

CVRP20
Score

CVRP50
Score

CVRP100
Score

Transformer 197,760 4.6894 6.4633 11.0679 16.7780
EVO-3 197,504 4.6824 6.4628 11.0324 16.7213
EVO-4 67,072 4.6985 6.4762 11.1093 16.8082
EVO-6 280,064 4.6874 6.4670 11.0613 16.7204

We also compared our evolved architectures on publicly available datasets
used by Kool et al. (2019). We compared them against single-layer transformer,
but also against the original implementation of the three-layered transformer
proposed by Kool et al. and our reproduced implementation. Result are pre-
sented in Table 7.

On CVRP20 and CVRP50, the original three-layer model achieves the best
results, both in the values reported by Kool et al. (2019) and in our repro-
duction. However, on CVRP100, EVO-3 and EVO-6 achieve the best score of
16.77, outperforming both the reported score of 16.80 and the reproduced score
of 16.91. It is also worth noting that EVO-3 contains less than one third of the
encoder parameters of the original three-layer transformer, while achieving a
slightly better score on CVRP100. However, the difference on CVRP100 is very
small and should be interpreted with caution. The reported result of Kool et al.
(2019) and the results obtained in this work come from separately trained mod-
els, and the training process is stochastic. Therefore, these results do not provide
sufficient evidence to conclude that EVO-3 or EVO-6 generally outperform the
original model. Nevertheless, achieving comparable or slightly better perfor-
mance on CVRP100 is particularly interesting given that the evolved architec-
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Figure 8: Architecture of single-layer transformer.

Figure 9: Architecture of EVO-3.

tures originate from a single-layer transformer and were discovered through an
evolutionary search conducted only on CVRP10.

Table 7: Comparison of the selected architectures with the reported and repro-
duced results of Kool et al. on their test datasets.

CVRP20
Score

CVRP50
Score

CVRP100
Score

Kool et al. (reported) 6.40 10.98 16.80
Kool et al. (reproduced) 6.41 11.00 16.91
Single-layer transformer 6.47 11.09 16.82
EVO-3 6.46 11.05 16.77
EVO-4 6.48 11.13 16.85
EVO-6 6.48 11.08 16.77

5.3 Architectural Analysis of Evolved Architectures

Beyond numerical performance, analyzing the structural modifications intro-
duced by the evolutionary process yields valuable architectural insights. Sim-
plified phenotypes (inactive and Identity nodes excluded) of the single-layer
transformer and three architectures selected for full evaluation, EVO-3, EVO-4,
and EVO-6 are presented in Figures 8-11.

The single-layer transformer consists of two main blocks. The first is a multi-
head attention block with a residual connection. The second is a feed-forward
block consisting of a Linear transformation that scales the embedding dimen-
sion up, followed by a ReLU activation and another linear transformation that
scales the dimension back down. This block also includes a residual connec-
tion. Both blocks are followed by Normalization. This structure follows the
standard transformer architecture commonly used in the literature.
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Figure 10: Architecture of EVO-4.

Figure 11: Architecture of EVO-6.

While EVO-3 preserves the main structure of the transformer, it simplifies
its architecture. It removes the residual connection around the feed-forward
block and replaces one of the normalization operations with a ReLU activation.
The number of trainable parameters is almost identical (197,504 vs. 197,760),
which shows that the improvement in performance cannot be explained by an
increase in the parameter count alone.

EVO-4 differs substantially from the initial transformer architecture. The
input is split into two parallel branches, which are later combined using an
Add operator. While one branch preserves the Attention operation, the stan-
dard transformer residual and feed-forward structures are no longer present.
Instead, the architecture relies heavily on normalization and activation oper-
ations. EVO-4 is also considerably smaller, containing only 67,072 trainable
parameters, approximately 66% fewer than the single-layer transformer.

EVO-6 is the most complex of the three selected architectures and differs sub-
stantially from the initial transformer. It contains two consecutive Attention

operators and multiple parallel branches. This increased structural complexity
is also reflected in the parameter count, with EVO-6 containing 280,064 train-
able parameters compared with 197,760 in the single-layer transformer. EVO-6
performs particularly well on CVRP100, but its larger size makes it difficult
to separate the effect of the architectural changes from the increased model
capacity.

Overall, the three evolved architectures differ substantially from each other,
both in their structure and parameter count. This demonstrates the diversity of
solutions explored by the CGP-based search, ranging from the relatively simple
EVO-4 to the more complex EVO-6. Importantly, the search does not con-
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verge towards a single type of modification of the transformer, but discovers
several structurally different architectures that remain competitive. This sug-
gests that multiple different encoder structures can provide effective solutions
for the CVRP within the investigated search space.

6 Conclusion

In this work, we presented an automated Neural Architecture Search framework
based on Cartesian Genetic Programming to design specialized Graph Neural
Network encoder architectures for the Capacitated Vehicle Routing Problem.
By isolating structural evolution to the node feature encoder while keeping the
autoregressive decoder and REINFORCE training procedure fixed, our method-
ology directly evaluates feature representation capabilities. Combining CGP’s
flexible grid encoding, neutral drift, partial weight inheritance, and fast proxy
evaluation enables efficient exploration of high-dimensional operation spaces.

Empirical evaluations across CVRP benchmarks demonstrate two primary
conclusions:

1. CGP-NAS significantly outperforms random search under identical proxy
evaluation budgets, confirming the sample efficiency of guided evolution-
ary operators.

2. When seeded with standard transformer baselines, CGP-NAS discovers
novel non-sequential architectures (such as EVO-3) that match or exceed
single-layer transformer performance while achieving up to a 66% reduc-
tion in parameters. Furthermore, architectures evolved exclusively on
small instances (CVRP10) generalize effectively to larger routing instances
(CVRP100). The discovered architectures remain competitive with stan-
dard three-layer transformers – even outperforming them on larger in-
stances (CVRP100) while requiring significantly fewer parameters. Over-
all, despite the inherent approximations of proxy evaluations, CGP-NAS
provides a robust, sample-efficient alternative to random exploration for
discovering tailored GNN encoders.

The resulting architectures are diverse and represent interesting competi-
tive solutions to the initial transformer architecture. Despite limitations of the
proxy evaluation, CGP-NAS is able to guide the architecture search more effec-
tively than random search and can discover effective modifications to an existing
transformer encoder.
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