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Abstract

Recent advances in Neural Combinatorial Optimization
(NCO) methods have significantly improved the capability of
neural solvers to handle synthetic routing instances. Nonethe-
less, existing neural solvers typically struggle to generalize
effectively from synthetic, uniformly-distributed training data
to real-world VRP scenarios, including widely recognized
benchmark instances from TSPLib and CVRPLib. To bridge
this generalization gap, we present Evolutionary Realistic In-
stance Synthesis (EvoReal), which leverages an evolutionary
module guided by large language models (LLMs) to gener-
ate synthetic instances characterized by diverse and realis-
tic structural patterns. Specifically, the evolutionary module
produces synthetic instances whose structural attributes sta-
tistically mimics those observed in authentic real-world in-
stances. Subsequently, pre-trained NCO models are progres-
sively refined, firstly aligning them with these structurally en-
riched synthetic distributions and then further adapting them
through direct fine-tuning on actual benchmark instances. Ex-
tensive experimental evaluations demonstrate that EvoReal
markedly improves the generalization capabilities of state-
of-the-art neural solvers, yielding a notable reduced perfor-
mance gap compared to the optimal solutions on the TSPLib
(1.05%) and CVRPLib (2.71%) benchmarks across a broad
spectrum of problem scales.

Code — https://github.com/HenryZhu1029/EvoReal
Extended version — https://arxiv.org/abs/2511.10233

1 Introduction
Being a longstanding NP-hard challenge, Vehicle Routing
Problems (VRPs) represent a classic family of combina-
torial optimization problems (COPs) (Bengio, Lodi, and
Prouvost 2021; Cappart et al. 2023) widely encountered
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in the field of logistics (Cattaruzza et al. 2017) and public
transportation (Konstantakopoulos, Gayialis, and Kechagias
2022). In recent years, Neural Combinatorial Optimization
(NCO) methods have demonstrated remarkable success in
tackling various VRPs through deep reinforcement learning
and attention-based models, achieving state-of-the-art per-
formance on synthetic VRP instances (Bello et al. 2017;
Kool, van Hoof, and Welling 2019; Li, Yan, and Wu 2021;
Drakulic et al. 2023; Ma, Cao, and Chee 2023). Despite this
progress, existing NCO models frequently exhibit limited
generalization when transitioning from synthetic, uniformly
distributed training data to real-world problem instances,
such as those found in benchmarks like TSPLib (Reinelt
1991) and CVRPLib (Uchoa et al. 2017). This distributional
shift significantly restricts their practical applicability (Joshi
et al. 2006; Bi et al. 2022; Gao et al. 2024).

On the other hand, LLM solvers exhibit strong gen-
eralization capabilities when confronted with new COPs
and distributions. Recent works leverage LLMs to dynam-
ically generate heuristics or evolve hyper-heuristics (Du-
flo et al. 2019; Drake et al. 2020), thus facilitating effi-
cient Evolutionary Search (ES) of heuristic spaces without
human bias (Yang et al. 2024). Noteworthy endeavors in-
clude FunSearch (Romera-Paredes et al. 2024), EoH (Liu
et al. 2024a), and ReEvo (Ye et al. 2024). However, existing
LLM-based approaches often encounter challenges when
handling tasks that require extensive contextual informa-
tion, typically demonstrating reduced coherence and accu-
racy in the processing of extended textual descriptions (Yang
et al. 2024; Xu et al. 2025). Consequently, these approaches
exhibit significant limitations when addressing medium- or
large-size instances (e.g., instances involving more than 50
nodes), thus compromising their ability to effectively gener-
alize to real-world VRP instances.

Motivated by these observations, we propose EvoReal, a
novel data-centric framework explicitly designed to enhance
the generalization capabilities of NCO models for real-
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Figure 1: Overall workflow of EvoReal including LLM-guided generator evolution and progressive fine-tuning. Top Left:
Validation set and unseen test set are split, with validation problems grouped by distribution category for structural-specific
generator design. Top Right: LLM-driven module evolves generators which are evaluated on specific validation sets. Bottom:
Pre-trained models are progressively fine-tuned on data from the evolved generators and the validation set’s real instances.

world VRPs. Unlike prior approaches that evolve heuris-
tics or solvers for direct solution construction, we innova-
tively leverage LLMs to evolve data generators that facili-
tate model adaptation. At the core of EvoReal is an LLM-
driven evolutionary module, which generates synthetic VRP
instances structurally aligned with real-world distributions.
This module systematically evolves simplistic synthetic sce-
narios into diverse and complex distributions, effectively
capturing the intricate characteristics of real-world datasets.
Subsequently, we introduce a progressive fine-tuning strat-
egy which incrementally adapts pre-trained neural solvers
by transitioning through increasingly complex synthetic in-
stances toward actual real-world VRP scenarios. Conse-
quently, EvoReal facilitates smoother model adaptation by
progressively refining solver parameters and representa-
tions, effectively bridging the generalization gap between
synthetic data and real-world benchmark instances. We sum-
marize our contributions as follows. (1) We propose Evo-
Real, an LLM-guided evolutionary framework to synthesize
structurally realistic VRP instances, bridging the distribu-
tional gap between synthetic and real-world routing prob-
lems. (2) We introduce a progressive fine-tuning strategy,
which first adapts neural combinatorial solvers to diverse
LLM-evolved distributions and then further refines them on
real benchmark data, enabling effective domain adaptation
without architectural changes. (3) Extensive experiments on
TSPLib and CVRPLib benchmarks demonstrate that Evo-
Real significantly improves the generalization of SOTA neu-
ral solvers across a wide range of problem sizes, achieving
new state-of-the-art results and notably reducing the perfor-
mance gap between small and large instances. Notably, our
results demonstrate that this generator-based adaptation con-
sistently outperforms direct fine-tuning on real data alone.

2 Related Works
Constructive Neural VRP Solvers. Those models learn
policies to construct solutions in a step-by-step or one-shot
manner: Pointer Network (Ptr-Net) proposed by (Vinyals,
Fortunato, and Jaitly 2015) employed an encoder-decoder
network that generates solutions to VRPs sequentially.
Follow-up works utilize reinforcement learning (RL) to im-
prove Ptr-Net’s gradient update to generate better approxi-
mate solutions on TSP (Bello et al. 2017) and CVRP (Nazari
et al. 2018). More recently, NCO solvers have shifted to-
ward attention-based architectures, starting with the atten-
tion model (AM) (Kool, van Hoof, and Welling 2019), which
is versatile on a wide range of COPs. Policy optimization
with multiple optima (POMO) (Kwon et al. 2020), has fur-
ther promoted the capability of the attention-based model
on TSP and CVRP. Other constructive frameworks devel-
oped from AM and POMO illustrate their broader scalabil-
ity (Kwon et al. 2021; Choo et al. 2022; Kim, Park, and Park
2022; Chen et al. 2023; Chalumeau et al. 2023; Hottung,
Mahajan, and Tierney 2024; Lin et al. 2024).

Recent studies have investigated the severe generaliza-
tion ability decrement in unseen problem sizes or distri-
butions (Joshi et al. 2006; Liu et al. 2023). In the line of
size generalization, there are many attempts to generalize
solvers from small instances to larger ones (Lisicki, Afkan-
pour, and Taylor 2020; Kim et al. 2022; Bdeir, Falkner, and
Schmidt-Thieme 2022; Hou et al. 2023; Son et al. 2023).
Unlike approaches focused on scaling, considerable efforts
have been devoted to addressing cross-distribution gener-
alization, including works that augment training instances
on multi-distribution and multitasks (Goh et al. 2025), and
works which synergetically train a backbone model with
multi-distribution instances towards a generalizable solver
on out-of-distribution tasks (Zhou et al. 2023, 2024).
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Figure 2: LLM-driven evolution component in Fig.1. The pipeline within the blue rectangle block is repeated for N iterations.
Dotted arrows represent the proxy-evaluation of each generator; black arrows indicate the flow of generators. For each pair of
parents, the reflector LLM performs short-term reflection based on their relative performance, and this insight is used to guide
crossover for designing new offspring. Accumulated short-term reflections are further distilled into long-term ones, which guide
mutation to improve the current best generator. After mutation, populations are ranked and selected to maintain a fixed size.

Learning to Optimize with LLMs. Existing approaches
to improving generalization in combinatorial optimization
(CO) take advantage of the linguistic comprehension and
domain-specific competence of LLMs via prompt engineer-
ing to tackle COPs. These methods can be mainly divided
into two mainstreams: 1) LLMs are solution generators.
Early explorations in this line of research involve prompting
LLMs to solve graph-based COPs (Wang et al. 2023), itera-
tively refining current heuristics (Iklassov et al. 2024), pro-
gressively improving solutions by targeting better objectives
(Yang et al. 2024; Liu et al. 2024b; Elhenawy et al. 2024b),
and instilling LLMs with visual modalities of problems and
solutions (Elhenawy et al. 2024a; Huang et al. 2024). Re-
cently, training LLM for end-to-end CO has been attempted,
moving beyond prompting paradigms (Jiang et al. 2025a).
2) LLMs are heuristic designers. Explainable, task-oriented
heuristics in the form of codes are iteratively improved
throughout automatic heuristic generation and evaluation of
Evolution Algorithms (EA), the productivity of which out-
strips that of human experts (Romera-Paredes et al. 2024;
Liu et al. 2024a; Ye et al. 2024; Tran et al. 2025; Jiang
et al. 2025b). Among them, ReEvo (Ye et al. 2024) achieves
strong adaptability in many COPs under both white-box and
black-box prompt settings. In this paper, we focus mainly
on the utilization of LLMs as code designers. Distinct from
prior constructive neural solvers and LLM-as-optimizer ap-
proaches, our method leverages LLMs to evolve data gener-
ators, enabling a novel, generator-based adaptation pipeline
that outperforms direct fine-tuning on real data.

3 Methodology
In this section, we propose a novel LLM-guided evolu-
tion framework (EvoReal) that evolves VRP data genera-
tors to generate VRPLib-style distributions and a progres-

sive fine-tuning strategy that gradually shifts the generaliza-
tion ability of the pre-trained neural model on synthetic uni-
form instances towards VRPLib. The proposed LLM-guided
evolution approach is primarily comprised of two compo-
nents: LLM-driven evolutionary search and proxy evalua-
tion. Specifically, the LLM-driven evolution aims at gradu-
ally developing structurally specific generators, while in the
proxy evaluation, performance of each LLM-designed gen-
erator is accessed throughout training and monitoring the
progressive validation results. In the following part, by tak-
ing EvoReal for TSP as an example, we elaborate the gener-
ator evolution and progressive fine-tuning framework.

Generator Modularization. Fig.1 shows the entire
pipeline of our framework. For TSP, the evolution of data
generators is driven by various carefully-written prompt
strategies crafted for three types of generator, which gen-
erate different distributions of TSP. This ensures the cov-
erage of generated TSP distributions that emulate TSPLib-
like distributions. We combine the three evolved generators
to produce mixed-distribution TSP data for fine-tuning. To
ensure a wide range of problem sizes and distributions, we
select 70 TSPLib problems of size less than 5000, and then
carefully pick 48 problems (≈ 70%) for validation while
leaving the remaining 22 problems as a held-out unseen set.
Among the 48 validation problems, we further categorize
them into three types (i.e., S1, S2 and S3), each serving as
a specific validation set for one type of generator. Detailed
categorization methods are provided in the extended version.
For CVRP, we randomly select 70% problems from CVR-
PLib (SetX) for validation and direct fine-tuning, and the re-
maining 30% are left as the unseen set. The specifics of the
generation of CVRP are discussed in the extended version.
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Generator Evolution
We prompt the LLMs to transform latent generator con-
figurations into realistic routing distributions. Formally, let
hϕ : Z → X represent a data generator parameterized by
an LLM model ϕ, mapping a latent variable z ∼ Z (e.g.
seed generator) into a synthetic routing instance x = hϕ(z).
Throughout the evolution, we iteratively minimize the diver-
gence between the synthetic distribution of hϕ(Z) and the
target real-world distribution Dreal:

min
ϕ

Levolve(ϕ) = D (Dreal, D (hϕ(Z))) (1)

where D(·∥·) is a divergence measure (e.g., KL divergence,
average gap). This dual-level optimization framework ex-
plicitly captures how heuristic generation indirectly opti-
mizes the underlying combinatorial optimization problem
by aligning evolved heuristics with real-world structures.
Representation of Generators. Each generator h is de-
scribed by three components: 1) a function description de-
fines the format of input and describes valid output, 2) a code
implementing generation, and 3) a fitness score. The fitness
score, defined as a function f of h (i.e. f : h → R), serves
as the performance indicator of h on the validation set. An
example of an evolved generator that outputs TSP problems
is given in Fig.7 in section E of the extended version.
Proxy Evaluation. Following recent work (Ramji et al.
2024), we use an approach that leverages external proxy
metrics such as gaps or objective values as the divergence
measure D in Eq.1 to evaluate the quality of LLM-generated
outputs, in lieu of direct human or reference-based evalua-
tion. During the LLM-driven evolution, the proxy evaluation
is instantiated by measuring the average gap on the valida-
tion set, which serves as the proxy metric. The gap is the gap
between the objective value found and the best-known opti-
mum. Each generator only fine-tunes the model for a small
number of epochs (e.g. 10 epochs for LEHD), and the best
average gap on the validation set of each generator during
training is taken as the fitness score. Generators with lower
fitness scores are retained according to a fixed population
size, guiding generator selection without full fine-tuning.
This low-fidelity evaluation strategy substantially acceler-
ates the evolution search while presenting reliable indica-
tions of the proximity of the generated distributions to the
real ones, as is the standard in the neural architecture search
and hyperparameter optimization literature.
Population Initialization. Our evolutionary search frame-
work begins with population initialization, during which
a population of N generators h1, h2, ..., hN is initialized
by incorporating initialization prompts. These prompts in-
still LLMs with the prior knowledge about the distributions
that they are encouraged to explore and reproduce. Those
prompts are composed of a trivial blueprint of the seed gen-
erator and a design guidance, each as a hint for generat-
ing possible structures of satisfactory distributions. Ablation
studies in Section 5 show that external knowledge plays a
significant role in improving the performance of generators.
Evolution Process. In order to balance the effectiveness of
evolutionary search and the efficiency of fitness evaluation,
we incorporate targeted modifications into ReEvo (Ye et al.

2024) framework. Ours introduces a ranking-based selection
mechanism that increases the survival rate of elite genera-
tors, thereby accelerating the search process and reducing
token costs. In addition, by postponing the selection stage
until after mutation, we balance exploration and exploita-
tion, allowing more newly initialized generators to partici-
pate in crossover and mutation before selection. Table 5 in
Section 5 shows the elevated performance of the evolution
framework equipped with these modifications. We perform
the workflow in Fig.2 to search for the best generator by
repeating the evolution part for N iterations. The whole evo-
lution procedure can be summarized as the following steps:

• Step 1. Choose a specific type of generator to evolve. Ini-
tialize the code population by requesting LLMs to devise
N generators that align with the initialization prompts.

• Step 2. Expand the generator population by four prompt
strategies (i.e., crossover, mutation, short- & long-term
reflection) as exploration and modification operators.

• Step 3. Each new generator is then evaluated on their
structurally-specific validation set. Then it is added to the
population if both the code and the fitness score are valid.

• Step 4. Select k offspring generators based on the rank of
each generator individual. Ranks are calculated from fit-
ness scores and transformed into the probability of being
selected. The lower the fitness score, the more likely the
generator individual will be selected.

• Step 5. Repeat Steps 2 to 4.
• Step 6. Stop the iteration once the number of the genera-

tors evaluated reaches pre-set maximum or when no bet-
ter generator can be found for consecutive m iterations.

Once the evolutions are completed for all types of gener-
ator, we save the best generators for subsequent progressive
fine-tuning. Detailed explanations of prompt strategies and
evolution mechanisms are listed in the extended version.

Progressive Fine-tuning
After generator evolution, we progressively fine-tune neu-
ral models to real-world distributions. Ablation studies in
Section 5 show that directly fine-tuning pre-trained neural
solvers with TSPLib leads to limited generalization capa-
bility improvement compared to our progressive fine-tuning
strategies. Through comprehensive experimental results, we
demonstrate that our progressive fine-tuning framework ef-
fectively bridges the generalization gap between vanilla syn-
thetic distributions like uniform and heterogeneous real-
world instances without modifying model architectures. We
divide our progressive strategies into two phases.
Phase One. In the first phase of progressive fine-tuning, the
best-performing generator of all types evolved collabora-
tively generate large-scale synthetic data of the same prob-
lem size. By training pre-trained models to the disparate
node patterns in these diverse, TSPLib-style instances, neu-
ral solvers are better equipped to handle challenging patterns
in real-world scenarios through preliminary exposure to sim-
ilar structures. Compared to the proxy evaluation conducted
during LLM-driven generator evolution, phase one involves
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Method [0,200) [200,500) [500,1000) [1000,5000) Overall Time
Obj Gap Obj Gap Obj Gap Obj Gap Obj Gap

#Problems 27 15 6 22 70

Concorde 30558.67 0.00% 42279.13 0.00% 29658.17 0.00% 158431.73 0.06% 73166.50 0.02% 8h 59min
LKH-3 30558.67 0.00% 42279.13 0.00% 29658.17 0.00% 158384.22 0.03% 73159.18 0.01% 2h 45min
ORTools 31072.05 1.68% 43678.57 3.31% 30752.55 3.69% 165319.37 4.41% 75390.32 3.06% 14h 46min

DIFUSCO (Ts=50) 30830.64 0.89% 43336.11 2.50% 30758.49 3.71% - - - - -
SGBS 30803.14 0.80% 45187.94 6.88% 34750.47 17.17% 235035.03 48.44% 86670.34 18.48% 6h 29min
CNF (3) 30867.31 1.01% 46266.05 9.43% 38119.65 28.53% 251882.05 59.08% 90284.04 23.42% 1h 18min
BQ (greedy) 31270.68 2.33% 43623.61 3.18% 32122.76 8.31% 225740.66 42.57% 84614.77 15.67% 13min
BQ (bs16) 30907.04 1.14% 43200.82 2.18% 31295.30 5.52% 216493.80 36.73% 82603.09 12.92% 4h 7min
ELG (no aug) 31255.40 2.28% 44985.00 6.40% 32398.58 9.24% 178508.82 12.74% 78309.08 7.05% 7min
ELG (×8 aug) 30910.09 1.15% 43961.84 3.98% 32247.32 8.73% 176323.77 11.36% 77263.00 5.62% 39min
POMO (no aug) 32318.85 5.76% 48481.48 14.67% 38104.81 28.48% 272069.99 71.83% 95375.41 30.38% -
POMO (×8 aug) 31973.53 4.63% 46701.53 10.46% 37461.23 26.31% 261002.25 64.84% 92654.16 26.66% 26min
LEHD (greedy) 31179.01 2.03% 43441.81 2.75% 30859.32 4.05% 176181.27 11.27% 76999.66 5.26% 6min
LEHD (RRC-50) 30659.51 0.33% 42558.18 0.66% 30289.89 2.13% 168581.11 6.47% 74966.04 2.48% 1h 51min

POMO (ours): no aug 30946.76 1.27% 43192.36 2.16% 31366.48 5.76% 213754.57 35.00% 82259.28 12.45% -
POMO (ours): ×8 aug 30907.04 1.14% 43192.36 2.16% 31366.48 5.76% 209685.32 32.43% 81630.17 11.59% 26min
LEHD (ours): greedy 30986.49 1.40% 43116.26 1.98% 30666.54 3.40% 166839.40 5.37% 75302.53 2.94% 6min
LEHD (ours): RRC-50 30650.34 0.30% 42427.11 0.35% 29874.67 0.73% 162358.47 2.54% 73919.96 1.05% 1h 52min

Table 1: Performance comparison on 70 TSPLIB problems. Each entry shows the range-wise average objective and optimality
gap (%). along with the total inference time in the last column. The best results of all learning-based methods are in bold.

a greater number of training epochs. Additionally, we con-
tinuously assess model performance throughout phase one
using the 48 validation problems.
Phase Two. After aligning the neural model with a broader
range of structural priors in phase one, we fine-tune the
best-performed model saved in phase one with TSPLib in-
stances and validate the model on themselves. This enables
the model to shift from easy tasks (synthetic data) to ac-
commodate to hard cases (real-world instances) seamlessly,
forming a synthetic-real progression. By combining both
phases together, our strategy not only enables models to gen-
eralize from synthetic to real distributions, but also goes be-
yond standard curriculum or domain adaptation by sequen-
tially bridging both distributional and scale gaps.

4 Experimental Results
In this section, we evaluate EvoReal on TSPLib95 (Reinelt
1991) and CVRPLib setX (Uchoa et al. 2017).

Experimental Settings
Baselines. We employ four classic solvers as non-neural
baselines: Concorde (Applegate et al. 2006), ORTools, HGS
(Vidal 2022) and LKH-3 (Helsgaun 2017). For deep neural
solvers, POMO (Kwon et al. 2020), LEHD (Luo et al. 2023),
SGBS (Choo et al. 2022), BQ (Drakulic et al. 2023), ELG
(Gao et al. 2024), CNF (Zhou et al. 2024) and DIFUSCO
(Sun and Yang 2023). Importantly, POMO is trained using
reinforcement learning (RL) with policy gradient methods,
whereas LEHD employs a supervised learning (SL) scheme

that leverages optimal objective values. These models sam-
ple solely uniform distributions for training.
Training Setups. Hyperparameters have two sets: one for
proxy evaluation and the other for progressive fine-tuning.
We choose two representative attention-based neural models
for our study, namely POMO and LEHD. For both sets, we
leverage the evolved generators to produce TSP or CVRP of
size 100 for fine-tuning. In phase two, instances from VR-
PLib are expanded by a pre-set batch size as a single batch,
and they are expanded only once in one epoch. For LEHD,
Concorde solver and HGS are adopted to obtain the opti-
mum of TSP and CVRP, respectively. For generator evo-
lution, we use OpenAI model o3 to construct new genera-
tors. All evolution pipelines can be conducted on a single
NVIDIA RTX 3090 Ti GPU with 24GB memory, whereas
the progressive fine-tuning is performed on one NVIDIA
RTX A6000 GPU with 48GB memory. The complete hyper-
parameters are given in section D of the extended version.
Metric and Inference. We compare the results with dif-
ferent metrics with respect to different problem size inter-
vals, including average objective values, average gaps (to
the optimal average tour length), and total inference time.
In order to monitor the performance of models during the
proxy evaluation and progressive fine-tuning, we evaluate
the models’ performance at fixed epochs. At each valida-
tion point, we calculate the total average gap on the vali-
dation set as the performance metric with 8-fold augmenta-
tion for POMO or greedy mode for LEHD. The inference
time of classic non-neural solvers (CPU) and learning-based
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Method [0,200) [200,500) [500,1002) Overall Time
Obj Gap Obj Gap Obj Gap Obj Gap

Count 22 46 32 100

HGS-CVRP 27222.86 0.01% 53334.09 0.06% 102118.28 0.24% 63176.43 0.11% 16h 40min
LKH-3 27315.41 0.35% 53845.79 1.02% 103310.20 1.41% 63738.08 1.00% 27h 29min
ORTools 27802.65 2.14% 55514.15 4.15% 106987.85 5.02% 65637.60 4.01% 8h 4min

CNF (3) 28964.95 6.41% 61244.12 14.90% 143774.47 41.13% 76624.53 21.42% 10min 34s
ELG (no aug) 28921.39 6.25% 57342.41 7.58% 112081.53 10.02% 68199.75 8.07% 2m 15s
ELG (×8 aug) 28447.76 4.51% 56244.39 5.52% 109819.94 7.80% 66912.36 6.03% 5m 24s
POMO (no aug) 29822.38 9.56% 63685.36 19.48% 161266.20 58.30% 81862.41 29.72% -
POMO (×8 aug) 29057.50 6.75% 61270.77 14.95% 143794.84 41.15% 76693.95 21.53% 2m 17s
LEHD (greedy) 30309.62 11.35% 58339.16 9.45% 119946.19 17.74% 71008.01 12.52% 2m 18s
LEHD (RRC-50) 28556.65 4.91% 55823.30 4.73% 110298.74 8.27% 66830.32 5.90% 1h 10min

POMO (ours): no aug 28279.00 3.89% 55940.56 4.95% 108505.76 6.51% 66401.20 5.22% -
POMO (ours): ×8 aug 28178.29 3.52% 55754.01 4.60% 108189.96 6.20% 66180.32 4.87% 2m 6s
LEHD (ours): greedy 28782.57 5.74% 55700.70 4.50% 106172.85 4.22% 66060.42 4.68% 2m 36s
LEHD (ours): RRC50 27916.97 2.56% 54682.63 2.59% 104929.99 3.00% 64817.21 2.71% 1h 9min

Table 2: Performance comparison over 100 SetX problems, with average objective, optimality gap (%), and inference time. The
best result of all learning-based methods under each problem size range are marked in bold.

POMO (aug×8) [0,200) [200,1000) [1000,5000) Time

w/o Fine-tune 4.63% 14.99% 64.84% -
w/o Phase 1 1.63% 12.06% 44.85% 7h 41min
w/o Phase 2 1.10% 11.14% 43.06% 5h 42min
Full (ours) 1.11% 6.78% 36.48% 6h 37min

Table 3: Comparison of different POMO fine-tuning setups.
We use problem of nodes ≤ 500 with batch size 4 in TSPLib
for finetuning. All experiments are trained for 600 epochs.
The best result for each problem range is in bold.

models (GPU) are not directly comparable. For POMO,
LEHD, SGBS, CNF(3), ELG, DIFUSCO (Ts=50) we re-
port the performance of their pre-trained models with their
default settings. For BQ, we reproduced their model with
their original setups. For the classic non-neural solvers for
TSP, we set a maximum time limit according to problem
size n (Tmax = 1.8 ∗ n seconds for LKH-3 and ORTools,
and Tmax = 10 minutes for Concorde). As for non-neural
solvers for CVRP, we cite the results from Table 2 of HGS
paper (Vidal 2022). For POMO, we provide the results with
and without 8 times augmentation (×8 AUG and non aug).
With respect to LEHD, the inference results under both
greedy mode and RRC (with 50 iterations) are documented.

Main Results
The main experimental results for TSPLib and CVRPLib are
detailed in Table 1 and Table 2. As shown in Table 1, we ob-
served that compared to recent SOTA baselines, our method,
namely POMO (ours) and LEHD (ours) both significantly
reduce objective values and optimal gaps across all problem

LEHD - greedy [0,200) [200,1000) [1000,5000) Time

w/o Fine-tune 2.03% 3.12% 11.27% -
w/o Phase 1 2.55% 3.24% 8.7% 31 min
w/o Phase 2 1.97% 2.35% 6.08% 35 min
Full (ours) 1.40% 2.39% 5.37% 38.5 min

Table 4: Comparison of different LEHD fine-tuning setups.
We use problem of nodes ≤ 500 with batch size 4 in TSPLib
for finetuning. All experiments are trained for 40 epochs.
The best result for each problem range are in bold.

sizes. Markedly, with 50 RRC iterations, LEHD (ours) dom-
inates all other learning-based methods and ORTools across
all sizes. Even compared to LEHD (RRC-50) itself, most
gap reductions are more than a half, without notably increas-
ing the inference time. POMO (ours) also outstrips solvers
like SGBS, BQ and POMO, especially on large instances,
both with and without augmentation. Compared to the pre-
trained POMO, the gaps also dropped by more than a half.
Given that the model architectures for POMO and LEHD
remain intact, the inference time is only subject to trivial
variance. POMO (non-augmentation) and LEHD (greedy)
exhibit the lowest and second-lowest inference costs, respec-
tively, while the costs associated with their augmented vari-
ants remain within a manageable range.

Regarding the generalization in CVRPLib, we report the
same metrics as before in Table 2. Similarly to their TSP
counterparts, POMO (ours) and LEHD (ours) under both
non-augmented and augmented versions have witnessed
consistent performance improvement, particularly in large-
size instances. With 50 RRC iterations, LEHD under pro-

36596



Figure 3: Comparison of the performance of the evolved
generator with five the naive-distribution generators.

gressive fine-tuning has outperformed all neural solvers,
and the results surpass ORTools in other problem intervals
whereas it is still competitive against it with 0-200 nodes.
The total average gaps of ours are comparable in all prob-
lem ranges (of the largest gap difference being 2.68%), in-
dicating that progressive fine-tuning has significantly nar-
rowed the performance difference between small-size in-
stances and large-size ones. POMO under progressive fine-
tuning also demonstrates improved performance over ELG
and the original POMO across all problem sizes. It is worth
noting that LEHD (ours) show even smaller average gap in
large-size instances compared to small-size ones, possibly
due to overfitting on small-size problems in the second phase
of progressive fine-tuning. Additionally, all inference times
vary from those of pre-trained models at a marginal level.
Table 6 in the extended version also shows that with our
framework, neural solvers can also generalize well on the
problems unseen during training.

In summary, our EvoReal framework has substantially en-
hanced the models’ generalization capability on VRPLib,
particularly on large problems. Ablation studies in Table 3
and Table 4 further corroborate the efficacy of our method.

5 Ablation Studies
Phase Level Ablation. We investigate the impact of each
phase in progressive fine-tuning. Under two pre-trained
backbone models for TSP, we ablate phase one and phase
two separately, and report the range-wise average gaps and
the total training time of the full progressive fine-tuning
(Full), two ablation setups (w/o Phase 1 and w/o Phase 2) as
well as not fine-tuning at all (w/o fine-tune). As shown in Ta-
ble 3, the gaps in our full framework consistently outperform
other setups excluding problem size [0,200], in which the
gap marginally degrades 0.01% compared to without phase
2. Furthermore, compared to without phase 1, adding phase
1 markedly contributes to the performance improvement in
problem size [200,1000) and [1000,5000), while the perfor-
mance of without phase 1 is limited by the diversity of train-
ing instances. Similarly in Table 4, for LEHD-greedy, our
full framework is superior on both small-size and large-size
problems, with only minor degradation (at 0.04%) on the

Method Avg. Aug Gap (%)
W/O Finetuning 22.21 ±0.00
W/O LLM 19.79 ±0.25 (best: 19.46)
W/O Rank-based Selection 16.88 ±0.06 (best: 16.79)
W/O Design Guidance 16.62 ±0.05 (best: 16.56)
W/O Late Selection 16.55 ±0.07 (best: 16.50)

Full EvoReal 16.52 ±0.05 (best: 16.41)

Table 5: Ablation of key mechanisms in our evolution frame-
work. Each entry shows the average fitness score of top-5
generators, with standard deviation and the score of best one.

medium-size one. This further confirms that our progressive
design can synergistically narrow the gap while maintaining
an acceptable training cost. Fig.6 in the extended version
displays the training curves corresponding to Table 3 and 4.
Comparison with Naive Generators. We also compare
our evolved three TSP generators, combined into a single
generator, with five naive distribution generators, including
beta, exponential, binomial, Gaussian mixture, and Gaussian
stripe. All generators fine-tune the pre-trained POMO TSP
model for 100 epochs. The trends of the total average gap in
Fig.3 indicate that our evolved generator with mixed distri-
bution exceeds all naive distribution generators from the out-
set and ultimately converges at a much lower average gap,
substantiating that our evolved generator better captures the
structural characteristics of TSPLib distributions.
LLM Mechanism-level Ablation To verify the usefulness
of the modified components in our LLM-driven evolution
framework, we perform the generator evolution on S1-type
generator under different setups, including the removal of
rank-based selection, the removal of the design-guidance
prompt, and advancing the selection before evolution. We
use the manually-crafted seed generator to fine-tune the pre-
trained model for w/o LLM experiment. The performance
of the original model is also added for comparison (w/o fine-
tuning). The average fitness score of the top five elitist gener-
ators, along with the standard deviation and the fitness score
of the best generator in each setup, are reported in Table 5.

6 Conclusion and Future Works
This work introduces a novel LLM-guided evolution frame-
work for evolving VRP data distributions, combined with a
progressive fine-tuning strategy to progressively adapt neu-
ral solvers from synthetic to diverse real-world instances.
Our approach enables automated discovery and evolution of
real-world-aligned VRP data generators, bridging the gen-
eralization gap for two neural solvers. Experimental results
on two benchmarks demonstrate that the models trained
with our evolved structural-aligned generators significantly
outperform strong baselines, particularly on large-size in-
stances, without requiring architectural changes or costly re-
training. For future work, we will extend the LLM-driven
evolution framework to other non-VRP tasks, such as MIS
and bin packing, which involve richer structural and combi-
natorial constraints requiring expressive generator designs.
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