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Abstract

Neural combinatorial optimization (NCO) is a
promising learning-based approach to solving var-
ious vehicle routing problems without much man-
ual algorithm design. However, the current NCO
methods mainly focus on the in-distribution per-
formance, while the real-world problem instances
usually come from different distributions. A costly
fine-tuning approach or generalized model retrain-
ing from scratch could be needed to tackle the
out-of-distribution instances. Unlike the existing
methods, this work investigates an efficient prompt
learning approach in NCO for cross-distribution
adaptation. To be concrete, we propose a novel
prompt learning method to facilitate fast zero-shot
adaptation of a pre-trained model to solve routing
problem instances from different distributions. The
proposed model learns a set of prompts among var-
ious distributions and then selects the best-matched
one to prompt a pre-trained attention model for
each problem instance. Extensive experiments
show that the proposed prompt learning approach
facilitates the fast adaptation of pre-trained rout-
ing models. It also outperforms existing general-
ized models on both in-distribution prediction and
zero-shot generalization to a diverse set of new
tasks. Our code implementation is available online
at https://github.com/FeiLiu36/PromptVRP.

1 Introduction

The Vehicle Routing Problem (VRP) can be found in many
real-world applications such as logistics, transportation, re-
tail distribution, waste collection, and manufacturing [Toth
and Vigo, 2014]. TIts objective is to manage a fleet of ve-
hicles optimally, minimizing the total cost while satisfying
the demands of customers. As an NP-hard problem, ex-
act methods can hardly solve it efficiently, while heuris-
tic algorithms require costly handcrafted designs with do-
main knowledge. In contrast, neural combinatorial optimiza-
tion (NCO), which learns a heuristic based on neural net-
works, has received growing attention [Bengio et al., 2021;
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Raza et al., 2022; Bai et al., 2023; Bogyrbayeva et al.,
2024] due to its potential ability to generate high-quality
solutions without much human effort [Vinyals er al., 2015;
Kool et al., 2018; Bogyrbayeva et al., 2024].

Most existing neural combinatorial optimization methods
focus on solving in-distribution instances, while real-world
routing problem instances are typically from diverse distri-
butions. Therefore, their performance could deteriorate dra-
matically on out-of-distribution instances [Bi et al., 2022;
Zhou et al., 2023]. Recent efforts have focused on en-
hancing the generalization capabilities for out-of-distribution
tasks [Jiang ef al., 2022; Bi et al., 2022; Fu et al., 2021; Pan
et al., 2023; Manchanda et al., 2023; Drakulic et al., 2023;
Jiang et al., 2023; Zhou et al., 2023]. The majority of these
approaches involve training a single generalized model using
meta-learning techniques [Jiang et al., 2022; Bi er al., 2022;
Manchanda et al., 2023; Zhou et al., 2023], which can be
adapted effectively to tackle instances from different distribu-
tions. However, these methods often necessitate complex and
time-intensive meta-learning-based training, while the learn-
ing capacity is constrained by the fixed model structure.

This paper proposes a novel approach, which uses prompt
learning [Zhou et al., 2022; Liu et al., 2023] to enable fast
zero-shot adaptation of a pre-trained NCO model to tackle
out-of-distribution routing problem instances. As shown in
Figure 1, we keep the pre-trained encoder-decoder NCO
model fixed and efficiently learn a pool of key-prompt pairs
incorporated into the model for handling different problem
instances from diverse distributions. The cross-distribution
information is learned through the shared prompts. For solv-
ing a new problem instance, the most suitable key will be
automatically selected, and its matched prompt will be used
to adjust the pre-trained NCO model in a zero-shot manner
for better inference. In this way, the proposed prompt learn-
ing method can efficiently extend the learning capacity of the
pre-trained NCO model, demonstrating competitive general-
ization performance.

The contributions of this work are summarized as follows:

* We investigate how to incorporate prompt learning into
neural combinatorial optimization and propose the first
prompt learning method for solving cross-distribution
vehicle routing problems.

* We develop a novel and efficient prompt-based attention
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Figure 1: Three approaches for cross-distribution neural combinatorial optimization. a) Single-distribution Learning: Single-distribution
learning focuses on solving problem instances from the same distribution, and hence its performance usually significantly deteriorates for
out-of-distribution cases. b) Meta Learning: Meta learning builds a single model to handle problem instances from diverse distributions.
It requires a complicated and time-consuming training strategy, while the learning capacity might be limited by the static model structure.
¢) Prompt Learning (Ours): The proposed prompt learning incorporates a trainable key-prompt pool into a frozen NCO model to tackle
different problem instances across diverse distributions. For inference, it can automatically select the most suitable prompt for a given
instance, and adjust the prompt-based attention in a zero-shot manner to obtain better performance.

model to tackle different routing problem instances from
diverse distributions via fast zero-shot adaption.

* We evaluate our proposed prompt learning method on
extensive cross-distribution routing instances as well as
benchmark instances. With a much lower training cost,
our method achieves superior performance compared to
existing meta learning methods.

2 Related Works
2.1 Neural Combinatorial Optimization (NCO)

NCO intends to automatically learn a heuristic based on neu-
ral networks for solving combinatorial optimization prob-
lems. Compared to the other approaches, such as ex-
act methods and heuristic algorithms, it usually generate
high-quality solutions with a fast runtime [Bengio et al.,
2021]. As a result, NCO has gained much attention in
the past decade [Bengio er al., 2021; Bogyrbayeva et al.,
2024]. As one of the most important combinatorial opti-
mization problems, the vehicle routing problems have been
extensively studied in NCO works [Vinyals et al., 2015;
Bello et al., 2016; Nazari et al., 2018; Kool et al., 2018;
Li et al., 2022].

There are mainly two categories of works along this line:
the end-to-end construction-based methods [Vinyals er al.,
2015; Bello et al., 2016; Kool et al., 2018; Kwon et al., 2020;
Joshi et al., 2022] and the improvement-based methods [Chen
and Tian, 2019; Hottung and Tierney, 2019; Chen and Tian,
2019; Kool et al., 2022]. The former aims to construct a solu-
tion without any assistance from classical solvers, while the

latter incorporates additional algorithms to improve perfor-
mance. This work focuses on the construction-based method.

2.2 NCO for Cross-distribution Routing Problem

Several meta learning methods have been developed to im-
prove the out-of-distribution generalization performance for
routing problems. Jiang [2022] and Bi [2022] explored
the robust optimization over multiple geometrical distribu-
tions. Several works [Fu et al., 2021; Pan et al., 2023;
Manchanda et al., 2023; Drakulic et al., 2023] studied the
generalization to large-scale problems. Zhou [2023] consid-
ered generalization in terms of both problem size and ge-
ometrical distribution. Most of the existing works adopt a
single generalized model and use meta learning methods to
improve cross-distribution performance, which might lead to
time-consuming training and constrained learning capacity.

2.3 Prompt Learning

Prompt learning has recently gained significant attention in
many research areas, such as natural language processing
(NLP) [Liu et al., 20231, computer vision (CV) [Jia et al.,
2022; Zhou et al., 2022; Ge et al., 2023], and reinforcement
learning (RL) [Xu er al., 2022]. In NLP, seminal works like
GPT-3 [Brown et al., 2020] and InstructGPT [Ouyang et al.,
2022] showcase the effectiveness of prompts in guiding text
generation for diverse tasks. In CV, prompt learning can en-
able few-shot learning [Zhang et al., 2023] and improves im-
age captioning [Wang er al., 2023] by conditioning on spe-
cific instructions. In RL, prompt learning can leverage the
flexible adaption of prompts to enhance the few-shot policy
generalization performance [Xu et al., 2022].
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In recent years, many well-trained models have been de-
veloped for combinatorial optimization [Kool et al., 2018;
Kwon et al., 2020; Bogyrbayeva et al., 2024]. However, the
effective utilization of these pre-trained models has not been
thoroughly investigated. This paper proposes a prompt learn-
ing method to efficiently adapt a fixed pre-trained model for
addressing cross-distribution vehicle routing problems.

3 Prompt Learning for Routing

3.1 Problem Formulation

We denote a basic capacited vehicle routing problem (CVRP)
on an undirected graph G = (V,E). V = {vg,...,upn},
where vg is the depot and vq,...,v, are the n customers.
V. = {v1,...,v,} is the customer set. For the i-th customer,
there is a demand d;. E = {e;;},i,5 € {1,...,n} are the
edges between every two nodes. For each edge e;;, there is
an associated cost (distance) c;;. A fleet of homogeneous
vehicles with a capacity of C is sent out from the depot to
visit the customers and return to the depot. All the customer’s
demands should be served. Each customer must be visited
once. The objective is to minimize the total traveling distance
of all the routes with all the constraints satisfied.

3.2 Main Idea and Basic Framework

The typical constructive-based NCO methods [Kool et al.,
2018; Kwon et al., 2020] use an attention-based encoder-
decoder model to directly construct a valid solution (e.g., a
tour) for the mentioned routing problem. They learn the best
model parameters for the attention model to minimize the to-
tal distances. In this case, the objective of model training
would be:

0* = arg mginEng(g)E(T 1 0,G) (1)

where G represents the given instance, 6 is the model param-
eter, and 7 is the trajectory (e.g., tour) constructed by the
model. The goal is to find the best model parameter 6* to
minimize the average total distance (as the training loss £)
for T over a given distribution p(G).

When explicitly considering multiple distributions in
model training, most existing works treat each distribution as
a task and use meta learning for model training [Manchanda
et al., 2023; Zhou et al., 2023]. The objective is to learn a
single yet robust model parameter 6* that can generalize well
over various distributions.:

T
0" = argmin ; Egep, )L (T16,6) )

where T is the number of tasks, and p(G) represents the dis-
tribution over i-th task.

Different from the two approaches, we propose to incorpo-
rate prompt learning into the NCO model for tackling cross-
distribution vehicle routing problems. The objective can be
formulated as:

(Pr,.... P}
B 1 . Cir|P.o.G 3)
o iy L3 B0 (e P0.0)
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where {Py,..., Py} are M prompts, and P is the selected
prompt for each given instance. In this prompt-based model,
we can learn the M prompts instead of the entire set of model
parameters 6. The objective here is to learn the best prompts
that adapt the pre-trained model with a fixed # for across-
distribution performance.

As illustrated in Figure 1, our proposed prompt learning
consists of three main components: 1) feature extractor, 2)
prompt engineering, and 3) prompted model. We adopt pre-
trained attention networks as the feature extractor and the
model, which remain fixed during training and testing. The
keys are also predetermined based on the features of the ran-
domly generated training instances. The only adjustable com-
ponents are the prompts. The input instance is fed into both
the model and the feature extractor. The feature extractor con-
verts the input instance into a feature vector, allowing us to
identify the most appropriate key from the key-prompt pair
pool to match the input feature. The key and prompt are
coupled together. The associated prompt of the best-matched
key is then used to prompt the pre-trained model. A solution
is generated by the prompted model, based on the selected
prompt. The solution is used to calculate rewards for updat-
ing the selected prompt during training.

3.3 Feature Extractor

In this work, we directly use the encoder of the attention
model [Kool et al., 2018] as the feature extractor. The
encoder consists of L stacked multi-head attention (MHA)
blocks. The input of the encoder is the node features f;,i =
1,...,n. In our experiments, the input features for the i-th
node are denoted as f; = {x;,y;,d;}, where (z;,y;) are the
coordinates and d; is the demand. The input features are em-
bedded through a linear projection to generate the initial fea-

ture embedding hgo). The skip connections [He et al., 2016]
and instance normalization (IN) are used in each MHA layer:

WO = IN' (D 4 AL (RY, R0,
. . 4)
h{V = IN! (h + FF! (h)) ,

where [ and [ — 1 represent the current and last embedding
layers, respectively. The feedforward (FF) layer contains a
hidden sublayer with ReL.U activations. The above encoding

process generates the final node embeddings hEL).

Different from the commonly used feature extraction ap-
proach in CV and NLP, which uses the embedding of a spe-
cific hidden layer, we concatenate the embeddings from mul-
tiple layers. Specifically, we concatenate the output layer of
every MHA (before normalization):

Fl = % ; (ﬁgl*” + MHA (i}gl*“)), “

F =cat{F',F% ... FL},

where F! is the hidden embedding before the last norm
layer of the I-th MHA and F' is the concatenated feature
of all L layers. Each hidden embedding F' is averaged
over all n nodes to facilitate generalization across different
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problem sizes. The final output feature for prompt engi-
neering is adjusted by standard scalarization, given as F' =
(F — mean)/stand, where mean and stand represent the
mean and standard deviation of the preprocessing instances,
respectively. These preprocessing instances are employed for
determining the keys. The mean and standard deviation are
calculated element-wise.

3.4 Prompt Engineering

We maintain a key-prompt pair pool, which consists of M
key-prompt pairs {K;, P;},i = 1,..., M, where K; and P,
are the ¢-th key and prompt, respectively. Each pair has a
fixed key and a learnable prompt. For each input feature
F;, we find the best-matched key K = min S(F, Kj),j =
1,..., M, where S() is the distance function. The distance
function we employ is the Euclidean distance of the input fea-
ture and the key. The prompt P associated with K is then se-
lected to prompt the pre-trained neural solver. In each batch
with B instances, B keys are chosen, and the associated B
prompts are updated during training.

The keys K;,i = 1,..., M are predetermined vectors of
the same size as the feature. They remain fixed throughout the
training process. We randomly sample 128 instances from
each of the 341 distributions, resulting in a total of 43, 648
instances for generating the feature data. The 341 distribu-
tions are introduced in the Appendix. For each instance ¢, we
utilize the feature extractor introduced in equation (5) to ex-
tract the features F;. We divide the samples into four groups
based on problem sizes. For each group, we employ K-means
clustering to cluster the samples into N clusters. The cluster
centers of the features are then used as the keys. Ultimately,
we obtain M = 4- N vector cluster centers, which are utilized
as the keys for prompt learning.

For each key K;, we randomly initialize a vector as the
associated prompt P; according to a uniform distribution and
scale the prompt within the range [—1, 1].

The key-prompt pairs are connected only in terms of uti-
lization, meaning the associated prompts are used based on
selected keys. While their values are decoupled, we only up-
date prompts with key fixed during training. The structure
is intentionally kept simple, without dynamically adjusting
both keys and prompts. Furthermore, the sizes of the keys
and pairs are also different. The former is determined by
the feature size, while the latter should be sufficiently long
to prompt the pre-trained model, which is introduced in the
next subsection.

3.5 Prompted Model

We choose the well-known Attention model [Kool et al.,
2018; Kwon et al., 2020] as our pre-trained model because
it is extensively employed in various routing problems [Bo-
gyrbayeva et al., 2024]. The model consists of a six-layer
encoder and a one-layer decoder. During inference, the en-
coder inferences once, and the solution of the target routing
instance is generated iteratively by the decoder. The selected
prompts are used for prompting the six-layer encoder, which
allows more control over the pre-trained attention model.
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Encoder The structure of the pre-trained encoder is the
same as that used for the feature extractor. It consists of a six-
layer MHA, with the linear projection hi of instance feature

fi as the input and the final node embedding hEL) as the out-
put.

Prompted Encoder The selected prompt P from prompt
engineering is firstly split into L subprompts P!, =
1,...,L. Each subprompt P! is used for the corresponding
embedding layer of the pre-trained encoder. P' has a length
of D- E, where D is the number of tokens and F is the length
of the token. Then, the I-th subprompt P’ is reshaped into D

prompt tokens pl(.l),z' =1,...,D:

P={P',. .. PH}
0wy ©
These tokens are concatenated into the corresponding [-th
layer of the encoder. Specifically, for the I-th MHA, the D
prompt tokens are concatenated with the input hidden layer
as follows:

ORI
MY = IN
D prompt tokens

—_———
h(l71)+MHArEl) hg_lil)7~-.7h7('7,l_1)7p§l)7'.'7p(Dl) ’

K2

h{ = IN (ﬁi +FF! (h)) .
(N
As a result, the length of the input tokens of [-th layer of
MHA is always larger than the input tokens of [ — 1-th layer
by D. There will be n + L - D output embedding tokens in
the last layer of the encoder. We only use the first output n
embedding tokens for the decoder instead of all the n + L - D
tokens. The first n embedding tokens represent the n nodes of
the instance, which are controlled by the L - D prompt tokens.

Decoder The decoder constructs a solution sequentially. It
consists of one MHA layer and one single-head attention
(SHA) layer with clipping. The MHA is slightly different
from that used in the encoder, where the skip connection, in-
stance normalization, and FF sublayer are now not used [Kool
et al., 2018]. The ¢-th step of inference is as follows:

ho = MHA, (th), o B, th),at) ,
@ . ®)
wneun = SHAC (B, P ),
where th) and a; represent the embedding of selected node
and attribute in the ¢-th step, respectively. The output embed-
ding of MHA h,. is used as the input of the SHA. The SHA
outputs the probabilities of choosing the next node using a
softmax p; = 267;% with the unsatisfied nodes masked. We

omit the step indicator ¢ for readability. The detailed structure
of the MHA and SHA can be found in Kwon [2020].
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.. . 50 100 200

Method Training Cost Dis. Gap Time Dis. Gap Time  Dis. Gap Time
HGS / 1037 0.00% 14h 1548 0.00% 2.8h 21.87 0.00% 5.6h
LKH3 / 1042 049% 1.4h 1559 0.69% 28h 2289 4.69% 16.7h
POMO / 1098 592% 15s 1582 218% 27s 2327 641% 17s
Meta POMO >3d 10.77 3.89% 1.5s 1615 428% 29s 2314 583% 18s
Omni 3d 1099 598% 1.5s 1604 358% 29s 2280 4.29% 18s
Prompt 1d 10.70  320% 1.5s 1588 257% 29s 22.65 3.58% 18s
Prompt top-8 1d 10.63 251% 12s 1578 1.94% 23s 2258 325% 24m
POMO aug / 1072 3.40% 5s 15.69 1.36% 16s 23.00 5.19% 86s
Meta POMO aug  >3d 1060 222% S5s 1596 3.08% 16s 2290 4.75% 88s
Omni aug 3d 10.75 3.69% S5s 1586 243% 16s 2263 3.51% 88s
Prompt aug 1d 1054 1.67% 5s 1574 1.65% 16s 2246 2.74% 89s
Prompt top-8 aug  1d 1051 131% 40s 15.68 1.26% 2.1m 2243 2.56% 12m

Table 1: Comparison of different methods on three training distributions.

3.6 Training with Reinforcement Learning

We use the REINFORCE algorithm with a shared baseline
following Kwon [2020] to update the selected prompts in
each batch. We use greedy inference, i.e., a deterministic tra-
jectory 7 is constructed iteratively based on the policy. In
each construction step ¢, the next node v, is selected as the
one with the maximum softmax probability ¢ = arg max;(p;)
predicted by the decoder. n trajectories are constructed from
n different starting points.

The rewards R(71),..., R(7,) are the negative total dis-
tances of trajectories 71, ..., 7,. We use the following gradi-
ent ascent to update prompts P in each batch with size B:

VpJ(0,P)

B n
~ LSS (B 19) - b(s) Telozpor (] ).

i=1 j=1

)

where P and 6 are trained prompts and fixed parameters for
the model. s represents the instances. pg, p(T;) is the ag-
gregation of the probability of selection in each step of the
decoder based on both the fixed 6 and the prompts P. b(s) is

the shared baseline [Kwon et al., 2020].

4 Experiments

4.1 Experimental Setting

Model Settings We use the Attention model as our back-
bone pre-trained model. It is only trained on uniformly dis-
tributed CVRP instances of size 100. All the settings for the
pre-trained model are the same as that used in the paper of
Kwon [2020]. The number of encoder MHA layers is six and
the decoder consists of one MHA and one SHA.

The settings of the key-prompt pair pool are as follows:
The prompt size is set to be M = 16, and the number of
prompted tokens for each layer is D = 5. As there are L = 6
MHA layers in the encoder and the embedding size for each
token is 2 = 128, the lengths of the key and prompt vectors
are 6 - 128 = 768 and 5 - 6 - 128 = 3840, respectively.

Instance Generation We trained the model on a set of rout-
ing tasks with diverse sizes and geometrical distributions.

The detailed instance generation is introduced in the Ap-
pendix, which is the same as that used by Zhou [2023]. The
problem size ranges from 50 to 200 with both uniform dis-
tribution and various clustered Gaussian distributions. There
are in total 341 distributions.

Training Setup The prompts are trained with a batch size
of B = 64. The 341 distributions are sequentially used during
the training. In each batch, we randomly sample B instanced
from one distribution. As a result, every distribution will be
sampled in 341 epochs. The maximum number of epochs is
10,000 and there are 1,000 instances for each epoch. The
learning rate decays from le — 3 to 1e — 5. It takes only about
2.5 days on a single RTX 2080Ti with 11 GB GPU memory.

Baselines We compared our proposed prompt learning to
three different types of methods. 1) Baseline heuristic
VRP solvers: hybrid genetic search (HGS) [Vidal et al.,
2013], LKH3 [Helsgaun, 2017]; 2) NCO methods: basic
POMO [Kwon et al., 2020] trained on single-distribution,
and POMO [Zhou et al., 2023] trained on diverse distribu-
tion; 3) meta learning NCO methods: Meta-POMO [Man-
chanda et al., 2023], and the newest revision of meta-learning
method for omni-generalization on vehicle routing problems
(Omni) [Zhou et al., 2023]. The results for HGS and LKH are
obtained by executing the open-source code on the instances.
For the basic POMO, we train the model by ourselves on
CVRP of size 100 with uniform distribution. This model is
also utilized as the pre-trained model in our proposed prompt
learning approach. For the meta-learning methods, we uti-
lized the pre-trained model from Zhou [2023] as it was trained
on the same distributions as ours.

4.2 Results on Training Tasks

The results on training distributions are compared in Ta-
ble 1. For simplicity, we list the averaged results over 1,000
instances on three problem sizes with uniform distribution.
More results are included in the Appendix. We use HGS as
the baseline and compare the training cost, average distances
(Dis.), average gap to the baseline (Gap), and the inference
time cost (Time). We executed HGS and LKH with time lim-
its of 5s and 10s for problem sizes of 50 and 100, respec-
tively. For instances with a problem size of 200, the time
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50CL S50EA 50EO 50IM 50GR 50MX 100CL 100EA 100EO 100IM 100GR 100MX Avg.

HGS 0 0 0 0 0 0 0 0 0 0 0 0 0

LKH3 1.66% 153% 1.69% 181% 1.70% 1.62% 1.79% 1.61% 221% 3.61% 3.58%  3.80% 2.22%
Meta POMO 4.14% 3.56% 3.87% 395% 3.93% 358% 434% 373% 429% 432% 417%  3.80% 3.97%
Omni 461% 471% 520% 576% 5.63% 510% 332% 3.07% 3.81% 380% 3.67%  3.63% 4.36%
Prompt 393% 298% 312% 3.26% 3.23% 325% 375% 2.64% 2.88% 2.67% 2.52% 3.01% 3.10%
Meta POMO aug  2.33% 2.05% 2.10% 2.24% 2.18% 2.00% 297% 248%  3.05% 3.07% 295%  2.60% 2.50%
Omni aug 274% 2.80% 3.09% 351% 3.50% 2.96% 226% 198%  2.61% 2.66% 2.54% = 2.46% 2.76%
Prompt aug 197% 1.48% 151% 1.63% 1.66% 1.63% 2.36% 150% 182% 1.68% 1.56% 1.89% 1.72%

Table 2: Zero-shot generalization performance on 12 new distributions.

costs for each instance with HGS and LKH were 20s and 60s,
respectively. It should be noted that LKH3 is not fully con-
verged in some instances. We adopted the same data aug-
mentation method (aug) as in Kwon [2020]. Additionally, for
our prompt learning, we present the inference results using
the top-k matched prompts. Further discussion on the top-k
prompts is provided in the following section.

The proposed prompt learning method has a considerable
reduction in training costs when compared to meta-learning
methods. According to Zhou [2023], the second-order deriva-
tive method needs about 6 days and 71GB GPU memory and
the training cost can be reduced to 3 days on 25GB GPU with
a smarter strategy. For a fair comparison, we adjust the train-
ing cost of our prompt learning approach to match the exper-
imental settings of the meta-learning methods. Specifically,
prompt learning requires roughly 1 day on a 25GB GPU, con-
sidering the allowance for a larger batch size.

Our prompt learning model outperforms existing meta-
learning methods and the basic POMO model on all three
problem sizes in terms of average distances. The basic
POMO model with single-distribution learning overfits the
training distribution. Because the basic POMO is trained
on uniform distribution instances with a size of 100, it has
good performance on the 100 instances set but deteriorates on
the other two sizes. The two meta-learning methods’ perfor-
mance is more robust across different sizes compared with the
basic POMO. Our prompt learning further reduces the gap.
The prompt learning with the top 8 prompts ranks first in all
sizes.

4.3 Zero-shot Generalization

We demonstrate the zero-shot generalization performance of
prompt learning on new distributions that were not used dur-
ing training. We adopt the distribution proposed by Bi [2022],
which consists of a total of 12 different distributions, includ-
ing cluster (CL), expansion (EA), explosion (EO), implosion
(IM), grid (GR), and mixed (MX). Each distribution encom-
passes two different problem sizes, and we conduct tests on
1,000 instances for each distribution. We use HGS as the
baseline. The total execution times on each distribution for
both HGS and LKH on sizes 50 and 100 are 1.4h and 2.8h,
respectively.

Table 2 lists the zero-shot generalization performance on
the 12 new distributions. The best results are in bold. Our
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prompt learning achieves the best average results. The aver-
age gap to the baseline is about 3%. With data augmentation,
the gap can be further reduced to less than 2%.

4.4 Top-k Prompts

Instead of relying on a single best-matched prompt, we can
employ multiple prompts simultaneously during the inference
stage to enhance performance. To achieve this, we propose a
top-k strategy, in which the top-k prompts (determined by the
Euclidean distance between the key and feature vectors) are
chosen. These k prompts are then used concurrently during
inference, and the best solution is selected as the final solution
for each instance. This approach allows us to fully leverage
our learned prompts without incurring any additional training
costs.

Figure 2 shows the results obtained on instances of three
different problem sizes with uniform distribution. The x-axis
represents the number of prompts (k) employed in the top-k
strategy, while the y-axis represents the difference in perfor-
mance compared to the baseline HGS. Generally, the perfor-
mance improves with an increase in the number of prompts.
Moreover, the reduction in the gap is not linearly proportional
to the number of prompts used, which suggests that the best-
matched prompt is more significant than others.

4.5 Prompt Token Size

The number of prompt tokens D in each encoder layer influ-
ences the performance of our prompt learning network. A
larger number of tokens results in a longer prompt vector,
providing the ability to prompt the attention-based encoder
more effectively. In order to investigate the impact of the
token number on our models, we conducted two additional
prompt learning experiments. Specifically, we set the token
numbers in the two models as 1 and 10, respectively. Conse-
quently, the lengths of the prompt vectors in these models are
1-6-128 =768 and 10 - 6 - 128 = 7680. All other training
models and settings remain unchanged.

The outcomes of the experiments involving different num-
bers of prompt tokens are presented in Table 3. The table in-
cludes results from four training distributions, distinguished
by their numbers of prompt tokens. U and GM represent uni-
form distribution and Gaussian distribution with 3 clusters
and scaled by 50 (details of instance generalization please
refer to the Appendix). Minor differences in results are ob-
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50U 100U 200U 200 GM_50_3

HGS 0 0 0 0

Token 1 384% 246% 4.18% 4.45%
Token 1 aug 2.00% 1.54% 3.27% 2.93%
Token 5 320% 2.57%  3.58% 3.30%
Token 5 aug 1.67% 1.65% 2.74% 2.24%
Token 10 299%  2.59% 3.43% 2.97%
Token 10 aug  1.47% 1.67% 2.60% 2.02%

Table 3: Results with different prompt token sizes.
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Figure 2: Results with different numbers of top-k prompts.

served for instances with a size of 100, while more significant
variations are noticed across other distributions. This dis-
crepancy arises because the pre-trained basic POMO model
utilized in prompt learning is trained on routing instances
with a size of 100. Hence, the model already exhibits sat-
isfactory performance on in-distribution instances. However,
when adapting the pre-trained model to out-of-distribution in-
stances, the number of tokens assumes importance. For ex-
ample, in the case of 200 GM instances, there is approxi-
mately a 1% performance increase (reduction in gap) from 1
token (2.93%) to 10 tokens (2.02%). Overall, prompt learn-
ing with a larger token size allows better generalization per-
formance.

4.6 Real-world Instances

More experiments on real-world instances are conducted on
five test suites: set A, B, P, X [Uchoa et al., 2017], and
XML [Queiroga et al., 2021] from CVRPLIB '. There are
115 instances in total with various geometrical distributions,
demands, and problem sizes, which can provide a compre-
hensive evaluation of our proposed method. Table 4 summa-
rizes the average gap to the best-known results from CVR-
PLIB. The best results are in bold. The detailed results can be
found in the Appendix.

In Figure 3, we visualize the selected frequencies (normal-
ized) of 16 prompts on test set P, X, and XML. Set X and
Set XML have similar frequency distributions, which are dif-
ferent from Set P. For example, prompts 11-15 are frequently
used for Set X and XML while rarely used in Set P. The re-
sults show that the instances from Set X and Set XML are

"http://vrp.atd-lab.inf.puc-rio.br/

POMO MetaPOMO Omni Prompt Prompt top-8
A 7.3% 2.3% 4.4% 2.1% 1.8%
B 12.6% 1.9% 2.4% 1.7% 1.5%
P 35.6% 12.9% 10.8%  3.8% 2.7%
X 5.4% 4.9% 4.9% 4.7% 3.5%
XML 4.4% 5.4% 5.8% 6.1% 3.4%
Average 13.2% 5.4% 5.6% 3.5% 2.5%

Table 4: Results on CVRPLIb Instances.
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Figure 3: Selection frequencies of prompts on three different test
sets. Blue: Set P, Set X, Grey: Set XML.

of similar distributions. As has been mentioned in the paper
of Queiroga [2021], the generator of XML is the same one
used for X instances. It answers why the basic POMP per-
forms well on these two sets while much worse on Set P. It
also demonstrates that our prompt learning can recognize the
features of new instances and select the best-matched prompt
for better performance.

5 Conclusion

This paper investigates the first prompt learning based neu-
ral combinatorial optimization (NCO) method to solve ve-
hicle routing problems over diverse distributions. We pro-
pose a prompt-based attention network with a learnable key-
prompt pair pool to facilitate the fast zero-shot adaptation
of the pre-trained NCO model for cross-distribution gen-
eralization. To evaluate the effectiveness of our proposed
prompt learning method, we conduct extensive experiments
on test instances with various distributions. The results
clearly demonstrate the superiority of our approach over clas-
sical single-distribution learning methods and existing meta
learning techniques. Our prompt-based model achieves im-
provements in both in-distribution prediction and zero-shot
generalization to a diverse set of new tasks while requiring
lower training costs.
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