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Abstract—Facility siting is a common class of combinatorial
optimization problems with widespread applications in real-world
scenarios. In applications such as logistics and delivery, the
platform needs to perform quasi-real-time planning to meet the
dynamic needs of users. Moreover, the establishments of shelters
and temporary medical centers in response to unexpected events
also require quasi-real-time planning. However, when it comes
to large-scale scenarios, traditional combinatorial optimization
solvers are unable to provide a satisfactory solution within the
required time frame. Unlike the typical p-median problem, real-
world facility planning mostly builds one or more additional
facilities upon existing infrastructure rather than originating
from scratch. Meanwhile, the distances between locations are
often computed within non-Euclidean spatial contexts due to
the constraints of road networks. For this scenario, we propose
an innovative reinforcement learning method to incrementally
predict optimal sites for new facilities by leveraging graph neural
networks in non-Euclidean space. Our approach exhibits adapt-
ability to accommodate fluctuations in population dynamics.
Experiments results on real-world cities show that our method
achieves over 1000 times speedup compared to Gurobi on the
Los Angeles dataset with 2656 nodes, with the gap of solution
under 5% on all datasets.

I. INTRODUCTION

Facility siting problems are a common class of problems
in urban planning [1]-[3]. Given the population distribution
and the locations of facility candidates, the objective is to
minimize the collective travel distance between people’s places
of residence and their nearest facilities.

Facility planning problems can be delineated into two
distinct categories. The first category pertains to the com-
prehensive initiation of planning numerous facilities, where
all facility placements are determined simultaneously [4]-
[6]. This procedure possesses a greater realm for solution
exploration and is particularly suitable for the systematic
planning of novel types of facilities. In contrast, the latter
category refers to augmenting an existing set of facilities
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with additional ones [7]-[9]. This typically chooses a smaller
number of new facilities and is more prevalently implemented
in real-world circumstances. Concerning these two distinct
categories, a naive way to obtain an optimal solution to the
siting problem is brute-force searching, but the computation
time increases exponentially and soon becomes unacceptable
as the problem scales up.

Moreover, in many real-world scenarios, there is a need for
quasi-real-time planning. As shown in Figure 1, in logistics
and supply chain management, logistics centers need to be
selected in quasi-real-time to reduce transportation costs and
meet the dynamic demand of users. In practical applications,
there is a need to open new logistics centers based on those
already in operation. In this case, when planning the locations
of new facilities, the distributions of user demand and existing
logistics centers must be particularly considered.

In some other emergency cases, for example, natural disas-
ters and sudden public health events like the COVID-19 pan-
demic, a rapid response is crucial to minimizing loss and pro-
tecting the safety and health of people. These scenarios require
expedient facility selection for shelters and medical centers to
meet temporary demands. Although there are already some
commercial and open-source solvers for such combinatorial
optimization problems, when organizing large-scale events,
efficient and expedient venue selection is also imperative. In
network applications, the selection of nodes often exhibits high
requirements for real-time performance. In these application
scenarios, when the problem scale is large, the runtime of
commonly used combinatorial optimization solvers such as
Gurobi is unacceptable, posing time performance challenges.

As is the case for other classical combinatorial optimization
problems, machine learning methods have been a powerful
tool for their fast inference and generalization ability [10]-
[12]. However, leveraging this tool in the facility planning
problem in real urban cases can be challenging. First, the
distances between different locations in real-world cities are
based on road networks, thus in a non-Euclidean space.
Many existing methods assume Euclidean distance between
locations, and can hardly be applied to real-world problems.
Second, the population distribution in the city is dynamic, so a



robust model should adapt to this change and give reasonable
predictions even after the population changes, i.e., the trained
model generalizes well on a changed population. Third, in
the real-world facility selection problem, the objective is
often formulated as choosing new facilities given existing
ones, rather than selecting from scratch. A practical model
needs to take into account the current configuration for better
prediction.

In this paper, we propose a reinforcement learning powered
graph neural model to solve the problem of site selection in
non-Euclidean space with real city data. We incorporate the
population distribution, road network structure, and distribu-
tion of facilities in the city for graph construction, training
and prediction. A graph neural network-based model is trained
with reinforcement learning and it can adapt to population
changes.

II. RELATED WORK

We first review the traditional heuristics and meta-heuristics
for the p-median problem, and then introduce previous work
on combinatorial optimization problems with machine learning
techniques, from supervised learning to the prevailing rein-
forcement learning.

A. Approximation Algorithms for the P-median Problem

The problem addressed in this paper is a variant of the P-
Median Problem (PMP). As a long-standing NP-hard problem,
there are a number of algorithms for solving it. Since finding
the exact solutions to large-scale instances remains challeng-
ing, we focus on approximation algorithms in the following
discussion. Many meta-heuristics have been applied to this
problem, including variable neighborhood search [13], genetic
algorithms [14], tabu search [15], etc. Since the p-median
problem can also be formulated as an integer program, it is
therefore compatible with Lagrangian relaxation methods [16]
and general solvers such as Gurobi [17]. Other manually
designed heuristics include greedy addition [18], alternate
selection and allocation [19], and exchange algorithm [20].

Recently, there have been some attempts to approach this
classical problem with machine learning techniques. [5]
leverages reinforcement learning to and constructs solutions
step-by-step. [6] uses convolutional neural networks and rein-
forcement learning for the weighted p-median problem. [21]
focuses on relocation with a twofold objective of facility
exposure and user convenience.

B. Machine Learning for Combinatorial Optimization on
Graphs

Researchers have attended to a variety of combinatorial
optimization problems on graphs for a long time. [22] pro-
poses a sequence-to-sequence Ptr-Net and uses node-predictive
graph neural networks for supervised learning to solve the
traveling salesman problem (TSP). [10] solves the maximum
cut, minimum vertex cover, and maximum independent set
on large-scale graphs, outperforming traditional solvers. How-
ever, supervised approaches have several limitations. They

require pre-calculated optimal solutions as labels and require
significant time overhead for training. The supervised style of
training therefore fails to apply to complex real datasets.

To overcome the above drawbacks, [11] proposes an un-
supervised approach using a loss function that measures the
current solution’s compliance with constraints for training.
[12] solves the circuit-SAT problem along this line. [23]
uses a GNN to generate distributions over a subset of nodes,
minimizing a probabilistic penalty loss function, and proposes
an unsupervised learning method with theoretical guarantees.

Since common combinatorial optimization problems on
graphs can be formulated as strategy selection, reinforcement
learning is naturally introduced. [24] proposes a framework
that employs Q-learning [25], which is subsequently applied
to tasks such as DAG scheduling [26] and graph matching [27].

There are other variants in the framework of GNN com-
bined with reinforcement learning. [28] make predictions of
better strategies from existing solutions. [29] introduces the
attention mechanism based on Graph Attention Network [30]
and reinforcement learning to solve the problems of TSP, the
capacitated VRP (CVRP), the Orienteering Problem (OP) and
the Prize-Collecting TSP (PCTSP).

III. FACILITY SITING PROBLEM

Given a weighted set of customers (demands), a set of
facility candidates, and the number of facilities &, the objective
of this problem is to choose k facilities from the candidates
so that the total distance between customers to their nearest
facilities is minimized. Specifically, denote the set of potential
facility locations as L, with a cardinality of m, and the set of
user locations as U, with a cardinality of n. We represent the
spatial relationships between users and facilities using an nxm
distance matrix D. Each element d;; in this matrix corresponds
to the distance between the user at location ¢ and the facility at
location j, where ¢« € U and j € L. The optimization objective
can be formulated as follows:

manIjﬂéI]l dij, (1)

subject to the constraint that the set of facilities J C L and
|J| = k. In addition, we introduce binary variables and add
constraint (Equation 7) to formulate the facility siting problem
with existing facilities as follows:

min Z Z d” Lij, (2)
i

subject to
> wy = 1,Y, (3)
J
> ui=k )
J
zij,yj € {0, 1}, (6)

y; =1,Vj €F, (7)



Logstios 4o

ool o Existing logistics center
\XQ Newly selected logistics center

@ %, i Hospital

@ @ Temporary medical center

s es\ab\'\shme“\

Medical center

Fig. 1: Schematic diagram of facility planning. For instance, in Doha, in terms of logistics delivery, new logistic centers are
opened based on existing ones and the dynamic needs of users. In response to natural disasters, new temporary medical centers

are established upon existing hospitals.

where the binary variables x;; indicate whether user i € U
is assigned to facility location j € L, while y; represents the
opening status of facility location j. F' is the pre-determined
set of facilities.

IV. METHODOLOGY

In this section, we introduce a graph reinforcement learning
framework based on the attention mechanism. We propose the
Masking Attention Selector (MAS) based on Graph Attention
Network [30]. MAS takes the graph with node features and
the Origin-Destination (OD) matrix-based mask as input, and
outputs a specified number of nodes as a selection strategy.
We use the REINFORCE algorithm [31] for reinforcement
learning to train MAS and learn the selection strategy. Figure 2
demonstrates the overall working flow.

A. Feature Computation Module

For the facility siting problem, the primitive data are the
population distribution and the road network. The population
distribution records the number of people in each grid while
the road network records the connectivity of different nodes
and the length of edges. We apply Min-Max normalization to
the population data, thereby scaling it to the range 0 to 1. We
then aggregate the road network data according to the grid of
population data, ensuring that at most one node exists in each
grid (details in Section V-A) to obtain a graph G = (V, ),
with V and £ denoting its nodes and edges respectively. 7 C V
denotes nodes with existing facilities. The goal of the problem
is to find a set of new facilities P = {p1,p2,...,px} C V\F
that minimizes the objective function (Equation 2). Let v €
{1,2,...,|V|} denote the index of a node. For each node, its
feature vector hY consists of the concatenation of four parts:

hy = [h), ||k, ||k, ||Ry, ], (8)

where h?,l is the population in the grid, h82 is the one-hot
encoding of n odes and h23 is a binary variable indicating
whether the node is in F. Since the topological information
in the road network is ignored during the subsequent attention
operation, we include topological features of nodes as hg4, i.e.

degree, degree centrality, closeness centrality, and betweenness
centrality. We represent the node features as a matrix form H°
where HSZ. =h.

Since the length information of the edges cannot be utilized
when performing traditional attention operations among nodes,
we compute a fixed OD mask and combine it into all subse-
quent attention operations. We first compute the OD matrix
D by Dijkstra algorithm [32], where D; ; denotes the shortest
distance between nodes ¢ and j, and compute the mask M:

Dy ©)

M; Y —
¢ maXg,p Da,b?

J =
where each term of M is deflated to between O and 1. M is
global and invariant throughout the algorithm.

B. Multi-Head Masking Attention Layer (MAT)

We now introduce multi-head masking attention layer
(MAT), the core operation of our model. We use matrix
H' € R“*V| to denote the embedding of all nodes after the
[-th GNN layer, where H. ll = h! and d; denotes the dimension
of node embeddings. We apply self-attention mechanism [33]
by introducing three set of learnable matrices W@, WX
and WY with element matrices W e R%&*d Wwke ¢
R&*d WV e R4>4 ghared by all nodes, where n is the
index of the attention head. The query matrix Q,, € R%> VI,
key matrix K,, € R**V and value matrix V,, € R**IVI are
calculated by:

Q. =WoUH K,=WEHV,=W"H. (10)

The masking attention matrix A, € RVIXIVI ig calculated by:
Mo (K7 Q)
Vi,

where © denotes element-wise multiplication. Softmax( ) on
a matrix is specifically computed by:

i exp (Ai,j)
1,,] - .
S exp (A )

A, = Softmax(A,,) = Softmax( ), (11

12)
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Fig. 2: The structure of Masking Attention Selector (MAS). The encoder processes node features and the OD mask via a
Masking Attention Layer (MAT), producing latent node embeddings. The decoder count matches the number of new facilities,
with each passing embeddings to the next via an MLP. Within each decoder, the subgraph and corresponding OD masks of
candidate nodes (V\(F U P)) are extracted to compute scores using the function in IV-C. The highest-scoring node is added
to P. Attention weights are shared across decoders. Sequential invocation of the decoders yields a solution and associated
probabilities to compute the cost, and model parameters are updated via the REINFORCE algorithm.

We can obtain the updated node embedding matrix H'*! €
R%+1 VI through the output node embedding of each atten-
tion head :

headt' =V, A,,, (13)

H'"™' = WO head | |head5T|| - - [|headiF ], (14)
where head™t € R%*V| denotes the output of the n-
th attention head, WO € R%+1XNdv denotes a learnable
matrix used to obtain the output. H. l'lH = hi“ denotes the
output embedding of node ¢ with dimension d; 1. [-||-] means
concatenation.

C. Masking Attention Selector (MAS)

We design Masking Attention Selector (MAS) for node
selection. As is shown in Figure 2, the encoder takes node
embedding H® and OD mask M as input to generate the
node context vector. The decoder conducts node selection and
updates node embedding.

Encoder: In the encoder, a single MAT layer is used to
transform the node features into the latent space vector:

H' = MAT(H®, M, W? WE WY, wP?), (15
where W9 WX WY each denotes a set of learnable weight
matrices, WlO denotes a learnable weight matrix.

Decoder: The number of decoders in MAS is equal to
the number of facilities to be selected. We use four learnable
matrices W2 € R%*% W ¢ Riéxxdi WY e Rdwxdi and
WM € RIVIXIVI shared across all decoders. We first perform
a linear transformation on the mask by:

M =wMM. (16)

In the i-th decoder, we compute the set of candidate points
C? that have not yet been assigned facilities by C* = V\(F U
Pi_l), where P?~! denotes the set of newly selected facilities
after i — 1 decoders and P° = (). We derive the subgraph G°
(C%, &%) from the graph G = (V, &) where &' = {(u,v) €
Elu € C'v € C'}. We use C' as index and intercept H'
and M’ to obtain the node embeddings and OD mask of the
subgraph G*:

H;.ub = SUbC’i (HZ)’ M:ub = SUbCi (M,)a

7)

where subci (H?) denotes the interception of columns indexed
by C?, while subc: (M') denotes the interception of both rows
and columns indexed by C’.

We take WQQ WQK W2V ngb and Msub as input to com-
pute the attention matrix A’ ¢ RIC'IXIC using Equation 10
and 11, arriving at the probability vector p’ of length |C¢[:

p’ = Softmax(Diag(A")), (18)

where Diag() denotes extracting the diagonal of the matrix.
The decoder selects the node with maximum probability,



updates the set of selected nodes P? = Pi~1 U {arg max(p®)}
and outputs the probability p’ = max(p*).
At the end of the ¢-th decoder, we update the latent vector
by:
H' = Softmax(MLP(H'™1)). (19)

D. Reinforcement Learning Framework

In this section, we describe how we use the REINFORCE
algorithm [31] to train MAS. We consider the graph, the set of
existing facilities and the set of selected facilities as the state
(G, F,P). The operation of adding a node to P is considered
as action. The set of selected facilities after all selection P¥ is
treated as a policy, where N denotes the number of demanded
new facilities.

Algorithm 1 Training Masking Attention Selector(MAS) us-
ing the REINFORCE algorithm

Require: Graph G = (V,€), Node features H°, OD mask
M, set of nodes V, set of existing facility F, number of
facilities to be selected n

1: for epoch in many epochs do

2: Initial the set of newly selected facilities PY = (), the

set of probability S° = ();

3: Compute latent space vector H' by Equation 15;

4 for i =1,2,...,n do

5: Compute intercepted node embeddings H' , and

intercepted mask M , by Equation 17;

6: Compute probability p’ by Equation 10, 11, 18;
7: Update P* = P~ U {arg max(p")};
8
9

Update S* = S~ U {max(p®)};
Update node embeddings H® by Equation 19;
10: end for

11: Calculate cost, reward and loss by Equation 20, 21;
12: if cost | costpaseline then

13: Update cosStpaseline t0 cost;

14: end if

15: Update all parameters in MAS by reducing loss;
16: end for

We compute the cost by:

cost =
i€V

2 Dy, 20)

where D denotes the OD matrix. We maintain the current best
cost as baseline costypase, and treat costpa,se — cost as reward.
We compute the loss by :

N
Loss = (cost — costpase) Z log 7(a|st)
t=1

N @

= (cost — costpase) log(H )
t=1

We train the MAS by reducing the loss. The whole pipeline
is described in Algorithm 1.

V. EXPERIMENTS

In this section, we process real urban data to obtain road
networks with population distribution. We simulate logistics
and delivery scenarios and open new logistics centers based
on user demand. In our experiments, we simulate user demand
using real population distribution. We undertake a two-part
experiment with the selection of new facilities on randomly
generated existing facilities and real-world existing facilities
respectively.

A. Datasets

We use real road network data and population distribution
data as raw data. We treat road intersections as nodes and roads
as edges between nodes. In order to manipulate the size of
graphs, the city maps are gridded by a preset size, and at most
one node is preserved in each grid according to node degree.
The population and external edges of other nodes in the grid
are aggregated to the representative for simplification. This
selection strategy maintains the topology of the road network,
while controlling the graph size, as illustrated in Figure 3.

In the experiment, we process data for three cities: Doha,
Boston and Los Angeles. As shown in Figure 3, we choose
different grid sizes and obtain 5 processed road network
data: Doha-3km, Boston-500m, Boston-lkm, Boston-3km,
Los Angeles-1km, Los Angeles-3km and Los Angeles-9km.
Statistics of different graph data are presented in Table I.

‘ Doha-3 ‘ Boston-0.5 ‘ Boston-1 ‘ Boston-3 ‘ LA-1 ‘ LA-3 ‘ LA-9
# of nodes 87 1435 417 46 2656 349 41
Population | 5079078 1051314 1051314 1051314 | 6573516 | 6573516 | 6573516
# of edges 269 5416 1038 141 12282 1071 129

TABLE I: Statistics of the real city dataset

B. Hyperparameters

In the model, we set the number of attention heads to 4
and dp = d,, = 128 for the learnable matrices. For training,
we set the number of epochs to 1000. The patience of early
stopping is set to 100 to reduce the risk of overfitting while
giving the model some chance to explore. The baseline in the
REINFORCE algorithm is updated every 50 epochs. We use
the Adam [34] optimizer with a learning rate of le-4. For each
instance, we run the MAS 5 times and select the best solution
as the result.

C. Evaluation Metrics and Baselines

The evaluation metrics for methods include cost gap and
time consumption. The cost gap of a method 7 is computed
by calculating the gap between the cost of its solution and the
optimal solution:

i t
gapt = SO COST00% (22)
cost9?t
where cost? denotes method i’s cost, cost9® denotes the
optimal cost. In the experiment, we compare MAS with three
methods: Gurobi [17], greedy algorithm and GraphSage [35].
Gurobi constructs a mixed-integer programming model for
facility location problem. The greedy algorithm picks new

facilities one by one, traversing all candidates at each step to



|  Doha-3km |  Boston-500m |  Boston-lkm |  Boston-3km | LA-1km \ LA-3km \ LA-9km
Method | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s)
Gurobi 0 0.3061 0 123.3600 0 7.2981 0 0.1164 0 512.8442 0 5.1193 0 0.0961
Greedy 0.00% 0.0460 0.00% 123.3787 | 0.00% 2.2275 0.00% 0.0109 0.71% 756.9790 | 0.00% 1.3782 0.00% 0.0084
GraphSAGE | 6.09% 0.0348 10.94% 0.1166 9.44% 0.1299 12.64% 0.0167 22.73% 0.3717 3.46% 0.0900 29.56% 0.0152
MAS ‘ 0.04% 0.0297 ‘ 3.54% 0.0384 ‘ 0.79% 0.0606 ‘ 0.63% 0.0297 ‘ 4.56% 0.0547 ‘ 1.03% 0.0538 ‘ 4.03% 0.0283

TABLE II: Prediction for next three facilities based on random existing facilities

| Doha-3km |  Boston-500m |  Boston-lkm |  Boston-3km | LA-1km | LA-3km | LA-9km
Method | Gap Time (s) | Gap Time (s) | Gap  Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap  Time (s)
Gurobi 0 0.3268 0 152.1684 0 8.2641 0 0.1167 0 597.1231 0 5.4605 0 0.1011
Greedy 0 0.0256 0 67.1070 0 1.1937 0 0.0056 0 381.4174 0 0.7249 0 0.0043
GraphSAGE | 24.22% 0.0344 6.42% 0.1381 8.34% 0.1497 2.97% 0.0141 6.56% 0.3838 1.92% 0.0946 1.54% 0.0143
MAS ‘ 0.08% 0.0350 ‘ 0.19% 0.0522 ‘ 0.09% 0.0505 ‘ 0.00% 0.0266 ‘ 1.03% 0.0655 ‘ 0.54% 0.0494 ‘ 0.00% 0.0343

TABLE III: Prediction for next facility based on real-world existing facilities

| Doha-3km | Boston-500m |  Boston-lkm |  Boston-3km | LA-1km | LA-3km | LA-9km
Method |  Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s)
Gurobi 0 0.3129 0 157.4688 0 8.0271 0 0.1393 0 602.4718 0 5.0837 0 0.0977
Greedy 0.00% 0.0385 0.00% 101.0021 | 0.00% 1.8917 0.00% 0.0086 0.50% 527.2910 | 0.00% 1.1616 0.00% 0.0063
GraphSAGE | 34.06% 0.0377 14.20% 0.1381 6.71% 0.1437 9.63% 0.0159 22.71% 0.3892 5.82% 0.1052 2.35% 0.0175
MAS ‘ 4.60% 0.0410 ‘ 2.99% 0.0513 ‘ 1.06% 0.0582 ‘ 0.25% 0.0301 ‘ 2.87% 0.0679 ‘ 0.08% 0.0561 ‘ 2.35% 0.0371

TABLE IV: Prediction for next two facilities based on real-world existing facilities

| Doha-3km | Boston-500m |  Boston-lkm | Boston-3km | LA-1km | LA-3km | LA-9km
Method | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s) | Gap Time (s)
Gurobi 0 0.3207 0 151.1841 0 7.8513 0 0.1183 0 587.1932 0 5.1661 0 0.0991
Greedy 0.90% 0.0534 0.42% 139.9278 | 0.00% 2.5860 0.00% 0.0114 0.72% 763.9729 | 0.00% 1.5875 0.00% 0.0083
GraphSAGE 16.31% 0.0355 22.71% 0.1377 7.21% 0.1252 25.09% 0.0199 29.97% 0.3870 6.28% 0.0957 29.00% 0.0157
MAS ‘ 3.59% 0.0429 ‘ 3.80% 0.0578 ‘ 1.19% 0.0652 ‘ 2.22% 0.0333 ‘ 4.72% 0.0699 ‘ 0.32% 0.0450 ‘ 0.00% 0.0509

TABLE V: Prediction for next three facilities based on real-world existing facilities

obtain the location of the facility that minimizes the cost. We
use GraphSage and treat facility selection as a node prediction
task. We use the same node embedding h” as in Section IV-A
and directly use the length of the edge as the edge embedding.
We implement a two-layer GraphSage with the hidden layer
dimension of 16. We apply CrossEntropyLoss as the loss
function, using the Adam optimizer with a learning rate of
0.01. The best among 5 runs of GraphSAGE are used for
each instance.

D. Selection on Random Fuacilities

In this section, we test the performance of MAS with
randomly generated existing facilities F, fixing |F| = 15 and
the number of new facilities |P| = 3.

For training, 15 nodes are randomly selected as existing
facilities to predict the next three. For testing, 15 facilities
are selected by Gurobi from scratch and subsequently used
as existing facilities to evaluate methods for selecting three
new facilities, thereby avoiding extreme test cases. Results are
shown in Table II. As Gurobi provides the theoretical ground
truth, the gap is denoted as O rather than 0%, the latter denoting
the actual experimental results.

In the experiment, the greedy approach reaches the optimum
for the majority of the next three facility predictions. The
prediction model GraphSAGE exhibits limited efficacy, while

MAS manages to learn useful selection strategy given the
same input features and reaches gaps below 5% in all settings.
The results are close to optimal even on large graphs such
as Boston-500m and LA-1km (with 1435 and 2656 nodes
respectively), with a maximum gap of 4.56%.

Regarding the time performance, Gurobi sacrifices effi-
ciency for solution quality. The greedy algorithm successfully
speeds up while maintaining accuracy, but as the scale of
the problem increases, its speed does not demonstrate a
significant improvement compared to Gurobi. However, MAS
and GraphSAGE go further and are significantly faster than
the greedy algorithm in the large graphs, which suggests their
potential for acceleration in larger-scale problems. Overall, the
experiments on random facilities prove the learning ability of
MAS and it provides a significant speedup, enabling problem-
solving to approach quasi-real-time efficiency, which is even
more pronounced on large-scale problems.

E. Selection on Real-world Facilities

In this section, we evaluate MAS on real-world existing fa-
cilities F. Unlike Section V-D, we use real-world logistics cen-
ters as F and perturb node populations to construct the training
set, fixing |F| = 20 by sampling. This approach reflects the
relative stability of road networks compared to dynamic pop-
ulation distributions. Population perturbation comprises two
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Fig. 4: Performance comparison of GraphSAGE and MAS for
selecting next three facilities in real-world experiment. Nodes
are sorted by descending distance to the nearest facility.

components: growth and flow. We first increase each node’s
population by a growth rate r; ~ Uniform(0.01,0.05). We
then simulate population flow over N epochs, where in each
epoch we randomly transfer a portion ry ~ Uniform(0.1, 0.3)
of one node’s population to another randomly selected node.
Training targets the next three facilities, while testing uses
unperturbed real populations for selecting next 1 to 3 new
facilities. Figure 3 illustrates MAS-predicted facility locations,
with numerical results shown in Tables III, IV, V.

In the experiments, the greedy algorithm continues to
achieve the ground truth value on the majority of datasets.
MAS maintains a gap below 5% in all experiments and has a
maximum gap of 4.72 % on the LA-1km datasets. GraphSAGE
performs unstable, with gaps exceeding 20% on the LA-1km
and LA-9km datasets. MAS has a significant time performance
advantage over the greedy algorithm and achieves quasi-real-
time efficiency on datasets with a large number of nodes. The
experiment illustrates the stability of MAS when population
distribution changes.

We show in Figure 4 the distribution of the distance to
the nearest facility for all nodes before the selection and
after the selection of the three new facilities using MAS
and GragpSAGE. The nodes are sorted in descending order
of distance, with their size representing the population size.
MAS has an overall lower curve compared to GraphSAGE,
representing that it has better optimization results. In the curve
of MAS, the larger nodes are more concentrated towards the
right side, which indicates that MAS, in reducing the total
cost, makes the more populated nodes gain a closer distance
to the nearest facility, satisfying the problem.

F. Studies on Time Performance

In previous experiments, we observe that running time
scale differently across methods as the graph size increases.
We therefore conduct further experiments varying both the
total number of nodes and existing facilities. Since time
performance is independent of specific data, we randomly gen-
erate node populations and inter-node distances, and randomly
select existing facilities for next-three-facility selection. Each
method is run five times with mean values reported. Figure 5
illustrates the time performance across different scales.

With fixed graph size, the greedy algorithm’s running time
increases significantly as the number of existing facilities
grows, as it must traverse all selected facilities during compu-
tation, unlike Gurobi. GraphSAGE and MAS exhibit stable
time performance because the number of existing facilities
does not affect their model parameters.

As the problem size increases, greedy algorithm runtime
exceeds Gurobi. At scale (4000,100), the time consumption
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Fig. 5: Time performance evaluation for predicting three new
facilities in problems of different scales. (41, 20) and (417,
20) represent Los Angeles-9km and Boston-1km. Problems of
other scales are randomly generated.

of Gurobi is more than 50 times that of MAS and Graph-
SAGE, while the greedy algorithm requires over 3 times
that of Gurobi—a gap widening further at larger scales. This
advantage stems from avoiding redundant cost computations
during prediction, demonstrating MAS’s substantial temporal
superiority over traditional solvers and heuristics for large-
scale problems.
VI. CONCLUSION

In this paper, we present MAS, a GNN-based facility selec-
tion network, and a framework for training it by REINFORCE
algorithm. MAS can handle real inter-city distances on non-
Euclidean spaces and can adapt to pre-existing facilities and
population changes. MAS achieves substantial speedups on
real datasets, achieving quasi-real-time efficiency with small
performance gaps. Future research avenues encompass com-
prehensive simulations of human mobility patterns and metic-
ulous modeling of facilities across diverse contexts.
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