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Abstract

Recent developments in Artificial Intelligence (AI)
have led to new ways for users to search through
vast information. However, users may have ques-
tions that are grounded in the real world that re-
quire spatial inference, for which language models
are not well suited. Conversely, traditional spatial
search methods, like spatial pattern matching, an-
swer spatial reasoning questions correctly but are
noise-intolerant, slow, and brittle. Presently, there
are opportunities to integrate Al and spatial pat-
tern matching to enable robust and flexible spatial
search. This paper surveys existing spatial pattern
matching methods, including the few that apply
machine learning to the problem, discussing their
efficiency and limitations, and describing opportu-
nities to further enable spatial search through Al

1 Introduction

Motivation. In the modern era, people rely on Global Posi-
tioning System (GPS)-based mapping applications to search
for places they want to visit or want to recall to find again.
Although this kind of search is inherently spatial in nature,
modern search engines are designed for keyword search, not
spatial search [Purves et al., 2018]. ‘Even popular mapping
applications, like Google Maps ! only support top-k key-
word queries, which just return objects in a region of interest
that are relevant to the keywords the user enters [Chen et al.,
2022].

Suppose a user wanted to know which restaurants in Wash-
ington D.C. are located next to a park and within half a kilo-
meter of a metro stop. The most common form of spatial
search, top-k search, would answer such a query with any
restaurants, parks, and metro stops in the area of interest, ig-
noring the desired constraint that they be co-located and fulfill
specific distance and topological relationships with respect to
each other. Another form of spatial search, spatial group key-
word search, would find groups of those entities in a min-
imum enclosing circle, but still would not satisfy the topo-
logical constraint (restaurant adjacent to park) [Cao et al.,

"https://developers.google.com/maps/documentation/places/web-
service/search-text

2015; Mahmood and Aref, 2017; Mahmood and Aref, 2019;
Schneider et al., 2025b]. A third form of spatial search, spa-
tial pattern matching, can address all the constraints in the
question, but its computational burden and complicated query
format prohibits its use in-most applications. The computa-
tional complexity stems from the quadratic number of rela-
tions that can be defined on a set of entities, which makes the
process of matching query and data patterns NP-hard [Fang
et al., 2019]. Unlike spatial group keyword search, which is
also NP-hard, there are no approximate methods that reduce
the complexity of spatial pattern matching broadly.

Although it is regarded as intractable for large search
spaces, spatial pattern matching has many useful applica-
tions, including in urban planning, region recommenda-
tion, scene recognition [Deng et al., 2017], and similar re-
gion search [Liu er al., 2018]. Tailored spatial pattern
matching systems like GESTALT [O’Sullivan et al., 2023al,
Spacekey [Fang et al., 20191, and SketchMapia [Schwering et
al., 2014] have been developed to handle use cases like hous-
ing search (e.g. “Find all the houses in an area that are within
10km of a school and greater than Skm from any highway.”),
targeted landmark-based search (e.g. “Find restaurants that
have an ocean to the East and a golf course to the South.”),
and more. While these systems can handle some spatial pat-
tern matching queries, they do not handle every type of spatial
constraint across every type of spatial entity. And critically,
they require input as a sketch map or pictorial query rather
than a text description, which necessitates a custom interface
that cannot be easily integrated into generic search engines.

In other words, spatial pattern matching is a powerful form
of spatial search capable of answering questions that most
search engines cannot currently handle, but its widespread
adoption is inhibited by several challenges that we identify
and discuss in this paper. Specifically, we highlight

1. The noisy and incomplete nature of geospatial data,

2. The computational challenges associated with resolving
spatial pattern matching queries,

3. The lack of flexible, generic methods that work across
all entity/relation types, and
4. The requirement that queries be issued in pictorial,
sketch, or graph form.
Contribution. As a first step towards making spatial pat-
tern matching more widely usable, this paper surveys the ex-


https://developers.google.com/maps/documentation/places/web-service/search-text
https://developers.google.com/maps/documentation/places/web-service/search-text
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isting state of the art spatial pattern matching approaches.
For each method, we derive the theoretical complexity and
summarize the types of spatial entities, relations, and other
search features that the method supports. Based on our anal-
ysis, we identify the gaps in current research that inhibit the
use of spatial pattern matching more broadly, including com-
plexity challenges, lack of consistency across types of enti-
ties and relations supported by different methods, and com-
plicated query input formats. Finally, we propose ways to
address these challenges, such as by leveraging Al to de-
velop approximate solutions, developing benchmarks to mea-
sure accuracy and scalability, and using Al to infer missing
geospatial data and to interpret natural language spatial pat-
tern matching queries.

2 Related Work

Several previous works have surveyed spatial pattern match-
ing and offered taxonomies that organize the spatial relation-
ships that are possible [Carniel, 2020; Carniel, 2023]. Other
works surveyed individual spatial relations in great depth,
such as Dylla et al., which covered topological relations de-
fined by qualitative spatial calculi [Dylla et al., 2017]. How-
ever, none of these surveys address spatial pattern matching
across all entity and relation types, leaving a major gap in
knowledge about which aspects of spatial pattern matching
prevent it from being applied more broadly. The present pa-
per differs from the aforementioned surveys by covering spa-
tial pattern matching thoroughly and from a practical angle,
with the goal of enabling its use in generalized search scenar-
ios. We build on previous surveys and theoretical work that
compare spatial pattern matching methods [Schneider et al.,
2024a] but instead identify the challenges that prohibit its-use
in mainstream search systems, highlighting the role Al can
play to address many of these issues.

3 Preliminaries

This section formally defines spatial entities and relations, as
well as the spatial pattern matching problem. Intuitively, spa-
tial pattern matching, also known as pattern-based keyword
search, is the task of matching query keywords and spatial
constraints to the data entities that satisfy them. Query con-
straints can capture metric, topological, directional, and order
relationships between entities, based on their position.

3.1 Entities
Spatial entities can be categorized into three main types:

(i) Points that consist of an (z, y) coordinate pair in Carte-
sian space,

(i1) Lines that represent the shortest path between two
points, and

(iii) Regions that represent the area inside a polyline joining
several points.

Point entities are typically used to represent objects in the

world, like trees, fire hydrants, and bus stops. Line entities

are typically used to represent ways, like highways, water-

ways, and railways. Region entities are typically used to rep-

resent the extent of lakes, large buildings, states, and counties.

Most of the papers we survey propose methods that operate
on point entities, often encoding them as nodes in a graph,
with a few methods also supporting line and region entities.

3.2 Relations Between Entities

Points, lines and regions relate to each other spatially through
the following types of relationships:

(i) Metric relations that describe the distances between spa-
tial entities,

(ii) Topological relations that describe how regions, lines,
and points interact,

(iii) Directional relations that describe how entities are posi-
tioned relatively in space,

(iv) Order relations that describe the cyclic order in which
entities appear relative to a reference point, and

(v) Hybrid relations that combine two or more of the previ-
ous relation types.

We provide examples of applications for each relation type in
Table 1, and formally define each relation type below.

Metric relations

Metric relations characterize how far apart entities are in
space. They are often specified using distance intervals and
signs representing exclusion in, exclusion out, mutual ex-
clusion, and mutual inclusion [Fang et al., 2019]. They are
commonly measured quantitatively, using continuous or dis-
crete values, and less commonly measured qualitatively, us-
ing terms like ‘near’ and ‘far’ [Papadias er al., 1998]. For-
mally, a metric relation query ), can be specified using a
metric operator p € {<, <, =,#,>,>} as

Qu(D,dist,c) = {z,y € D | (dist(z,y),c) € pu},

where dist is a distance function like Euclidean or Manhattan
distance, c is a constant numerical value, and = and y repre-
sent a pair of search candidates in database D. Metric rela-
tions can be defined over point entities, making them straight-
forward to measure, or they can be defined over line or region
data, requiring a convention to determine which point in the
region or line to measure from (e.g. the closest point or the
centroid). Most of the methods we survey in Table 3 support
spatial pattern matching using metric relations, including the
work of Folkers et al. and Papadias et al., and more recently
Fang et al., Chen et al., and Minervino et al..

Topological relations

Topological relations characterize the relative position of spa-
tial entities with invariance under transformations like trans-
lation, scaling, and rotation. Topological relations are typi-
cally binary (e.g., a road intersects another road, or it does
not). Most approaches support the nine topological rela-
tions defined by the Region Connection Calculus (RCC)
and the 9-intersection model, which are standardized in
GeoSPARQL [Battle and Kolas, 2011]. Formally, a topolog-
ical relation query (D, can be specified using a topological
operator T € {intersect, overlap, meet, disjoint, equal, inside,
contains, covers, covered by} as

QT(D) :{I,yED | <I7y> ET}’
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Relation Domain Example Use Case Implementation Examples
Metric Housing Search “Which homes for sale are within 10km of a school  [Chen et al., 2019]
and greater than Skm from a highway?”
Itinerary Planning “Find a (library, museum, restaurant) or a (museum, [Fang et al., 2019]
library, restaurant) where the distance from one place
to the next is less than 400m.”
Topological Road Network Alignment “Given a sketch drawing of street intersections and  [Schwering et al., 2014]
highways, which cities are a match?”
Multi-scale Data Fusion ~ “Which other datasets at different scales are a spatial ~ [Huang et al., 2023]
match to this one?”
Directional Landmark Search “Which restaurant has an ocean to the East, a parking  [O’Sullivan et al., 2023b]
lot to the North, and a golf course to the South?”
Order Urban Planning “Which theme parks have visitors encounter a ticket  [Schwering et al., 2014]
booth, then a snack stand, then a ride, then a gift
shop, then an exit, in clockwise order?”
Hybrid Scene Recognition “Given an aerial image with detected objects tagged, [Minervino et al., 2023]

Similar Region Search

where is this place?”
“Which places have a similar POI arrangement to this
example city district?”

[Deng et al., 2017]
[Chen et al., 2022]
[Liu etal., 2018]

Table 1: Situated spatial relations.

where = and y represent a pair of search candidates in
database D. Most of the surveyed methods that support
matching over topological relations do so over point, line, and
region entities.

Directional relations

Directional relations characterize how entities are positioned
with respect to one another based on a global coordinate sys-
tem or local reference point. For example, a sign, statue, and
fountain may be arranged with the sign to the Northwest, the
statue directly East of the sign, and the fountain Southeast of
both. Directional relations can be measured using cardinal di-
rections, local directions like left and right, or angular ranges.
Formally, a directional relation query (5 can be specified us-
ing a directional operator § as

Qs(D) ={x,y € D | (z,y) € 7},

where 0 represents a cardinal direction, like North or South-
east, or an angular range like [0°,90°), and = and y represent
a pair of search candidates in database D. Directional rela-
tions can be cardinally invariant, meaning they do not rely
on a global coordinate system (i.e.” a sketch map query can
be drawn without knowing which direction is North). Most
recent work in directional spatial pattern matching supports
either point entities or all entity types.

Order relations

Order relations encode how three or more entities appear with
respect to a central reference point (i.e. centroid). Formally,
an order relation query @, can be specified using a order op-
erator w € {counterclockwise, clockwise} as

Qu(D) ={z,y,z € D | (x,9),{y,2), (z,7) € w},
where x, y, and z represent three search candidates in
database D. This definition can be trivially extended beyond
three search candidates by adding additional order constraints
to the right hand side. Order relations are less commonly used
than the other types of spatial relations, with only one of the
methods we survey supporting them [Schwering ez al., 2014].

Hybrid relations

Hybrid relations combine two or more of the primitive spa-
tial relations [Carniel, 2023]. For example, a lake may be
East of an ocean and contain an island. Formally, a hy-
brid relation query (), can be specified using spatial operator
n € P{p,7,0,w}) as

In]
Q'?(D) = {x,y €D ‘ T,y € ‘Ol Q"/i}’

where | 7 | > 2 and = and y represent a pair of search candi-
dates in database D. Following the earlier example, the query
for a lake East of an ocean and containing an island would
take the form Q5 (D) = {z,y € D | z,y € Qs Q+},
where ()5 represents the directional query for a lake East of an
ocean, (), represents the topological query for a lake contain-
ing an island. The majority of the methods we survey support
hybrid queries, usually involving metric or directional rela-
tions, with few involving topological or order relations.

3.3 Spatial Pattern Matching Problem

Formally, spatial pattern matching is the process of match-
ing a query () consisting of ¢ spatial entities and m relation
constraints to corresponding entities in a database D consist-
ing of n entities spanning r regions. Queries can be specified
in many forms, including by identifying an example pattern
in the database, creating a pictorial representation, drawing
a sketch map, or constructing a graph, matrix, or tensor of
desired entities and relations. Depending on the encoding
method, the search process can take on many possible forms.
If entities are stored in a graph, spatial pattern matching can
be done using Depth First Search (DFS), Bipartite Match-
ing (BPM), subgraph matching (SGM), or by solving a Con-
straint Satisfaction Problem (CSP). If entities are stored in a
matrix or tensor, search can be done using branch and bound
algorithms or recursive grid search. In some cases, methods
can handle uncertain constraints or perform matching within
some error tolerance (we term these fuzzy methods).
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Notation Explanation

Database of spatial entities and relations
Number of entities in database D

Number of regions to search in database D
A pruned subset of all possible entities n
Query pattern of spatial entities and relations
Number of entities in query @

Number of relations in query

A sampling threshold in [0, 1]

Metric spatial operator

Directional spatial operator

Topological spatial operator

Order spatial operator

Hybrid spatial operator

SEAENILHI=IY

Table 2: Summary of Notation.

4 Surveyed Approaches

In this section we present the major spatial pattern match-
ing methods organized by their query and encoding formats.
For each query format we describe the common encoding and
search methods that use it, highlighting the benefits and draw-
backs of each. In Table 3 we summarize each method in
greater detail, including the entity and relation types it sup-
ports, whether it uses Machine Learning (ML), and its theo-
retical worst case time complexity. We derive the time com-
plexities by doing asymptotic analysis of the algorithms pre-
sented by each paper. In some cases, authors provide the the-
oretical worst case in their papers. In those cases we validate
their derivations and standardize the variables to match our
notation, which is defined in Table 2.

4.1 Example-based Query Approaches

Spatial pattern matching queries can be specified using an
example pattern that the user identifies from the database.
The methods that use example-based queries allow the user
to select example entities from a visual interface, implicitly
encoding them in a graph with the relation constraints in-
ferred from the distance and/or directional relationships be-
tween the example entities selected. To perform the search,
these methods use depth first search or bipartite matching to
identify patterns with similar metric or directional configura-
tions to the query pattern [Chen et al., 2022; Luo et al., 2017,
Zhang et al., 2022]. Example-based input format is well
suited for the similarregion search use case of spatial pat-
tern matching, where the user wants to find a region similar
to an existing region. However, it is not well suited to other
use cases, like location recall and landmark search, where
the user recalls a place but cannot remember its address and
would like to find it by its spatial configuration. In that case it
would be difficult to specify an example region to use as the
query, since there may be no similar regions to identify it by.

4.2 Graph-based Query Approaches

Graphs are a natural way to encode spatial queries, as ev-
idenced by GeoSPARQL [Battle and Kolas, 2011], which
standardizes the core spatial relationships we discuss in this
survey. Moreover, some spatial pattern matching methods
take query input directly in graph form [Chen et al., 2019;

Minervino et al., 2023; Duckham et al., 2023; Liu et al.,
2003]. These papers focus on computational efficiency, gloss-
ing over the step where a user’s search intention is realized
as a query graph. Methods like ESPM and QQESPM pro-
vide efficient solutions for graph-based metric and topologi-
cal spatial pattern matching on small query graphs (up to 6
entities) and large databases (upwards of 10 million entities)
[Chen et al., 2019; Minervino et al., 2023]. Their efficiency
comes from a pruning step, where inverted linear quadtrees
are used to eliminate unpromising candidates early. However,
if the pruned set of entities n’ is not much smaller than the full
set n, the worst case performance is exponential. Further, to
use these methods in practice, users must specify queries by
defining a graph, which may be inconvenient or unnatural for
some use cases.

4.3 Sketch-based Query Approaches

Although less common, it is possible to specify a spatial pat-
tern matching query using a‘sketch drawing. While this input
format aligns well with some of the use cases, like searching
for a neighborhood based on a sketch of its road network lay-
out, it requires a drawing mechanism for the user to sketch
their search intention. Additional steps are also needed to
parse the sketch to interpret both the spatial entities them-
selves, and the relationships between them that are implied
by the drawing. Schwering et al. proposes SketchMapia, a
system designed to support sketch map input for a limited set
of primitive spatial entities (street segments and city block re-
gions) for road network alignment [Schwering e al., 2014].
Their framing of the problem limits the number of valid topo-
logical, directional, and order relations that can be supported,
leading to a computationally efficient system requiring only
quadratic processing time to resolve queries. However, their
method does not easily generalize to the broader spatial pat-
tern matching problem.

4.4 Pictorial Query Approaches

The majority of the spatial pattern matching methods we sur-
vey employ a pictorial query interface, in which a user con-
structs a query by positioning point, line, and/or region en-
tities onto a canvas. This query format is simpler to process
than a sketch map drawing, since the interface captures the
entities and their placement during query construction. De-
pending on the system, relations between the entities can be
inferred through the implicit distance, topological, or direc-
tional configuration of the entities, or they can be explicitly
encoded by the user through drop down menus or typing.
Similar to sketch map input, pictorial queries require a cus-
tom interface to enable the user to capture their search in-
tention, and that interface is typically tailored to one particu-
lar use case. Examples include the GESTALT interface used
by COMPASSpo and COMPASS; to capture implicit di-
rectional landmark search queries [O’Sullivan et al., 2023b]
and the Spacekey interface used by Multi-Pair and Multi-
Star Join to capture explicit metric queries [Fang et al., 2019;
Fang et al., 2018]. Pictorial spatial pattern matching methods
have many encoding types since a pictorial query can natu-
rally be converted into a graph by turning the entities into
nodes and the relations into edges, or a matrix by mapping
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Method Type Entity & Relations Other Features
S E £
a 172]
& °$°% s = Ei § 5 E 54
F & & E Z52EE S8 g o _
(N ) 5 H = &= AQC K/ <« O 2 Name Citation Complexity
Example Graph DFS P v ans SEQ [Luo et al., 2017] O(mn?)*
P Vv v v v ESSmsp [Zhang et al., 2022] O(mn?)?
P v v v v v ESSpLora [Zhangeral.,2022] O(¢mn?)"
BPM P Vv v v v EPM [Chen et al., 2022] O(¢*n?)
Graph  Graph SGM P v v ESPM [Chen et al., 2019] on'")
PLR v V v QQESPM [Minervino et al., 20231  O(n'?)
CSP P v v QSR-UE [Duckham et al., 20231  O(2")*
P v v StarVars [Lee ez al., 2013] o(m™)*
Tree  Greedy P v v v v/ CSQ [Deng et al., 2017] O(nm)’
Sketch Graph CSP PL.R v vV v v v  SketchMapia [Schwering efal.,2014]  O(n*m?)
Pictorial Graph SGM P Vv v checkSsl [Soffer and Samet, 1998] O(n?)
P v v McheckSsl  [Soffer and Samet, 1998] O(2")
P v v v PQIS [Folkers et al., 2000] O(n2")
P v v M-Pair Join  [Fang et al., 2019] O(m¢n? +n9)
P Vv v M-Star Join [Fanger al., 2019] O(n* + mn? + n9)
CSp PLRYV v V v MSJ [Papadias ef al., 1998]  O(n?)*
PLR v Vv V v MSIw r [Papadias et al., 1998] O(nm)"'
PLRY Vv V v MSJywr. - [Papadias et al., 19981  O(n™)"
Matrix Grid Search P v v COMPASS60[O’Sullivan et al., 2023b] O(rq + rn2)
P v v v COMPASS¢; [0’Sullivan ef al., 2023b] O(rq® 4+ rqn?)
Tensor Branch/Bound P v v v v v v E-SRS [Liu et al., 2018] O(rlogr)

“Entity types are represented by P, L, and R for Point, Line, and Region, respectively
" Cases where we derive the worst-case complexity since it is not provided in the original paper

Table 3: Spatial pattern matching method comparison.

locations into discrete bins. Tensor, matrix, or.graph encod-
ings of pictorial queries are good candidates for Al integra-
tion since models like neural networks already operate on
those kinds of input. One method for similar region search,
E-SRS, encodes pictorial queries with implicit metric and di-
rectional relations in tensors and performs branch and bound
search using a Convolutional Neural Network (CNN) to rank
the similarity between the query tensor and candidate region
tensors [Liu et al., 2018]." Since the matching is done using
a CNN, the complexity grows with the spatial footprint cov-
ered, not with the number of database objects, making the
method efficient for small dense regions. > E-SRS is a prime
example of how ML can be used to approximately solve spa-
tial pattern matching problems.

5 Discussion

We identify several challenges inhibiting the widespread
adoption of spatial pattern matching in generalized search
systems (Table 4) and discuss for each the associated research
opportunities and situations where Al may be applicable.

Their experiments test regions 0.5 to 2 times the size of the
query region

5.1 C1: Noisy and Incomplete Geospatial Data

Challenge. Datasets including geographic entities and rela-
tions are often noisy and incomplete since they are typically
crowd-sourced, leading to incorrectly placed markers, miss-
ing entities and unknown or mismatched relationships.

Open Problem: Inferring missing spatial relations.
Many spatial pattern matching methods work with graph-
based input. But geospatial datasets are often noisy, mean-
ing these graphs have missing or incorrect entities and re-
lations. A large body of work has been dedicated to ad-
dressing noise in generic knowledge graphs, but little atten-
tion has been given to geographic knowledge graphs. Suc-
cessful generic knowledge graph completion methods typi-
cally use rule-based, translational, or deep learning methods
to infer missing links based on statistical properties of the
surrounding graph [Meilicke et al., 2025; Liu et al., 2021,
Betz et al., 2024; Wang et al., 2014]. R-GCN, for exam-
ple, uses graph convolution to reconstruct a 3-way tensor
representation of a graph [Schlichtkrull ez al., 2018]. How-
ever, such methods do not perform well at inferring geo-
graphic relations, since they do not account for the inherent
geospatial nature of the graph. Some work has begun to ad-
dress this problem, like Geo-KGE [Hu er al., 2024], which
learns over both relation information and geo-coordinates but,
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Challenge

Open Problem

Work in the Area

Limitation

Noisy geospatial knowl-
edge stores

Benchmark knowledge graph completion
methods on geospatial knowledge graphs

Develop geo-aware knowledge graph

N/A

[Hu et al., 2024; Balsebre et al.,

N/A

Closed world or entity

completion 2023] prediction only
Computational complexity Benchmark spatial pattern matching N/A N/A

methods

Develop approximate spatial pattern [Liu ef al., 2018; Zhang et al., 2022; Limited relation types

matching methods

Optimize spatial pattern matching meth-

Deng et al., 2017; Luo et al., 2017,
Schwering et al., 2014]

[Cao et al., 2024] Generic subgraph match-

ods for large queries ing only
Heterogeneous entity and Develop efficient spatial pattern matching N/A N/A
relation types supported for line and region queries

Develop ensemble approaches to route N/A N/A

queries to the best method

Niche query input format
methods

Develop natural language to spatial query

[Schneider et al., 2025a; Schneider,
2025]

Point entities and direc-
tional relations only

Table 4: Spatial pattern matching challenges and corresponding opportunities.

due to its closed-world problem framing, it does not gener-
alize to situations where the entities of interest are not al-
ready seen at training time, which is common in geographic
datasets [Balsebre ef al., 2023]. Adapting existing BERT-
based, graph convolutional, and transformer-based knowl-
edge graph completion methods to geographic knowledge
graphs in an open-world setting is a prominent challenge, and
one that the Al community is well-positioned to solve.

5.2 C2: Computational Complexity

Challenge. Relationships between spatial entities are numer-
ous, often quadratic or worse in the number of entities, mak-
ing them computationally difficult to search.

Open problem: Benchmarking. State of the art spa-
tial pattern matching approaches typically use pruning tech-
niques, binning, localization, and approximate ML-based
methods to search through candidate entities efficiently.
However, the accuracy and efficiency of these approaches can
depend on the size of the localized region or pruned entity set,
which may vary significantly based on the query, dataset, and
method being used. Presently, empirical testing is done using
ad-hoc datasets which vary from paper to paper. Without a
common benchmark or leader-board, spatial pattern match-
ing methods cannot be rigorously evaluated with respect to
one another and the trade-off between accuracy and efficiency
of different techniques cannot be fully understood. To elicit
worst-case behavior, a spatial pattern matching benchmark
should include complex datasets and large query patterns cov-
ering the major types of spatial entities and relations. It
should also vary the number of distinct entities in the queries
and databases, since this can influence the size of the pruned
candidate set for some methods, which impacts runtime.

Open problem: Supporting large query patterns. Most
ad-hoc datasets used for empirical testing by the approaches
we surveyed include query patterns of no more than six en-

tities. Spatial pattern matching over larger query patterns
remains-an open problem, with most existing methods hav-
ing a complexity that is exponential in the size of the query.
Depending on the search method being used, there are a
few possible avenues to enable larger query patterns. Some
generic subgraph matching algorithms optimize the order in
which query nodes are matched to reduce redundant compar-
isons of node labels, speeding up the processing time sig-
nificantly [Cao et al., 2024]. A similar approach could be
adapted to SGM-based spatial pattern matching approaches
to improve scalability in the query size. Alternatively, ap-
proximate approaches like E-SRS use a CNN to determine
similarity between the query and candidate regions, a process
that scales to include more query entities without incurring
the exponential increase in runtime that most exact methods
encounter. However, there is a potential cost in accuracy due
to the approximate nature of the method. Supporting large
query patterns with exact methods remains an open problem.

Open problem: Approximate spatial pattern match-
ing. There are relatively few approximate methods for spa-
tial pattern matching compared to the numerous exact meth-
ods [Schneider er al., 2024b]. In the methods we survey,
approximation is typically achieved through simplifying the
data being searched, or through simplifying the search mech-
anism. Schwering et al. simplifies the data, by localizing
the scope of entities and relations considered, only support-
ing the road network alignment application of spatial pattern
matching. The intuition behind their method could be ap-
plied to the broader spatial pattern matching landscape by
reducing the number of database relations considered dur-
ing search, perhaps by dynamically choosing the number of
neighbors to store for each entity based on the density of
the spatial region (i.e. an urban area would require more
densely connected nodes than a rural area). To incorporate
other factors, a method could be developed to learn which ar-



PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

eas need to be stored with greater detail based on an expected
query load, similar to learned indexes [Kraska et al., 2018;
Gupta et al., 2022]. Taking the alternate approach and re-
ducing the complexity of the search procedure instead of the
data, ESS;0oRra, approximates spatial pattern matching over
point entities by first grouping database entities with similar
attributes together to find rough matches to the query pattern,
then refining those results [Zhang er al., 2022]. A similar
tactic may be applicable to line and region entities, if an ap-
propriate aggregation technique could be devised to preserve
the spatial properties needed for accurate search. Other road
network alignment methods may also prove inspiring. SP-
GEM trains a GNN to classify a collection of line entities into
broad categories, including grid, irregular grid, and circular
patterns to aid in road network matching [Zheng et al., 2025].
In its present state, SP-GEM does not address the spatial pat-
tern matching problem, but the idea is promising, especially
for spatial pattern queries that include line entities. Adapting
such a method to approximately solve spatial pattern match-
ing may prove fruitful. With proper benchmarks in place, new
approximate solutions can be evaluated to determine if their
efficiency gains outweigh the loss in accuracy they incur.

5.3 (C3: Heterogeneous Entity/Relation Types

Challenge. Different spatial entity and relation types present
a challenge to reason about concurrently, making it difficult
for any one method to support all of them without having a
high computational complexity.

Open problem: Efficiently handling non-point queries.
The vast majority of methods we survey are designed for
point entities, which can be stored with just a single coordi-
nate, making them easy to evaluate. As a result, many of the
fastest spatial pattern matching methods only support metric
relations over point data, or scope the problem to a subset of
entity and relation types, with limited broader applicability.
While substantial progress has been made at efficiently solv-
ing some forms of spatial pattern matching, few methods are
capable of handling most or all entity and relation types, and
those that handle multiple tend to be inefficient, with process-
ing time growing exponentially with the number of database
or query entities. More work is needed to develop methods
that efficiently perform spatial pattern matching over line and
region data and can handle matching on topological and order
relations in addition to metric and directional ones.

Open problem: Flexibility across use cases. Most spa-
tial pattern matching algorithms are designed for particu-
lar systems, which are tailored to a small set of use cases,
such as similar region search [Liu et al., 2018], landmark
search [O’Sullivan et al., 2023b], or road network align-
ment [Schwering et al., 2014]. The lack of support across all
entity and relation types prevents any one method from gener-
alizing beyond a narrow range of spatial pattern matching ap-
plications. To integrate spatial pattern matching into a general
search pipeline, a flexible method is needed that can resolve a
wide variety of queries efficiently enough to enable real time
search. Even if individual methods can be made more effi-
cient, an ensemble approach may be needed, where different
queries are offloaded to different methods based on the enti-
ties and constraints in the query. While such an approach has

yet to be explored in the spatial pattern matching literature,
this is a common paradigm in meta-learning [Hospedales et
al., 2022; Gharoun et al., 2024]. Applying it here, one might
devise a classification model that learns which method is most
appropriate for a given query based on previous examples.

5.4 C4: Query Input Format

Challenge. To perform spatial pattern matching, a query
pattern must be specified with desired entities and relations,
which requires some mechanism for construction.

Open problem: Handling multi-modal queries. Most
systems that perform spatial pattern matching take input
queries in the form of a drawn sketch map or pictorial query
constructed on a canvas. While these options offer excep-
tional expressivity to capture the user’s search intention, they
require a custom interface and specific processing of the
query before spatial pattern matching can be performed. On
the other hand, some methods directly take a graph of query
objects with nodes and edge labels as input, or construct a
graph from a user selected set of example entities. While
these approaches simplify the input process, they do not han-
dle multiple modalities which could allow the user to cap-
ture the search intention in any convenient manner. More-
over, each query input format we identify in this survey has
one limitation or another that makes it difficult to incorporate
into a general search pipeline. As a promising way forward,
recent work has explored issuing directional spatial pattern
matching queries via natural language, using large language
models to generate pictorial queries automatically, given a
text description of the desired spatial pattern [Schneider et al.,
2025a]. However, this work only addresses point entities and
directional relations, and is limited to text input. Expanding
text-to-pictorial processing to the broader set of possible en-
tity and relation types and supporting image and other query
modalities is an open area of research that could benefit from
recent developments in large language models and vision lan-
guage models. If pictorial queries can be generated for arbi-
trary queries, they can then be encoded in a graph, tensor, or
matrix to enable exact or approximate spatial pattern match-
ing using any of the methods we surveyed.

6 Conclusion

Spatial pattern matching is a powerful form of spatial search
that allows users to capture precise spatial search intentions.
State of the art spatial pattern matching algorithms are capa-
ble of answering questions that most search engines cannot
currently handle, but their widespread use in general search
scenarios is inhibited by several challenges that we identify
and discuss in this paper. We survey the prominent exact
and approximate spatial pattern matching methods and dis-
cuss their benefits and drawbacks. Based on these insights,
we highlight the opportunities where Al can be used to ad-
dress the challenges associated with spatial pattern matching
to enable spatial search more broadly in the future.
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