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Abstract
Hypergraph Pattern Mining (HPM) aims to identify all the
instances of user-interested subhypergraphs (patterns) in
hypergraphs, which has been widely used in various appli-
cations. However, existing solutions either need significant
enumeration overhead because they extend subhypergraphs
at the granularity of vertices, or suffer from massive redun-
dant computations because they often need to repeatedly
fetch and process the same incident hyperedges for different
vertices. This paper presents an overlap-centric systemnamed
OHMiner to efficiently support HPM. OHMiner proposes
an overlap-centric execution model to determine the subhy-
pergraphs isomorphism through computing and comparing
overlaps among hyperedges using set operations. This model
aims to efficiently handle the vertices that collectively share
the same incident hyperedges. To automatically and precisely
retrieve an arbitrary pattern’s overlapping semantics without
performing redundant set computations, OHMiner further
proposes a redundancy-free compiler, which constructs an
Overlap Intersection Graph (OIG) for the pattern, optimizes
the OIG, and generates an overlap-centric execution plan to
guide the procedure of HPM. Moreover, OHMiner designs an
overlap-centric parallel execution engine, which adopts an
incremental overlap-pruned approach to fast validate candi-
dates for HPM. Additionally, it proposes a degree-aware data
store to support efficient generation of candidates. Through
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evaluating OHMiner on a broad range of real-world hyper-
graphs with various patterns, our experimental results show
that OHMiner outperforms the state-of-the-art HPM system
by 5.4×–22.2×.
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1 Introduction
Hypergraph [4, 58], where a hyperedge can contain an ar-
bitrary number of vertices, is a generalization graph model
beyond ordinary graphs, in which an edge only represents a
pairwise relationship. Hypergraphs can naturally and flex-
ibly describe high-order interactions among multiple enti-
ties [22, 29, 40, 49, 64] compared to ordinary graphs. Hy-
pergraph Pattern Mining (HPM), also called subhypergraph
matching, is one of the most fundamental and significant
problems in hypergraphs and involves extracting structural
information from hypergraphs. Specifically, HPM aims to
explore all subhypergraphs (embeddings), which are isomor-
phic to a user-specified subhypergraph (pattern), in data
hypergraphs. It has been widely used across numerous ap-
plications, including specific protein/gene discovery [22,
29, 37, 49, 59], pattern search in collaborative/social net-
works [27, 39, 66], object detection [13, 34, 41], and ma-
chine learning [28, 38, 45]. For instance, hypergraphs can
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Figure 1. An example to demonstrate procedure of the match-by-hyperedge approach for HPM systems

precisely model protein interactions in protein complex net-
works where proteins are vertices and protein complexes
are hyperedges [29, 49]. This modeling allows biologists to
describe protein complexes groups as patterns and search
for these patterns in massive biological networks, thereby
gaining insights into their interactions and functions.
Similar to subgraph isomorphism in ordinary Graph Pat-

tern Mining (GPM) systems [18, 31, 44, 51], subhypergraph
isomorphism is a core component to support downstream
HPM applications via APIs. However, efficiently executing
HPM applications faces significant challenges. First, subhy-
pergraph isomorphism in HPM is an NP problem [2, 3, 11,
42, 46] and thus suffers from high algorithmic complexity.
Second, complexity relationships among hyperedges
in HPM make it more difficult to validate subhyper-
graph isomorphism than subgraph isomorphism in
GPM. This is because the overlap between two hyperedges
can contain multiple vertices and can also be contained by
multiple hyperedges, while that between two ordinary edges
is either null or a single vertex (an overlap is the set of com-
mon vertices among distinct hyperedges). Therefore, HPM
systems require additional verification steps compared with
GPM systems [65]. Despite previous research efforts, exist-
ing HPM systems still suffer from high enumeration costs
or redundant computation overhead because they support
HPM at the vertex-granularity.

Existing systems can be categorized into two approaches:
the match-by-vertex approach and the match-by-hyperege
approach. Early HPM systems [14, 15, 24, 55, 66] expand
GPM to HPM by using a match-by-vertex approach, where
it extends subhypergraphs by adding a vertex at a time. This
approach enumerates each vertex in the pattern to find its
candidates in data hypergraphs and then validates hyper-
edges, resulting in large search space and significant enu-
meration overhead. To reduce these issues, HGMatch [65]
proposes a match-by-hyperedge approach, which extends
subhypergraphs by adding one hyperedge at a time. It gener-
ates hyperedge candidates and then validates hyperedge can-
didates after each extension. However, candidate generation

and validation in HGMatch also use the vertex-granularity
to retrieve and process vertices’ incident hyperedges (i.e.,
hyperedges that contain the vertex). This leads to massive
redundant computations (up to 90% of the total time) because
multiple vertices can share the same incident hyperedges.
In this work, we find that HPM exhibits significant over-

lap similarity, meaning that multiple vertices in an over-
lap among hyperedges share the same incident hyperedges.
Similarly, multiple vertices in a hyperedge beyond the over-
laps also share the same incident hyperedges. Furthermore,
multiple vertices in an overlap among hyperedges beyond
other smaller-scope overlaps also share the same incident
hyperedges. We consider these vertices redundant. For ex-
ample, in Figure 1(a),𝑢4,𝑢5, and𝑢6 are vertices in the overlap
among hyperedges {𝑝𝑒1, 𝑝𝑒2, 𝑝𝑒3}, indicating that they can be
handled together. We counted the redundant vertices in the
bottleneck procedure (i.e., candidate validation) of HGMatch
and found that they accounted for 68%–91% of all vertices.
This means that a majority proportion of the total execution
time is wasted for candidate validation in HGMatch.
We further find that these vertices can be modeled as a

region in the Venn diagram [50], which represents relation-
ships between multiple sets (each set in a Venn diagram cor-
responds to a hyperedge). Based on this finding, we propose
an overlap-centric execution model to validate subhy-
pergraph isomorphism by computing and comparing the
region size of the Venn diagram that models the hypergraph
between the pattern and embedding. Using this model, we
find that previous results of repeated set intersection com-
putations can be reused. To further optimize result reuses,
we leverage the inclusion-exclusion principle to convert set
differences into set intersections.
However, there are two main challenges to implement

the overlap-centric execution model and its optimization op-
portunities into an efficient and generic HPM system. First,
the real-world hyperedge patterns are complex and diverse.
Manually producing HPM solutions to analyze an arbitrary
pattern is tedious and time-consuming for programmers
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and users. Second, maintaining system efficiency and cor-
rectness is difficult. The overlapping semantics are derived
from pattern analysis. In the HPM, we need to efficiently
and correctly match overlaps of partial embeddings from
hypergraphs with the corresponding hyperedges.
To overcome these challenges, we present an overlap-

centric system calledOHMiner , which includes a redundancy-
free compiler, an overlap-centric parallel execution engine,
and a degree-aware data store. The compiler automatically
analyzes an arbitrary pattern by constructing and optimiz-
ing an Overlap Intersection Graph (OIG), and then generates
an overlap-centric execution plan to guide the procedure
of HPM. Based on the execution plan, the engine adopts an
incremental overlap-pruned approach to validating candi-
dates by computing overlaps and pruning false partial em-
beddings (subhypergraphs) efficiently. Moreover, the degree-
aware data store can support fast candidate generation by
quickly determining connection and disconnection relation-
ships among hyperedges. We evaluate OHMiner on a broad
range of real-world hypergraphs with various patterns. The
results demonstrate that OHMiner outperforms the cutting-
edge system HGMatch by 5.4×–22.2×.

In summary, this paper makes the following contributions:
• We propose an overlap-centric execution model to
efficiently validate subhypergraph isomorphism.
• We introduce a redundancy-free compiler that auto-
matically analyzes the overlapping semantics of ar-
bitrary patterns to eliminate redundant set computa-
tions and generates an overlap-centric execution plan
to guide the overlap-centric HPM.
• We present an incremental overlap-pruned approach
and a degree-aware data store to efficiently validate
candidates and generate candidates, respectively.
• We develop and evaluate a prototype of OHMiner and
the results verify the efficiency of OHMiner.

2 Background and Motivation
2.1 Definitions
• Hypergraph.Ahypergraph𝐻 is defined as𝐻 = (𝑉 , 𝐸, 𝐿),
where 𝑉 is a set of vertices, 𝐸 is a set of hyperedges, each
of which is a non-empty subset of 𝑉 (note that each edge
of an ordinary graph has only two vertices), and 𝐿 is a
labeling function that assigns a label to each vertex. |𝑉 |,
|𝐸 |, and |𝐿 | denote the number of vertices, hyperedges,
and labels of vertices in 𝐻 , respectively. For illustration,
Figure 1(b) shows a hypergraph with five hyperedges {𝑒1,
𝑒2, 𝑒3, 𝑒4, 𝑒5} and sixteen vertices {𝑣1, 𝑣2, . . . , 𝑣16}. Note
that for convenience of presentation, we use unlabeled
hypergraphs in this paper, but our system supports both
labeled and unlabeled hypergraphs (see Section 4.3.1).
• Incident Hyperedges/Vertices. We say a vertex 𝑣 and
a hyperedge 𝑒 are incident if 𝑣 ∈ 𝑒 (𝑣 ∈ 𝑉 , 𝑒 ∈ 𝐸). We
use 𝑁 (𝑒) to represent the 𝑒’s incident vertices and 𝑁 (𝑣)

to represent the 𝑣 ’s incident hyperedges (𝑒 is also called
𝑣 ’s incident hyperedge).
• Degree of Hyperedge/Vertex. The number of vertices
in 𝑁 (𝑒) or the number of hyperedges in 𝑁 (𝑣) is called the
degree of 𝑒 or 𝑣 , denoted as 𝐷 (𝑒) or 𝐷 (𝑣). For example, the
degree of 𝑒1 is 6, i.e., 𝐷 (𝑒1) = 6.
• Overlap. We say two hyperedges (𝑒𝑖 and 𝑒 𝑗 ) overlap (are
connected) when they contain at least one shared vertex
(i.e., the overlap is 𝑁 (𝑒𝑖 ) ∩ 𝑁 (𝑒 𝑗 ) ≠ ∅). For example, the
overlap between 𝑒1 and 𝑒2 is {𝑣4, 𝑣5, 𝑣6}.
• Adjacency List of Hyperedge.We represent the list of
hyperedges that overlap with a hyperedge 𝑒𝑖 as 𝑎𝑑 𝑗 (𝑒𝑖 ) (or
𝐴(𝑒𝑖 )). For example, 𝑎𝑑 𝑗 (𝑒4) is {𝑒1, 𝑒3}.
• Subhypergraph. A subhypergraph 𝑆𝐻 = (𝑆𝑉 , 𝑆𝐸) is
defined as a subset of vertices and hyperedges of 𝐻 .
• Hypergraph Pattern Mining (HPM). Given a pattern
hypergraph 𝑃 and a data hypergraph 𝐻 , HPM (also called
subhypergraph matching) aims to find all subhypergraphs
(embeddings) that are isomorphic to 𝑃 in 𝐻 . We say a sub-
hypergraph 𝑠ℎ in 𝐻 is subhypergraph isomorphic to 𝑃 if
and only if there exists a bijective mapping of the vertices
between 𝑠ℎ and 𝑃 , which induces a bijection of their hyper-
edges. Specifically, the mapping function is 𝑓 : 𝑉 (𝑃) →
𝑉 (𝑠ℎ) such that ∀𝑒𝑝 = {𝑢1, 𝑢2, . . . , 𝑢𝑛} ⊆ 𝑉 (𝑃) : 𝑒𝑝 ∈
𝐸 (𝑃) ⇐⇒ 𝑒𝑠ℎ = {𝑓 (𝑢1), 𝑓 (𝑢2), . . . , 𝑓 (𝑢𝑛)} ∈ 𝐸 (𝑠ℎ) [12].
• Matching Order. We define the matching order of a pat-
tern as the total order of the pattern’s hyperedges.
• Pattern andEmbedding.Weutilize hyperedge sequences
to describe a pattern 𝑃 and an embedding𝑚, i.e., {𝑝𝑒1, 𝑝𝑒2,
. . . , 𝑝𝑒𝑛} and {𝑒1, 𝑒2, . . . , 𝑒𝑛}, where 𝑒𝑖 = {𝑓 (𝑢) : 𝑢 ∈ 𝑝𝑒𝑖 }
(1 ≤ 𝑖 ≤ 𝑛). A partial pattern 𝑝′ contains the first 𝑥
(1 ≤ 𝑥 ≤ 𝑛) hyperedges of 𝑃 , and its corresponding em-
bedding is a partial embedding 𝑚′. Figure 1 shows that
the pattern’s matching order is {𝑝𝑒1, 𝑝𝑒2, 𝑝𝑒3}, and a corre-
sponding embedding is {𝑒1, 𝑒2, 𝑒3} which contains partial
embeddings {𝑒1} and {𝑒1, 𝑒2}.
• Candidates of Hyperedge. It is a hypergraph’s hyper-
edges mapped from a pattern’s hyperedge (e.g., 𝑝𝑒𝑖 ) based
on connection relationships among hyperedges in partial
embeddings and the degree of 𝑝𝑒𝑖 . We refer to a candidate
of 𝑝𝑒𝑖 as 𝑐𝑖 . As illustrated in Figure 1(d), given a partial
embedding {𝑒1}, candidates of 𝑝𝑒2 are {𝑒2, 𝑒4} because both
𝑒2 and 𝑒4 are connected to 𝑒1 and their degree is 6.

2.2 Different from Graph Pattern Mining (GPM)
HPM is more challenging than GPM since hypergraphs have
more complex relationships among hyperedges. Specifically,
given a matching order of vertices for GPM, the partial em-
bedding isomorphism can be uniquely determined by exam-
ining whether the newly matched vertex 𝑣𝑖 is connected to
the previously matched vertices. This is because the overlap
of multiple pairwise edges that involve 𝑣𝑖 is a unique vertex
(i.e., 𝑣𝑖 ). In contrast, subhypergraph isomorphism cannot be
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Figure 2. An example to show redundant computations of the match-by-hyperedge approach. 𝑁𝑀 (𝑢) represents the incident
hyperedges of the vertices in the hypergraph mapped by vertex 𝑢 in the pattern, and the degree of the hyperedge needs to be
the same as the degree of the extended hyperedge in the pattern. 𝑃 (𝑣) represents vertex 𝑣 ’s profile, which includes vertex 𝑣 ’s
incident hyperedges in the extended partial embedding.

directly determined by examining if the newly matched hy-
peredge is connected to previously matched hyperedges be-
cause the overlaps between hyperedges are complicated (e.g.,
each overlap can contain multiple vertices and can be con-
tained by multiple hyperedges). As a result, a validation
mechanism (for verifying how the hyperedges are con-
nected) has to be implemented in HPM systems [65].
Note that the validation is not an issue in GPM, but it be-
comes the bottleneck in HPM. Addressing this challenge
and implementing the arising optimization opportunities are
central focuses of this paper.

2.3 Problems of the State-of-the-Art HPM Systems
To overcome these challenges, multiple systems have been
proposed [14, 15, 24, 55, 65, 66]. In these systems, vertices
are the granularity of computation in HPM. These systems
can be classified into two categories: match-by-vertex [14,
15, 24, 55, 66] and match-by-hyperedge [65]. The former
iteratively maps a pattern vertex to a data vertex in the hy-
pergraph and then validates hyperedges, resulting in large
search space and expensive enumeration costs. To reduce
these issues, HGMatch [65] proposes a match-by-hyperedge
approach and shows significant performance improvement
(by four orders of magnitude on average) compared with
the previous studies [14, 15, 24, 55, 66]. It extends a subhy-
pergraph by adding a hyperedge and validates the extended
subhypergraph for each extension. The process of extending
embeddings can be modeled with a search tree (Figure 1(d)),
where each node represents a subhypergraph (i.e., a partial
embedding), and the subhypergraphs at the level 𝑘 + 1 are
extended from the subhypergraphs at the previous level 𝑘 .
Given a matching order {𝑝𝑒1, 𝑝𝑒2, 𝑝𝑒3}, an extending process
contains candidate generation and validation.
Specifically, to match 𝑝𝑒𝑖 in 𝑃 , HGMatch first generates

candidates of 𝑝𝑒𝑖 . As shown in Figure 1(c), a candidate of
𝑝𝑒3 is 𝑐3, which is connected to 𝑐1 and 𝑐2 (the candidates of

𝑝𝑒1 and 𝑝𝑒2). This is because 𝑝𝑒3 is connected to 𝑝𝑒1 and 𝑝𝑒2,
and 𝑐3’s degree is the same as the degree of 𝑝𝑒3 (i.e., 8). Then,
HGMatch performs candidate validation by determining if
there is an isomorphism between the extended subhyper-
graphs and the corresponding partial pattern. For example,
to extend the subhypergraph {𝑒1, 𝑒2}, candidates of 𝑝𝑒3 are {𝑒3,
𝑒5} since they are connected to {𝑒1, 𝑒2} and their degrees are
both 6. Note that {𝑒1, 𝑒2, 𝑒5} is not a valid embedding since 𝑣2
in 𝑒5 cannot be mapped to any vertex in 𝑃 . However, we find
that this match-by-hyperedge approach [65] suffers from
massive redundant computations because it also uses the
vertex-granularity to conduct the generation and validation
of candidates, which is discussed next.

Redundant Computations in Candidate Generation.
Figure 2(a) shows the process of extending {𝑒1, 𝑒2} and gen-
erating candidates of 𝑝𝑒3. It first traverses all vertices in
overlaps between 𝑝𝑒3 and previous hyperedges in 𝑃 ( 1○ in
Figure 2), and then maps these vertices to vertices in the
corresponding hyperedges of the partial embedding based
on vertices’ degrees. For example, 𝑢 𝑗 ∈ (𝑝𝑒2 ∩ 𝑝𝑒3), and
thus 𝑢 𝑗 is mapped to vertices in 𝑒2. Next, it fetches mapped
vertices’ incident hyperedges (denoted 𝑁𝑀 (𝑢 𝑗 )) in 𝐻 with
the pruning of 𝑝𝑒3’s degree (i.e., 8) ( 2○), and intersects these
𝑁𝑀 (𝑢 𝑗 )s to generate candidates, i.e., {𝑒3, 𝑒5} ( 3○). However,
multiple vertices in an overlap share the same incident hyper-
edges, leading to redundant computations when computing
each vertex’s degree and incident hyperedges individually.
In Figure 2(a), all 𝑁𝑀 (𝑢 𝑗 ) are the same.
Redundant Computations in Candidate Validation.

As shown in Figure 2(b), after extending the partial embed-
ding by adding candidates ( 4○), candidate validation is per-
formed to determine the partial subhypergraph isomorphism.
To validate a newly added hyperedge candidate 𝑒𝑖 , it com-
putes the profile of each vertex in 𝑒𝑖 ( 5○), which includes ver-
tex’s incident hyperedges in the extended partial embedding.
The profile of 𝑣4 is 𝑃 (𝑣4) = {𝑒1, 𝑒2, 𝑒3} since 𝑣4 is contained
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Figure 4. An example to motivate our overlap-centric execution model

by hyperedges 𝑒1, 𝑒2, and 𝑒3. Then, it maps the hyperedges
in the profiles of the vertices in 𝑝𝑒3 to hyperedges in the
partial embedding based on matching order ( 6○). For exam-
ple, {𝑝𝑒1, 𝑝𝑒2, 𝑝𝑒3} are mapped to {𝑒1, 𝑒2, 𝑒3} and {𝑒1, 𝑒2, 𝑒5}
for the two extended partial embeddings, respectively. Next,
it compares the two profiles through a hash-based method
to determine the partial subhypergraph isomorphism ( 7○).
Note that {𝑒1, 𝑒2, 𝑒5} is not a valid embedding since the profile
of 𝑣2 in 𝑒5 cannot equal any profile in the mapped vertices of
𝑝𝑒3, leading to the incorrect hash-based comparison result.
However, significant redundancies exist in these profiles, e.g.,
𝑃 (𝑣4)=𝑃 (𝑣5)=𝑃 (𝑣6), 𝑃 (𝑣7)=𝑃 (𝑣8), and 𝑃 (𝑣10)=𝑃 (𝑣11)=𝑃 (𝑣12).
We analyze HGMatch [65] by mining different patterns

on several datasets. Section 5 describes the details of the ex-
perimental environment, hypergraph datasets, and patterns
used in this evaluation. Figure 3 shows the evaluation results
of HGMatch. We include only three representative datasets,
as the results for the other datasets are similar. Figure 3(a)
shows that candidate generation and candidate validation
together take up 97% to 99% of the entire time, especially
for candidate validation (up to 85%). Figure 3(b) shows that
redundant computations in the above procedures account
for a significant percentage (up to 90%) of the total time.

3 Overlap-centric Execution Model
To efficiently support the HPM, we propose an overlap-
centric execution model, which performs HPM in the granu-
larity of overlap (rather than the traditional granularity of
vertex) to collectively handle multiple vertices that share
the same incident hyperedges. This model can efficiently

determine subhypergraph isomorphism by computing and
comparing overlaps among hyperedges.

The overlap-centric execution model stems from our find-
ing that hypergraph pattern mining exhibits significant over-
lap similarity, meaning that multiple vertices in an overlap
among hyperedges share the same incident hyperedges. Sim-
ilarly, multiple vertices in a hyperedge beyond the overlaps
also share the same incident hyperedges. Furthermore, mul-
tiple vertices in an overlap among hyperedges beyond other
smaller-scope overlaps also share the same incident hyperedges.
In Figure 2(b), 𝑣4, 𝑣5, and 𝑣6 are vertices in the overlap among
hyperedges {𝑒1, 𝑒2, 𝑒3} and have the same vertex profile, indi-
cating that they can be handled together. Similarly, 𝑣10, 𝑣11,
and 𝑣12 are the vertices in 𝑒3 that are beyond the overlaps,
and they also have the same vertex profile. Figure 3(c) shows
that 68%–91% of all vertices are redundant in candidate vali-
dation, leading to massive unnecessary and time-consuming
computations.
Based on this finding, we propose a hypergraph repre-

sentation approach, which uses the Venn diagram [50] to
model a pattern’s vertices, because a region in the Venn
diagram can represent the vertices that share the same inci-
dent hyperedges. Figure 4(a) shows the 7 regions (excluding
the exterior) of the 3-Venn diagram, which models the rela-
tionship among three sets (i.e., 𝐴1, 𝐴2, and 𝐴3). A region is
denoted by 𝑅𝑖 (1 ≤ 𝑖 ≤ 7) and can be computed using the set
operations in Figure 4(b), where 𝐴𝑖 \𝐴 𝑗 represents the set
difference of 𝐴𝑖 and 𝐴 𝑗 . Consider each set as a hyperedge,
vertices in each of the seven regions share the same incident
hyperedges and can be processed together. We refer to the
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Figure 5. An example to validate two embeddings using
their region sizes

number of vertices in a region as the region size. Figure 4(d)
shows that the size of regions for the example pattern is {3,
1, 3, 0, 0, 2, 3} for {𝑅1, 𝑅2, 𝑅3, 𝑅4, 𝑅5, 𝑅6, 𝑅7}.

After that, we determine subhypergraph isomorphism
based on this hypergraph representation. In detail, we first
compute the size of each region of the embedding, and then
compare it with the corresponding region size of the pattern.
If all region sizes are the same, it indicates subhypergraph
isomorphism. As shown in Figure 5, {𝑒1, 𝑒2, 𝑒3} is a valid
embedding since the size of each region is the same as that
of the pattern. The sizes of 𝑅5 and 𝑅3 of {𝑒1, 𝑒2, 𝑒5} are 1 and
2, respectively, which are different from those of the pattern
(0 and 3). Therefore, {𝑒1, 𝑒2, 𝑒5} is not a valid embedding.
The correctness of our Venn diagram-based approach for
subhypergraph isomorphism can be proven by Theorem 1.
Theorem 1. Given two subhypergraphs, construct a Venn

diagram for each subhypergraph. Given an order of hyperedges,
whether these two subhypergraphs are isomorphic is equivalent
to whether the size of each region in the two Venn diagrams is
the same.
Proof. Each region’s incident hyperedges are unique and
determined according to the set operations in Figure 4(b).
We determine a region order based on the order of hyper-
edges, and matching region sizes represent that all regions
are matched. Each region’s vertices share the same incident
hyperedges, and consequently every vertex matches (for la-
beled hypergraphs, we additionally compare the labels of
vertices in each region). Therefore, there is a bijection be-
tween the two subhypergraphs’ vertices, which can induce a
bijection between the two subhypergraphs’ hyperedges. □

However, we find that redundant set intersection com-
putations exist in the set operations. For example, both
𝑅4 and 𝑅7 need to compute 𝐴1 ∩ 𝐴2. The partial computa-
tion result (an overlap) in 𝑅4 can be reused when computing
𝑅7. Set computations for regions involve set differences. To
exploit the above advantage (i.e., result reuse) over set dif-
ferences, we use the Inclusion-Exclusion Principle (IEP) [5]
to transform set differences to set intersections. Specifically,
given𝑚 hyperedges, the set operations for each region in the

𝑚-Venn diagram can be expressed in the first line of Equa-
tion (1), where 1 ≤ 𝑛 ≤ 𝑚. Then, the computation can be
further transformed to a set difference between two union
operations, each of which can utilize the IEP. Finally, the set
differences are completely eliminated. Figure 4(c) shows that
the transformed formula for three sets avoids set differences.

|𝑅 | = |
𝑛⋂
𝑖=1

𝐴𝑖 \𝐴𝑛+1 \𝐴𝑛+2 \ · · · \𝐴𝑚 |

= |
𝑛⋂
𝑖=1

𝐴𝑖 ∪𝐴𝑛+1 ∪𝐴𝑛+2 ∪ · · · ∪𝐴𝑚 | − |
𝑚⋃

𝑖=𝑛+1
𝐴𝑖 |

= |
𝑛⋂
𝑖=1

𝐴𝑖 | −
∑︁

𝑛+1≤ 𝑗≤𝑚
|
𝑛⋂
𝑖=1

𝐴𝑖 ∩𝐴 𝑗 | + · · · + (−1)𝑚−𝑛 |
𝑚⋂
𝑖=1

𝐴𝑖 |

(1)

Utilizing IEP offers two significant benefits. First, the arith-
metic operations (i.e., addition and subtraction) involving
absolute values (i.e., size of overlaps) in Equation (1) can be
completely eliminated once we determine all overlaps among
hyperedges. Second, redundant set computations in the Equa-
tion can be eliminated. Figure 4(c) shows that |𝐴1 ∩𝐴2 | and
|𝐴1 ∩𝐴2 ∩𝐴3 | are repeated 3 times and 7 times, respectively,
and𝐴1∩𝐴2 can be used as an intermediate result to compute
𝐴1 ∩𝐴2 ∩𝐴3. To this end, we only need to compute overlaps
among hyperedges once, which are a part of the set operations
for regions, as shown in Figure 4(b). Note that HGMatch [65]
cannot eliminate its redundant computations (see Section 2.3)
because it processes HPM at the vertex granularity and does
not identify vertices within the same region.

Further Optimization Opportunities for HPM. More
importantly, the above approach opens multiple new opti-
mization opportunities for HPM. First, if the sizes of any
overlap between a partial pattern and a partial embedding
are different, pruning can be performed to avoid unnecessary
subsequent set computations. For example, when extending
{𝑒1} to {𝑒1, 𝑒4}, the computation of 𝑒1∩𝑒4∩𝑒3 is unnecessary
and can be pruned since ( |𝑝𝑒1 ∩ 𝑝𝑒2 | = 3) ≠ ( |𝑒1 ∩ 𝑒4 | = 2).
Second, not all hyperedges in a pattern are connected to
each other, resulting in a significant number of empty over-
laps (i.e., the degree of overlap is zero), which can further be
used to identify unnecessary computations. For example, if
|𝐴1∩𝐴2 | = 0, |𝐴1∩𝐴2∩𝐴3 | must be 0 and is an unnecessary
computation. Besides, empty overlaps can be determined
by checking the disconnections between hyperedges, rather
than computing set intersections. Figure 3(d) illustrates that
the majority of hyperedges in the data hypergraph’s subhy-
pergraph, which is mapped from the pattern’s hyperedges
based on their degrees, are disconnected (only one tiny frac-
tion, up to 0.11, is connected). This indicates that we can
leverage the disconnection relationships among hyperedges
to reduce massive set computations for empty overlaps.
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Figure 6. Overview of OHMiner system

4 OHMiner System
4.1 Challenges of System Design
Incorporating the overlap-centric execution model and its
optimization opportunities into a general HPM system effi-
ciently faces two key challenges.
• Complex and Diverse Patterns. Capturing the overlap-
ping semantics of arbitrary patterns is difficult due to the
various complicated relationships between hyperedges.
Manually generating HPM solutions to identify and elimi-
nate the aforementioned redundant set computations for
arbitrary patterns is tedious and time-consuming for pro-
grammers and users. Hence, we propose a compiler to
automate pattern analysis.
• Maintaining System Efficiency and Correctness. The
overlapping semantics are derived from pattern analysis.
In the HPM process, we need to efficiently and correctly
match overlaps of partial embeddings from hypergraphs
with the corresponding hyperedges.

4.2 Overview of OHMiner System
To overcome the above challenges, we present an overlap-
centric HPM system OHMiner. Figure 6 shows the overview
of OHMiner. OHMiner takes a user-specified pattern as
well as a data hypergraph as inputs ( 1○ and 2○ in Figure 6)
and then outputs all the embeddings ( 6○). Specifically, the
Redundancy-free Compiler automatically analyzes the
pattern ( 1○) and generates an overlap-centric execution plan
to guide the execution of HPM ( 5○). Given an overlap-centric
execution plan ( 5○) and hypergraph data ( 4○), the Overlap-
centric Execution Engine identifies all embeddings in the
hypergraph for a pattern ( 6○). The Degree-aware Data
Store first loads data hypergraphs from source files ( 2○) and
builds the data structure of the hypergraph for the above
two components ( 3○ and 4○).

4.3 Redundancy-free Compiler
The overview of the redundancy-free compiler is shown in
Figure 7. The front-end of the compiler constructs the high-
level intermediate representation, i.e., Overlap Intersection
Graph (OIG), of an arbitrary pattern and adopts the merge
optimization to eliminate redundant set computations. The
middle-end analyzes the OIG to generate an order of overlap
execution and then utilizes a group-based pruning technique
to reduce unnecessary computations of empty overlaps. The
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Figure 7. Overview of the redundancy-free compiler
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Figure 8. An example of overlap intersection graph (left)
and its simplified representation (right)

back-end of the compiler generates the overlap-centric exe-
cution plan (low-level intermediate representation) to guide
the procedure of HPM.

4.3.1 OIG Construction. To extract the overlapping se-
mantics of a pattern, we propose an OIG to group vertices
with the same incident hyperedges.

Definition 1 (Overlap Intersection Graph). Given an
arbitrary pattern, an OIG is a directed acyclic ordinary graph,
where each vertex represents either a hyperedge or an over-
lap. An edge from 𝑠𝑟𝑐 to 𝑑𝑠𝑡 indicates that 𝑑𝑠𝑡 is formed by
intersecting 𝑠𝑟𝑐 and another vertex that has an outgoing edge
directly connected to 𝑑𝑠𝑡 .

Algorithm 1 demonstrates the procedure for constructing
an OIG of 𝑃 using the Breadth-First Search (BFS) strategy. A
level in OIG, called Level Vertices (LV), contains the vertices
at the same depth of the BFS. First, all hyperedges of 𝑃 are
added into the 𝑂𝐼𝐺 as vertices of level 1 (lines 1–2), which
are stored in 𝐿𝑉 (lines 3–4). Then, we explore each pair of
vertices {𝑙𝑣𝑖 , 𝑙𝑣 𝑗 } (𝑖 < 𝑗 ) in 𝐿𝑉 (lines 6–8). If 𝑙𝑣𝑖 and 𝑙𝑣 𝑗 are
overlapped, we add their overlap (i.e., 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 ) as a vertex
and two edges (i.e., {𝑙𝑣𝑖 , 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 } and {𝑙𝑣 𝑗 , 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 }) into
𝑂𝐼𝐺 (lines 8–12). Next, we merge the identical vertices in
the next level to avoid redundant intersection computations
among them in the remaining levels (line 13) and then store
the vertices of the next level to 𝐿𝑉 (line 14). Finally, we
continue the preceding steps until 𝐿𝑉 is empty (lines 5–14).

The OIG of the example pattern is shown on the left of Fig-
ure 8 and contains three levels. The vertices at level 1 in the
OIG represent hyperedges, while the other vertices represent
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Algorithm 1: OIG Generation
Input: Pattern 𝑃

Output: Overlap intersection graph of 𝑃
1 foreach 𝑝𝑒𝑖 ∈ 𝑃 do
2 𝑂𝐼𝐺 .addVertex(𝑝𝑒𝑖 );
3 𝑙𝑒𝑣𝑒𝑙 ← 1;
4 𝐿𝑉 ← GetLevelVertices(𝑂𝐼𝐺 , 𝑙𝑒𝑣𝑒𝑙 );
5 while 𝐿𝑉 ≠ ∅ do
6 foreach 𝑙𝑣𝑖 ∈ 𝐿𝑉 do
7 foreach 𝑙𝑣 𝑗 ∈ 𝐿𝑉 do
8 if 𝑖 < 𝑗 and 𝑁 (𝑙𝑣𝑖 ) ∩ 𝑁 (𝑙𝑣 𝑗 ) ≠ ∅ then
9 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 ← 𝑁 (𝑙𝑣𝑖 ) ∩ 𝑁 (𝑙𝑣 𝑗 );

10 𝑂𝐼𝐺 .addVertex(𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 );
11 𝑂𝐼𝐺 .addEdge(𝑙𝑣𝑖 , 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 );
12 𝑂𝐼𝐺 .addEdge(𝑙𝑣 𝑗 , 𝑜𝑣𝑒𝑟𝑙𝑎𝑝𝑖 𝑗 );

13 𝑂𝐼𝐺 ←MergeForUnique(𝑂𝐼𝐺 , ++𝑙𝑒𝑣𝑒𝑙 );
14 𝐿𝑉 ← GetLevelVertices(𝑂𝐼𝐺 , 𝑙𝑒𝑣𝑒𝑙 );
15 return 𝑂𝐼𝐺 ;

overlaps. Each vertex in level 𝑖 (except for level 1) represents
an overlap of 𝑖 hyperedges. Specifically, level 1 represents the
hyperedges of the pattern (i.e., 𝑝𝑒1, 𝑝𝑒2, and 𝑝𝑒3), and level
2 consists of the vertices formed by the intersection of two
hyperedges. Note that the overlap of 𝑝𝑒1 and 𝑝𝑒2 is the same
as the overlap of 𝑝𝑒1 and 𝑝𝑒3, and thus we merge these two
overlaps (i.e., the dashed circle). Level 3 contains the final
overlap, which is the intersection of two overlaps in level 2.
The right in Figure 8 depicts the simplified representation of
OIG, where 𝑜1 and 𝑜6 represent the hyperedge 𝑝𝑒1 and the
overlap of 𝑝𝑒2 and 𝑝𝑒3, respectively.
To support labeled HPM, we add the label attribute for

each vertex in OIG to ensure correctness. For efficiency of
labeled HPM, we maintain a sorted sequence of the elements
in hyperedges (or overlaps) based on both label ID and vertex
ID (label ID first, then vertex ID), rather than only vertex
ID in unlabeled HPM, for efficient set operations. Note that
our techniques can also be easily extended to hyperedge-
labeled hypergraphs. Specifically, we can prune the unrelated
hyperedges based on the hyperedge labels when extending
a hyperedge, which reduces the search space of HPM and
the computation load.

4.3.2 OIG Analysis and Optimization. To match a ver-
tex in OIG, its predecessors must be matched due to data
dependencies (e.g., 𝑜4 is the overlap between 𝑜1 and 𝑜2, which
have precedence over 𝑜4), and thus there needs a total or-
der of all vertices in OIG. To achieve this goal, we propose
the concept of overlap order to guide the execution of ver-
tices in OIG. We build a matching order for the pattern’s
hyperedges based on their connection relationships and data
hypergraph features [65]. Given an OIG and a matching or-
der of a pattern, an overlap order is a topological order of the

e1

u1 u2

u5
u6

u3
u4

u10u9

u11 u12

u7 u8

e2 e3

e4

e5

(a) An example pattern

O1 O2 O3

O6 O7 O8

O4 O5

O9 O11O10

Level 1

Level 2
Group 1

Group 2

O13Level 3 Group 3

Group 0

O12 O14 Merged

(b) The OIG of the example pattern

Figure 9. An example pattern and its OIG to illustrate our
group-based approach

OIG based on the matching order. Consider the simplified
OIG in Figure 8 with the matching order {𝑜1, 𝑜2, 𝑜3}. When
extending 𝑜1, we can only match 𝑜1. When extending 𝑜2, we
can match 𝑜4 since its predecessors have been matched. Sim-
ilarly, when extending 𝑜3, we can first match 𝑜5 and 𝑜6 and
then match 𝑜7 once its predecessors (𝑜45 and 𝑜6) are matched.
Therefore, the overlap order of the example OIG is {𝑜1, 𝑜2,
𝑜4, 𝑜3, 𝑜5, 𝑜45, 𝑜6, 𝑜7}.

More importantly, the OIG does not model empty overlaps,
but these empty overlaps have to be computed in partial
embeddings to ensure the correctness of HPM according
to Equation (1). For example, two hyperedges that do not
overlap in the pattern may overlap in the hypergraph after
being mapped, which will incur the incorrect computation
result of region sizes (as shown in Figure 4(c)), thereby failing
to validate partial embeddings. To overcome this issue, we
analyze the disconnection relationships between vertices
(i.e., empty overlaps) in the OIG.

However, it is unnecessary to determine an OIG vertex’s
disconnection relationships to all other vertices. We propose
a group-based pruning approach, which uses the disconnec-
tion relationships of the current level’s vertices to prune
those of the remaining levels’ vertices. Specifically, we first
determine all disconnection relationships among hyperedges
in level 1. For example, in Figure 9(b), 𝑜5 is connected to both
𝑜3 and 𝑜4, and does not connect to 𝑜1 and 𝑜2. Then, we divide
vertices in the same level into groups, where each group’s pre-
decessors are connected to each other. In this way, we only
need to determine the disconnection relationships within
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Table 1. The overlap-centric execution plan, where 𝑐𝑖 , 𝐷 (𝑐𝑖 ),
and𝐴(𝑐𝑖 ) represent a candidate of𝑜𝑖 , degree of 𝑐𝑖 , and𝑎𝑑 𝑗 (𝑐𝑖 )
in the hypergraph, respectively, for the OIG in Figure 8

Vertex Overlap-centric Execution Plan

𝑜1 𝑐1 ∈ 𝐸 && 𝐷 (𝑐1) == 𝐷 (𝑜1)
𝑜2 𝑐2 ∈ 𝐴(𝑐1) && 𝐷 (𝑐2) == 𝐷 (𝑜2)
𝑜4 𝑐4 ← 𝑐1 ∩ 𝑐2 && 𝐷 (𝑐4) == 𝐷 (𝑜4)
𝑜3 𝑐3 ∈ (𝐴(𝑐1) ∩𝐴(𝑐2)) && 𝐷 (𝑐3) == 𝐷 (𝑜3)
𝑜5 𝑐5 ← 𝑐1 ∩ 𝑐3 && 𝑐5 == 𝑐4
𝑜45 𝑐45 ← 𝑐5
𝑜6 𝑐6 ← 𝑐2 ∩ 𝑐3 && 𝐷 (𝑐6) == 𝐷 (𝑜6)
𝑜7 𝑐7 ← 𝑐45 ∩ 𝑐6 && 𝐷 (𝑐7) == 𝐷 (𝑜7)

each group since the disconnection relationships between
groups have already been determined by their predecessors.
Consider the two groups (Group 1 and Group 2) in level 2.
The disconnection relationships between {𝑜6, 𝑜7, 𝑜8} and {𝑜9,
𝑜10, 𝑜11} are already determined by the previous level, e.g.,
the overlap of 𝑜8 and 𝑜9 must be empty since the overlap of
𝑜2 and 𝑜4 is empty.

4.3.3 Execution Plan Generator. Based on the overlap
order and group-based pruning, the generator traverses the
OIG to generate the overlap-centric execution plan.
Definition 2 (Overlap-centric Execution Plan). Given

an OIG and an overlap order for the pattern, the overlap-centric
execution plan is a sequence of set operations and comparison
operations, organized in the overlap order, to compute candi-
dates of each vertex in the OIG.

The execution plans for hyperedge vertices and over-
lap vertices in the OIG guide candidate generation and
candidate validation in HPM, respectively. Specifically,
to match 𝑝𝑒𝑖 , the connection relationships among hyper-
edges and 𝑝𝑒𝑖 ’s degree determine the execution plan of 𝑝𝑒𝑖 ,
as shown in Figure 1(c). After matching a hyperedge, we
compute overlaps in the overlap order. Each overlap is com-
puted by intersecting its predecessor vertices. Table 1 shows
the overlap-centric execution plan for the OIG in Figure 8.
The execution plan of 𝑜3 specifies that i) 𝑜3’s candidate 𝑐3 is
connected to both 𝑐1 and 𝑐2, ii) the degree of 𝑐3 (i.e., 𝐷 (𝑐3))
is the same as the degree of 𝑜3. The execution plan of 𝑜5
specifies that i) 𝑜5’s candidate 𝑐5 is the overlap of 𝑐1 and 𝑐3,
ii) 𝑐5 is the same as 𝑜4.

4.4 Overlap-centric Parallel Execution Engine
Taking the overlap-centric execution plan and hypergraph
data as input, the engine finds all embeddings in the hyper-
graph. Figure 10 shows the pseudocode of mining the pattern
in Figure 1(a). The pseudocode mainly contains two parts:
candidate generation for hyperedges (lines 1–4, lines 7–8)
and candidate validation for overlaps (lines 5–6, lines 9–14).

1. for    // candidate generation for 

2.     if  break;   // candidate generation for 

3.     for   // candidate generation for 

4.         if   break;  // candidate generation for 

5.          ;   // candidate validation for 

6.         if  break;  // candidate validation for 

7.         for   // candidate generation for 

8.             if   break;  // candidate generation for 

9.              ;  // candidate validation for 

10.           if   break;  // candidate validation for 

11.            ;  // candidate validation for 

12.           if   break;  // candidate validation for 

13.            ;  // candidate validation for 

14.           if   // candidate validation for 

15.                


Figure 10. Pseudocode of mining the pattern in Figure 1(a)

(a) EOIG for (b) EOIG for 

Figure 11. Examples for overlap-pruned candidate valida-
tion when mining the pattern in Figure 1(a)

Overlap-pruned Candidate Validation. To efficiently
validate a partial embedding, we incrementally maintain an
OIG for a partial embedding (called EOIG) at runtime. Specif-
ically, based on the overlap order, we extend the previous
partial EOIG, rather than recompute a new one completely,
through computing the newly matched overlaps of EOIG
using the execution plan. Once any overlap in EOIG does
not meet the conditions for its corresponding overlap in pat-
terns (e.g., degree of overlap, disconnection relationships,
and equal relationships, as shown in Table 1), we prune it
to avoid subsequent redundant set computations. Consider
the process of matching 𝑜5 in Figure 8 when extending {𝑒1,
𝑒2} to {𝑒1, 𝑒2, 𝑒5}, as shown in Figure 11(a). The degree of 𝑐5
(i.e., |𝑒1 ∩ 𝑒5 | = 4) differs from that in the pattern’s OIG (i.e.,
|𝑝𝑒1 ∩ 𝑝𝑒3 | = 3), and hence it is not a valid embedding of
𝑃 . Note that if 𝑐5 is not successfully matched, subsequent
overlaps (i.e., 𝑐45, 𝑐6, and 𝑐7) are not required to be computed.
However, HGMatch [65] performs candidate validation with-
out pruning, where it computes and hashes profiles of all
vertices in the matched hyperedge and then compares them
with those of the pattern.

Parallelism.We adopt OpenMP with dynamic schedul-
ing to implement the thread-level parallelism. Specifically,
we assign candidates of the first hyperedge in a pattern to
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Table 2. The DAL for the example hypergraph in Figure 1(b)

Hyperedge Degree AL DAL

𝑒1 6 {𝑒2, 𝑒3, 𝑒4, 𝑒5} {{𝑒2, 𝑒4}, {𝑒3, 𝑒5}}
𝑒2 6 {𝑒1, 𝑒3, 𝑒5} {{𝑒1}, {𝑒3, 𝑒5}}
𝑒4 6 {𝑒1, 𝑒3} {{𝑒1}, {𝑒3}}

𝑒3 8 {𝑒1, 𝑒2, 𝑒4, 𝑒5} {{𝑒1, 𝑒2, 𝑒4}, {𝑒5}}
𝑒5 8 {𝑒1, 𝑒2, 𝑒3} {{𝑒1, 𝑒2}, {𝑒3}}

multiple threads for execution. Each thread computes partial
results (e.g. the number of subhypergraphs), and then the
main thread is used to synchronize and accumulate the re-
sults from all other threads. Each thread explores the search
tree (Figure 1(d)) using a Depth-First Search (DFS) strategy
to minimize the memory consumption and data copying
overhead. Moreover, we use SIMD instructions (i.e., AVX-
512) to support the data-level parallelism for efficient set
computations [26].

4.5 Degree-aware Data Store
The core operation of generating candidates is to determine
whether the candidate of 𝑝𝑒𝑖 is connected and disconnected
to the previously matched hyperedges with the pruning
of 𝑝𝑒𝑖 ’s degree. For example, lines 7–8 in Figure 10 show
the pseudocode of generating candidates for 𝑝𝑒3. To effi-
ciently support this, we propose a Degree-aware Adjacency
List (DAL) to directly describe connection relationships of
hyperedges in a data hypergraph, rather than the indirect
approach in HGMatch [65], which incurs massive redundant
computations (see Section 2.3). DAL groups hyperedges ac-
cording to their degrees to efficiently match the first vertex
in the overlap order. For each hyperedge 𝑒𝑖 , DAL maintains
an ID list of hyperedges connected to it, and then groups
this list based on their degrees for efficient pruning.
Table 2 shows that the DAL of 𝑒1 is partitioned into two

groups, i.e., {𝑒2, 𝑒4} for degree 6 and {𝑒3, 𝑒5} for degree 8. To
generate candidates of 𝑝𝑒3 (degree is 8) based on the partial
embedding {𝑒1, 𝑒2} in Figure 1, we first get adjacency lists of
𝑒1 and 𝑒2 with degree 8 since both 𝑝𝑒1 and 𝑝𝑒2 are connected
to 𝑝𝑒3. Note that we only need to scan the group {𝑒3, 𝑒5}
instead of the entire Adjacency List (AL) {𝑒2, 𝑒3, 𝑒4, 𝑒5} for
𝑒1. Then, we intersect degree-pruned adjacency lists of 𝑒1
and 𝑒2 to obtain candidates for 𝑝𝑒3, i.e., {𝑒3, 𝑒5}. Note that we
only need to retrieve the neighbors of two hyperedges with
degree pruning, rather than the incident hyperedges of five
vertices, as shown in Figure 2(a).

Like Compressed Sparse Row (CSR) [54], we maintain a
degree index for the sorted adjacency list (degree first, then
hyperedge ID) of each hyperedge. The index is used to locate
the start position of the hyperedges that share the same
degree. Note that the DAL construction is accomplished by

Table 3. A list of real-world hypergraph datasets with their
number of vertices, hyperedges, and Average Degree of hy-
peredges (AD) for evaluation

Hypergraph Datasets |V| |E| AD

contact-high-school (CH) 327 7,818 2.33
contact-primary-school (CP) 242 12,704 2.42
senate-bills (SB) 294 29,157 9.90
house-bills (HB) 1,494 60,987 22.15
walmart-trips (WT) 88,860 69,906 6.86
trivago-clicks (TC) 172,738 233,202 3.18
coauth-DBLP (CD) 1,924,991 3,700,067 3.14
AMiner (AM) 13,262,573 22,552,647 3.82

offline preprocessing, and its overhead can be amortized by
numerous executions of different HPM applications.

5 Evaluation
5.1 Methodology
Environments.We run all the experiments on a machine
equipped with two 32-core Intel Xeon Platinum 8358 CPUs
(64 cores and 128 threads in total) and 1024 GB DDR4 RAM.
We implement OHMiner using C++ and compile it using the
g++ compiler (version 9.4) with O3 optimization.

Hypergraph Datasets and Patterns. We evaluate eight
real-world hypergraphs [6, 36], as shown in Table 3. We re-
move redundant hyperedges and redundant vertices in each
hyperedge when preprocessing the hypergraph. The hyper-
graphs in Table 3 are mainly those used by HGMatch. Addi-
tionally, we have conducted experiments with even larger
hypergraphs (i.e., CD and AM). CD is an author collabo-
ration network, where a hyperedge (paper) contains many
vertices (authors). AM is an academic bibliographic network,
representing the relationships that an author (hyperedge)
publishes multiple publications (vertices). These datasets
vary in |E|, |V|, degree sizes, degree distributions, and |E|/|V|-
ratios. Hypergraphs with higher |E|/|V| ratios tend to have
more overlaps. Our tests show that some of the datasets (e.g.,
WT and TC) exhibit a clear power-law distribution, while
others do not.

Like HGMatch [65], we randomly sample subhypergraphs
from hypergraphs as patterns. We continuously expand a
hyperedge sampled from the adjacent hyperedges of previous
hyperedges based on the pattern setting. 𝑃𝑖 represents a
pattern setting that contains 𝑖 hyperedges, and 𝑝𝑖 represents
a pattern in 𝑃𝑖 . The number of vertices is limited to the range
[𝑉𝑚𝑖𝑛 , 𝑉𝑚𝑎𝑥 ], as shown in Table 4. For each pattern setting,
we randomly generate 5 patterns by default and report the
average result. For each pattern, we measure the average
execution time three times.

Baselines.We compareOHMinerwith the best-performing
HPM system HGMatch [65] to date. Note that HGMatch sig-
nificantly outperforms the other cutting-edge solutions [8, 9,
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Table 4.A list of pattern settings with their pattern numbers,
hyperedge numbers, and vertex numbers for evaluation

Pattern Setting Pattern Number |E| |V|𝑚𝑖𝑛 |V|𝑚𝑎𝑥

𝑃2 5 2 5 15
𝑃3 5 3 10 20
𝑃4 5 4 10 30
𝑃5 5 5 15 35
𝑃6 5 6 15 40
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Figure 12. Speedups of OHMiner compared to HGMatch
for unlabeled HPM normalized to that of HGMatch

Table 5. Execution times (in seconds) of HGMatch and
OHMiner for different patterns and datasets

Patterns Datasets HGMatch OHMiner Speedup

𝑝3 SB 1.66 0.13 12.77
𝑝3 HB 1.35 0.07 19.29
𝑝3 WT 1.05 0.11 9.55

𝑝4 SB 74.46 3.31 22.50
𝑝4 HB 36.32 4.18 8.69
𝑝4 WT 93.35 9.75 9.57

𝑝5 SB 1910.77 166.63 11.47
𝑝5 HB 2980.65 264.56 11.27
𝑝5 WT 870.04 120.52 7.22

14, 15, 24, 25, 55, 56] by four orders of magnitude on average,
because HGMatch uses the match-by-hyperedge approach
rather than the match-by-vertex approach [8, 9, 14, 15, 24,
25, 55, 56]. Thus, we only compare with HGMatch in our
experiments. Note that, for a fair comparison, we modify
HGMatch to employ the parallelism strategy described in
Section 4.4, which outperforms HGMatch’s fine-grained par-
allelism strategy [65] for all patterns by 1.2× at least.

5.2 Performance
Overall Speedup. Figure 12 compares the performance of
OHMiner and HGMatch for unlabeled HPM. The results
show that OHMiner outperforms HGMatch by 8.2×–22.2×,
7.2×–21.0×, 7.1×–17.0×, 5.4×–19.5×, and 6.2×–17.8×, respec-
tively, for different pattern settings. The perfomance im-
provement stems from two factors. First, the overlap-centric
method leverages set computations effectively to eliminate
the redundant computations in HGMatch. Second, we adopt

CH CP SB HB WT TC Gmean0
2
4
6
8

Sp
ee
du
p

P2 P3 P4 P5 P6

Figure 13. Speedups of OHM-V compared to HGMatch for
unlabeled HPM normalized to that of HGMatch
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Figure 14. Speedups of OHMiner compared to HGMatch
for labeled HPM normalized to that of HGMatch

the DAL and overlap-pruned approach to efficiently generate
and validate candidates, respectively, in HPM. Table 5 shows
the execution time of HGMatch and OHMiner. For example,
HGMatch takes more than 30 minutes to mine a pattern of
𝑃5 on SB, whereas OHMiner only needs less than 3 minutes.

Note that OHMiner’s performance improvement does not
mainly come from SIMD instructions. Remarkably, even
without SIMD instructions, OHMiner’s performance exceeds
HGMatch by 3.8×–19.6×.With SIMD instructions, OHMiner’s
performance exceeds HGMatch by 5.4×–22.2×. The reason
for the limited improvement from SIMD instructions is pri-
marily due to the short length of sets involved in set compu-
tations.
Speedup for Validation. To show the performance im-

provement brought by candidate validation, we implement
OHM-V, which uses HGMatch’s candidate generation and
OHMiner’s candidate validation. We compare OHM-V with
HGMatch on different datasets and pattern settings. Fig-
ure 13 shows that OHM-V outperforms HGMatch by 1.05×–
4.4×, 1.7×–7.5×, 1.9×–4.8×, 1.4×–6.3×, and 2.1×–3.5×, re-
spectively, for different pattern settings. This indicates that
OHMiner still achieves a significant performance improve-
ment even when it generates candidates without DAL.

Speedup for Labeled HPM. We also compare OHMiner
with HGMatch for labeled HPM. We use a single thread
in this set of experiments since labeled HPM with a sin-
gle thread typically runs below one second, making paral-
lelization less critical. This is because the use of labels can
significantly prune the search space. Figure 14 shows that
OHMiner outperforms HGMatch by 5.1×–15.5×, 5.5×–10.3×,
7.3×–18.5×, 8.0×–22.0×, and 8.9×–12.0×, respectively, for
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Figure 16. The normalized speedups with different numbers
of threads for different patterns

different pattern settings. The results show that OHMiner
also outperforms HGMatch on labeled HPM.

5.3 Ablation Studies about Optimization Techniques
To analyze the performance impact of optimizations, we
implement OHM-I and OHM-G, which use HGMatch’s candi-
date generation andOHMiner’s IEP optimization and overlap-
pruned approach, and OHMiner’s candidate generation and
HGMatch’s candidate validation, respectively. We evaluate
their performance on different datasets and patterns. Fig-
ure 15 shows that our IEP optimized method (OHM-I) has ex-
ceeded HGMatch by 1.40×–3.01×. With our redundancy-free
overlap pattern analysis, OHM-V gains more performance
improvement and outperforms HGMatch by 2.01×–4.74×.
Moreover, OHM-G only outperforms HGMatch by 1.11×–
1.45× since the major bottleneck of HGMatch is candidate
validation. Using our candidate generation based on OHM-V,
OHMiner outperforms OHM-V by 2.56×–3.70×.

5.4 Scalability
Multiple Threads. Figure 16 compares the performance of
OHMiner and HGMatch with different numbers of threads.
The performance is normalized to their respective single-
threaded performances. As the number of threads increases,
OHMiner exhibits better scalability than HGMatch. For ex-
ample, when performing 𝑝3 onHBwith 128 threads, OHMiner
improves performance by 62.2× compared to that of its
single-threaded counterpart, while HGMatch improves per-
formance by only 44.1× compared to its single-threaded
performance. In other words, with a single thread, OHMiner
surpasses HGMatch by 15.2× due to our overlap-centric ex-
ecution model adopting various optimizations. With 128
threads, OHMiner further outperforms HGMatch by 21.5×
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Figure 17. Speedups of OHMiner compared to HGMatch
on larger hypergraphs and dense patterns

due to OHMiner’s better multi-threading scalability than
HGMatch. The main reason is that OHMiner supports HPM
using efficient set operations, rather than traversing hyper-
edges as well as these hyperedges’ vertices to fetch incident
hyperedges of numerous vertices as in HGMatch [65], which
leads to significant memory access overhead.

LargerHypergraphs.We evaluate the HPMperformance
of OHMiner on larger hypergraph datasets, i.e., CD and AM,
as shown in Table 3. CD contains 3.7 million hyperedges, and
AM contains 22.5 million hyperedges. We compare OHMiner
against HGMatch by evaluating them with various pattern
settings. Figure 17(a) shows that OHMiner outperforms HG-
Match on CD and AM by 7.6×–12.2× and 9.9×–14.5×, respec-
tively. This demonstrates that OHMiner works better with
hypergraph datasets than HGMatch, enabling it to effectively
process large data in complicated real-world scenarios. Note
that hypergraphs with tens of millions of hyperedges are the
largest real-world hypergraphs that are currently published.
We synthesize a hypergraph with 100 million hyperedges
using the similar method from [53]. Experimental results
show that OHMiner outperforms HGMatch by 7.9×–20.1×.

5.5 Sensitivity Study
To analyze the efficiency of OHMiner with more overlaps in
patterns, in which OHMiner needs more set computations,
we generate and evaluate various dense patterns, where
each hyperedge is connected to all other hyperedges. We
compare the performance of OHMiner with that of HGMatch
on different hypergraph datasets. As shown in Figure 17(b),
OHMiner outperforms HGMatch on SB, HB, and TC by 6.9×–
10.2×, 5.3×–8.9×, and 6.4×–13.0×, respectively. Note that
Figure 17(b) aims to show the performance of OHMiner
and HGMatch for dense patterns. Only the datasets, SB, HB,
and TC, are used because they are the datasets that have
densely connected hyperedges and have more dense patterns.
This result demonstrates that our approach outperforms
HGMatch significantly, even in scenarios where OHMiner
needs lots of set computations for computing overlaps.

5.6 Overhead
Time of Compiling Pattern. The time of compiling pattern
(called OIG-T) is significantly small. As shown in Table 6,
although we evaluate a pattern with 6 hyperedges (patterns
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Table 6. Overheads of OHMiner (OIG-T, DAL-T, DAL-M, HGMatch-M, and HPM-T represent the time of compiling pattern,
the time of DAL, the memory usage of DAL, the memory usage of HGMatch, and the time of HPM)

Datasets OIG-T DAL-T DAL-M HGMatch-M DAL-T/HPM-T

CH 0.04 ms 0.02 s 4.5 MB 207 KB 0.1%
CP 0.05 ms 0.07 s 16.8 MB 342 KB 0.1%
SB 0.07 ms 1.19 s 48.4 MB 1.89 MB 0.9%
HB 0.08 ms 5.58 s 2.50 GB 10.7 MB 3.4%
WT 1.73 ms 0.89 s 239 MB 5.07 MB 1.4%
TC 1.41 ms 0.41 s 44 MB 8.61 MB 1.3%
CD 1.78 ms 3.77 s 1.01 GB 92.7 MB 1.9%
AM 0.81 ms 5.83 s 1.25 GB 547 MB 2.0%

with more hyperedges have larger overheads, and patterns
with the same number of hyperedges have similar overheads,
thus we evaluate a pattern with 6 hyperedges, which is the
biggest number of hyperedges in the sampled patterns), OIG-
T only ranges from 0.04 milliseconds to 1.85 milliseconds for
different hypergraphs. Compared with the time for HPM,
which often takes several seconds or minutes, this overhead
can be negligible.
Construction Time and Memory Footprint of DAL.

Table 6 shows that the DAL construction times (DAL-T) on
different hypergraphs range from 0.03 seconds to 5.83 sec-
onds, which accounts for only 0.1%–3.4% of the total time of
HPM (DAL-T/HPM-T). Note that each hypergraph’s DAL is
constructed only once and can be reused by different HPM
applications. Even when OHMiner does not use DAL to gen-
erate candidates, it can still outperformHGMatch by up to 7.5
times, as shown in Figure 13. In addition, the storage space of
DAL (DAL-M) ranges from 4.5 MB to 2.50 GB, which is rather
small given that the total memory size of a typical server is
large (the memory size of the server in our experiments is
1024 GB).

6 Related Work
Graph Pattern Mining. Prior GPM systems [1, 17, 20, 21,
57, 60, 61] employ a pattern-oblivious approach, which con-
stantly expands partial embeddings by adding a vertex and
then examines if the final embeddings are isomorphic to the
pattern. However, it suffers from extensive isomorphism tests
and redundant explorations. To address these issues, recent
GPM systems [8, 9, 16, 18, 19, 23, 25, 31–33, 43, 44, 51, 52, 56]
use a pattern-aware approach, which adopts the matching
order to eliminate isomorphism testing and the symmetric
order to prune exploration space. Note that Tesseract [10]
and PSMiner [48] focus on mining subgraphs in dynamic
graphs, where the vertices and edges are constantly up-
dated [7, 35, 47]. Moreover, ASAP [30] andArya [67] leverage
sampling-based approximation techniques to estimate the
occurrences of patterns.

However, these systems are designed and optimized for
GPM and cannot directly support HPM. Hypergraphs [13,
22, 28, 29, 34, 37, 38, 40, 41, 45, 49, 65] are common in many
modern applications and offer a more natural representation
for capturing relationships involving more than two entities.
Due to the lack of efficient hypergraph-oriented graph pro-
cessing systems, existing systems often convert hypergraphs
into ordinary graphs for processing, which loses the advan-
tage of using hypergraphs to concisely represent multi-entity
relationships [53]. OHMiner addresses this gap.
Hypergraph Pattern Mining. Existing studies can be

classified into two categories: match-by-vertex [14, 15, 24, 55,
66] and match-by-hyperedge [65]. The former continuously
maps a pattern vertex to a data vertex in hypergraphs and
then validates hyperedges. Although several optimization
techniques are proposed (e.g., structural indexing [66] and
pruning with hyperedge features [24, 55]), this approach
still suffers from large search space and expensive enumer-
ation costs. To reduce these issues, HGMatch [65] presents
a match-by-hyperedge approach, which extends a subhy-
pergraph by adding a hyperedge and validates the extended
subhypergraph in each extension. However, HGMatch suf-
fers from massive redundant computations because it adopts
a vertex-granularity approach to repeatedly fetch and pro-
cess the same incident hyperedges for different vertices.
OHMiner designs an overlap-centric execution model with
many optimizations, which efficiently handles vertices collec-
tively that share the same incident hyperedges, and therefore
accelerates the processing of HPM. Note that several sys-
tems [53, 62, 63] are developed for hypergraph processing,
which alternatively computes the states of hyperedges and
vertices for many rounds, and cannot support HPM.

7 Conclusion
We develop a novel overlap-centric system OHMiner for
high-performance HPM. OHMiner introduces an overlap-
centric execution model to efficiently validate subhyper-
graph isomorphism. Based on this model, the compiler of
OHMiner analyzes the overlapping semantics of patterns by
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constructing an overlap intersection graph and then gener-
ates an overlap-centric execution plan to guide the proce-
dure of HPM, aiming to eliminate redundant set computa-
tions. The execution engine of OHMiner further proposes
an incremental overlap-pruned technique to rapidly validate
candidates for HPM. The data store of OHMiner designs
degree-aware adjacency list to efficiently generate candi-
dates. The experimental results show that OHMiner sur-
passes the cutting-edge HPM system HGMatch by up to 22.2
times.
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