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Abstract
Mining temporal motifs in temporal graphs is essential for
many critical applications. Although several solutions have
been proposed to handle temporal motif mining, they still
suffer from substantial inefficiencies due to significant redun-
dant graph traversals and fragmented memory access, both
caused by irregular search tree expansions across different
motif matching tasks. In this work, we observe that data
accesses issued by these tasks exhibit strong spatial similar-
ity and temporal monotonicity. Based on these observations,
this paper proposes an efficient data-centric temporal motif
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mining system DTMiner, which introduces a novel Load-
Explore-Synchronize (LES) execution model to efficiently reg-
ularize data accesses to the common temporal graph data
among different tasks. Specifically, DTMiner enables the
temporal graph chunks to be sequentially loaded into the
cache in temporal order and then triggers all relevant tasks
to explore only these loaded data for search tree expansions
in a fine-grained synchronization mechanism. In this way,
different tasks can share the graph traversal corresponding
to the same chunks, while fragmented memory accesses are
restricted to the graph data residing in the cache, signifi-
cantly reducing data access overhead. Experimental results
demonstrate that DTMiner achieves 1.14×-11.98× perfor-
mance improvement in comparison with the state-of-the-art
temporal motif mining solutions.
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1 Introduction
Many real-world graphs exhibit an inherently temporal na-
ture, wherein each edge is annotated with a timestamp that
specifies the moment of interaction between two vertices [22,
37, 46, 51]. Such temporal information is indispensable for
accurately modeling and analyzing in many time-sensitive
domains, including transportation networks [14], social me-
dia networks [36], real-time epidemic surveillance [52], and
online marketplaces [24]. Temporal motifs, which are fun-
damental building blocks of temporal graphs, enable the
understanding of the structure and function of real-world
temporal graphs [31, 35, 38, 46, 51]. For example, mining
temporal motifs is crucial for detecting fraudulent behav-
iors in financial networks [18], uncovering insider threats
in organizations [16, 31], analyzing energy usage in smart
grids [43], and predicting biological functions such as protein
or peptide binding [34]. Moreover, temporal motif counts
can enhance the expressive power of graph neural networks
by capturing fine-grained dynamic patterns [3, 5].

Despite the broad applicability and importance of tempo-
ral motif mining, many approaches [2, 4, 8, 11–13, 28, 29, 47]
have been tailored exclusively for serving static graph min-
ing. Compared to static graph mining, as shown in Figure 1,
temporal motif mining introduces an additional time dimen-
sion, whichmakes the computationmore complex and incurs
more irregular memory access. To address these challenges,
several solutions [27, 31, 38, 46, 51] have been proposed to
enhance parallelism and reduce memory access costs. How-
ever, owing to the inherently irregular search tree expansions
across different matching tasks (where each task explores
temporal motifs starting from a specific edge in the temporal
graph), these solutions still yield suboptimal performance,
primarily due to the following two problems.
First, during temporal motif mining, different matching

tasks incur substantial redundant graph traversals over the
temporal graph. Specifically, existing solutions [27, 31, 38,
46, 51] typically handle each matching task independently,
traversing the temporal graph separately to generate their
valid candidate edges (i.e., edges satisfying both topological
and temporal constraints). As a result, these task-centric so-
lutions cause the same temporal graph data to be repeatedly
traversed by different tasks at different times, incurring sig-
nificant redundant data access overhead. In addition, when
a matching task attempts to generate its candidate edges, it
introduces numerous unnecessary accesses to invalid edges,
i.e., those that fail to meet the temporal constraints.

Second, temporal motif mining exhibits severe fragmented
memory access to temporal graph data, which leads to poor
data locality and inefficient utilization of memory bandwidth.
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Figure 1. Example of temporal motif mining. (a) Input graph;
(b) query temporal motif; (c) valid candidate for the query
temporal motif in the input graph; (d) and (e) invalid motifs
violating the 𝛿-constraint and edge ordering, respectively

In detail, the temporal graph edges are typically stored in
chronological order [27, 31, 38, 46, 51], which means that
the outgoing/incoming edges of each vertex are not stored
contiguously.When a task expands the search tree, retrieving
the neighbors of matched vertices to generate candidate
edges inevitably incurs random memory access to temporal
edges. Moreover, in order to identify the candidate edges that
satisfy temporal constraints, existing solutions [31, 46, 51]
typically rely on binary search operations, which exacerbates
the problem of poor data locality.
Through analyzing memory access patterns in temporal

motif mining, we make two key observations. First, a large
portion of temporal edges are repeatedly traversed by differ-
ent matching tasks, revealing strong spatial similarity among
the tasks. Second, since the expansion of the search tree must
adhere to temporal constraints, these shared temporal edges
are accessed bymatching tasks in strictly chronological order,
demonstrating strong temporal monotonicity. These two ob-
servations leave us with good opportunities to significantly
reduce the data access cost of temporal motif mining.
Based on the above observations, this paper proposes an

efficient data-centric system DTMiner to efficiently support
temporal motif mining. Specifically, DTMiner divides the
temporal edges into fine-grained chunks along the tempo-
ral order. Furthermore, DTMiner develops a novel Load-
Explore-Synchronize (LES) execution model that efficiently
regularizes data accesses to the same temporal graph data for
different matching tasks by fully exploiting the spatial sim-
ilarity and temporal monotonicity. It enables the temporal
graph chunks to be sequentially loaded into the cache along
their temporal order and then triggers all relevant tasks for
each loaded chunk to explore only its data in a fine-grained
synchronization mechanism. That is, these triggered tasks
are restricted to accessing only the data in cache for search
tree expansions. By such means, different tasks can share
the data accesses to the same temporal graph data, while
fragmented memory accesses are restricted to the graph data
loaded in the cache, effectively reducing memory access cost.
To validate its effectiveness, we evaluated DTMiner us-

ing 13 temporal motifs over four real-world temporal graphs.
Compared to the state-of-the-art temporal motif mining solu-
tionMackey-o (i.e., integrating the SOTA algorithm proposed
by Mackey et al. in [31] with the cutting-edge temporal motif
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Figure 2. The workload characteristics of static graph min-
ing and temporal motif mining

mining techniques [46, 51]), DTMiner achieves 1.14×-11.98×
performance improvement.

The key contributions of this work are as follows:
• We identify the issues of excessive redundant graph
traversals and fragmented memory access in temporal
motif mining, and further observe strong spatial simi-
larity and temporal monotonicity in the data accesses
across different matching tasks.
• We introduce a novel LES execution model to effi-
ciently regularize data accesses to the same temporal
graph data for different matching tasks, significantly
reducing the data access cost of temporal motif mining.
• We design a hierarchical index of chunk storage to
retrieve temporal edges of vertices for efficiently gen-
erating valid candidate edges and propose a three-level
work stealing strategy to achieve load balancing.
• We develop an efficient data-centric temporal motif
mining system DTMiner and conduct extensive exper-
iments demonstrating that it significantly outperforms
existing cutting-edge CPU-based solutions.

2 Background and Motivation
2.1 Temporal Motif Mining
Temporal Graph. A temporal graph is a directed graph
where each edge is annotated with a timestamp. An edge 𝑒𝑖 is
represented as a triplet (𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 ), where 𝑢𝑖 and 𝑣𝑖 denote the
source and destination vertices, respectively, and 𝑡𝑖 ∈ R+ de-
notes the timestamp of this edge. A temporal graph𝐺 can be
represented as a set of timestamped edges𝐺 = {(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 )}𝑚𝑖=1,
where the edges are typically sorted in chronological order
and have unique timestamps [31, 38, 46, 51].
Temporal Motif Mining. A 𝛿-temporal motif 𝑀 is de-

fined as a sequence of 𝑙 time-ordered edges, denoted as
𝑀 = {(𝑢𝑖 , 𝑣𝑖 , 𝑡𝑖 )}𝑙𝑖=1, where 𝑡1<𝑡2<. . . <𝑡𝑙 and 𝑡𝑙−𝑡1≤𝛿 (i.e.,

all edges in the motif occur within a time span of at most 𝛿).
Temporal motif mining aims to identify all 𝛿-temporal motifs
in a temporal graph 𝐺 that match both the topological and
temporal constraints. Following existing studies [31, 46, 51],
we focus on counting the motifs. Unlike static motif mining,
which focuses only on topological isomorphism, temporal
motif mining incorporates additional constraints on the tem-
poral order and time interval among the edges [31, 38, 46, 51].
Figures 1(a) and (b) show the input temporal graph and

the query temporal motif, which is specified with a time
interval constraint of 𝛿 ≤ 100, respectively. The valid motif
depicted in Figure 1(c) satisfies both topological and tempo-
ral constraints, whereas Figure 1(d) and (e) satisfy only the
topological or temporal constraints, respectively. However,
in static graph mining, all three motifs would be considered
valid, as it focuses only on topological isomorphism without
accounting for edge ordering and timestamps.

Workload Characteristics of Temporal Motif Mining.
Different from static graph mining, temporal motif mining
exhibits distinct workload characteristics [27, 31, 38, 46, 51].
In detail, as shown in Figure 2(a), static graph mining gener-
ally involves traversing the input graph and then performing
set operations (e.g., intersection) to identify valid subgraphs
that satisfy only the topological constraint. These set opera-
tions constitute the key performance bottleneck and have
thus been the focus of optimization in prior works [2, 4, 8–
10, 13, 20, 28, 29]. In contrast, as shown in Figure 2(b), tem-
poral motif mining generally operates on a temporal edge
list, where edges are ordered based on their timestamps and
the edges of a vertex are not stored contiguously. Instead of
maintaining neighbor vertex IDs for each vertex, it maintains
an edge index to retrieve each vertex’s temporal edges from
the temporal edge list.

To mine temporal motifs, existing solutions [31, 38, 46, 51]
typically perform search, bookkeeping, and backtrack to
conduct search tree expansions. This process is referred to
as a task that begins by mapping the first motif edge to
each edge of the input graph, and then iteratively expands a
search tree to match the remaining edges, following a Depth
First Search (DFS) tree traversal. Figure 3(b) presents the
search trees of two tasks (where a task is created with a
certain edge), both consisting of 4 levels. In these trees, each
edge corresponds to one expansion operation. During each
expansion, the search step locates the next edge satisfying
topological and temporal constraints using binary search [31,
46, 51], which accounts for themajority of the execution time.
For example, as shown in Figure 2(b), the search operation
is executed using the binary search to find valid edges (i.e.,
their timestamps are larger than that of the edge 𝑒0) from
the candidate edges 𝑒1 and 𝑒2. When using Figure 1(b) as
the query graph, for the searched edge (1, 2, 70), vertices 1○
and 2○ are mapped to query vertices 𝐵 and 𝐶 , respectively.
If a valid edge is found, the bookkeeping step records key
metadata information (e.g., mappings between query motif
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vertices and graph vertices). Otherwise, the backtrack step
voids the previous mapped edge (e.g., the mapping 2○→ 𝐶)
in the metadata structures. These steps are repeated until all
temporal motifs are found. For example, task 0 identifies a
valid motif composed of 𝑒0, 𝑒1, 𝑒4, and 𝑒5.

2.2 Limitations of Existing Solutions
To support temporal motif mining, several solutions [31, 38,
46, 51] have been proposed to alleviate the binary search
overhead by leveraging search index memoization and can-
didate edge caching techniques. However, these solutions
still suffer from significant data access cost due to exten-
sive redundant graph traversals and fragmented memory
access across different matching tasks. To demonstrate it,
Figure 4 breaks down the total execution time of the cutting-
edge temporal motif mining solution Mackey-o [31, 51] over
four real-world temporal graphs. The datasets and bench-
marks are detailed in § 5.1. We can find that DRAM accesses
contribute 22.7%–88.7% of the total execution time. This over-
head primarily stems from the following two problems.

Redundant Graph Traversals. Existing approaches [46,
51] typically launch massive matching tasks in parallel, each
traversing the graph independently to mine temporal mo-
tifs. These task-centric temporal motif mining systems in-
evitably cause excessive repeated access to the same tempo-
ral edges. For instance, as shown in Figure 3(b), both task 0
and task 1 require access to common temporal edges (e.g.,
𝑒1, 𝑒4, 𝑒5, 𝑒8, and 𝑒9). Since these tasks are executed indepen-
dently, they traverse the shared temporal edges repeatedly
at different times, resulting in significant redundant memory
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Figure 5. Studies of the data accesses of the temporal motif
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where the x-axis labels represent different motifs (i.e., M1,
M3,M5,M7, andM9) and different datasets (i.e., wi, so, re, and
eth); (b) the ratio of unnecessary binary search operations
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Figure 6. Total number of LLC misses with different number
of concurrently executed tasks

accesses. Figure 5(a) shows that the temporal edges can be
accessed on average up to tens of thousands of times. Be-
sides, existing solutions [46, 51] perform binary search over
the entire candidate set (i.e., all outgoing temporal edges
of a vertex) to generate valid candidate edges, which leads
to massive unnecessary traversals to the invalid edges (i.e.,
edges that fail to meet the temporal constraints). For exam-
ple, in Figure 3(b), task 0 performs a binary search among
all outgoing edges of vertex 3○ during expanding 𝑒4, even
though 𝑒10 violates the temporal constraint (exceeding the
time span 𝛿). Figure 5(b) shows that more than 87.63% binary
search operations are conducted to traverse invalid edges.
Fragmented Memory Access. The temporal edges are

stored in chronological order [31, 46, 51], which causes highly
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fragmented memory accesses when retrieving the neighbors
of matched vertices and consequently results in poor data
locality. For example, as illustrated in Figure 3(c), the edges of
vertex 𝑣0 are scattered rather than stored contiguously in the
temporal edge list. Thus, accessing its neighbors to explore
candidate edges requires random memory accesses to edges
such as 𝑒0 and 𝑒3. Moreover, existing solutions [31, 46, 51] typ-
ically rely on binary search to identify valid candidate edges,
which further aggravates the data locality problem. Figure 6
presents the total number of Last Level Cache (LLC) misses
when executing varying numbers of concurrent matching
tasks, reflecting the volume of temporal graph data loaded
into the LLC. The results indicate that with an increasing
number of concurrent tasks, the amount of data fetched into
the LLC grows rapidly, primarily due to their fragmented
memory accesses that cause severe cache interference.

2.3 Observations
Through analyzing the data access patterns in temporal motif
mining, we observed strong spatial similarity and temporal
monotonicity across the data accesses issued by different
matching tasks. These characteristics present opportunities
to enhance the performance of temporal motif mining.
Observation 1. A large portion of temporal edges are fre-

quently traversed bymultiple matching tasks, exhibiting strong
spatial similarity. This arises because different matching
tasks expand their search trees over the same temporal graph,
leading to substantial overlap in the temporal edges they ac-
cess. Figure 7 shows that 75.94% (on average) of temporal
edges are traversed by at least 6 tasks. Such pronounced
spatial similarity enables the opportunity of consolidating
memory accesses to shared temporal edges across different
tasks, substantially reducing the overall memory access cost.

Observation 2. Temporal graph edges are traversed bymatch-
ing tasks in strictly chronological order, exhibiting strong tem-
poral monotonicity. Formally, for any two consecutive tem-
poral edges (𝑥𝑖 , 𝑦𝑖 , 𝑡𝑖 ) and (𝑦 𝑗 , 𝑧 𝑗 , 𝑡 𝑗 ) within a temporal motif,
the timestamps must satisfy 𝑡𝑖<𝑡 𝑗 . To enforce this constraint,
existing temporal motif mining systems [31, 46, 51] enumer-
ate temporal motifs by exploring edges strictly in temporal
order. For example, as shown in Figure 3(c), a matching task
starting from edge 𝑒0 must sequentially traverse edges 𝑒1, 𝑒4,

and 𝑒5 to form a valid temporal motif. Thus, the data accesses
induced by matching tasks naturally follow the ordering of the
temporal edge list. This property motivates us to regularize
traversal paths of different tasks according to chronological
order, so that the loaded partial temporal edges can be shared
among related tasks, fully exploiting data locality.

3 Data-centric Temporal Motif Mining
To fully exploit the above spatial similarity and temporal
monotonicity inherent in matching tasks, we propose a data-
centric Load-Explore-Synchronize (LES) executionmodel, aim-
ing to mitigate redundant graph traversal and fragmented
memory accesses of temporal motif mining. In this model,
temporal edges are divided into consecutive chunks, which
are sequentially loaded into the cache in chronological order
and shared across all matching tasks. Specifically, only a
single chunk is loaded into the cache, after which all rele-
vant tasks are triggered to explore the loaded chunk under
a fine-grained synchronization mechanism. By such means,
data accesses to the chunk can be effectively shared by mul-
tiple tasks, while fragmented memory accesses are confined
to the graph data stored in the cache, thereby substantially
reducing the data access cost of temporal motif mining.

3.1 Data-centric LES Execution Model
In our LES model, the processing of the chunks consists
of three stages: chunk loading, parallel exploring, and cross-
chunk synchronizing, which are presented as follows.

Chunk Loading. During the execution, the chunks, e.g.,
a chunk 𝐶𝑖 , are sequentially loaded in chronological order
for the matching tasks to process. This is performed by the
operator:𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑖←BoundSearch(𝐶𝑖 ,𝑇𝑖 ), which conducts
the binary search only on the data within chunk𝐶𝑖 , where𝑇𝑖
is the set of the matching tasks (maintained in the task queue
task_queue𝑖 ) associated with 𝐶𝑖 , and 𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑖 denotes
the valid candidate edges for these tasks in 𝐶𝑖 . This way,
only the scheduled chunk can be loaded by the tasks, and
each chunk is loaded only once for all its relevant matching
tasks, thereby providing an opportunity to enable these tasks
to share the data access of the same chunk.
Parallel Exploring. For each loaded chunk 𝐶𝑖 , all rele-

vant matching tasks that rely on the data in 𝐶𝑖 are triggered
for parallel execution. These tasks explore𝐶𝑖 to expand their
search trees via the following operator: Explore(𝐶𝑖 , 𝑇𝑖 ,𝑀),
which denotes triggering all matching tasks in 𝑇𝑖 to explore
𝐶𝑖 , where𝑀 is the query temporal motif. In detail,𝑇𝑖 consists
of two types of tasks: 1) in-chunk tasks, where each task takes
an edge from𝐶𝑖 as the initial edge for search tree expansion,
and 2) cross-chunk tasks, which are previously suspended
tasks (to be introduced later) that resume their executions
when chunk 𝐶𝑖 is loaded. By using the BoundSearch op-
eration, the tasks in 𝑇𝑖 can be restricted to accessing only
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the data in 𝐶𝑖 for search tree expansion, ensuring that frag-
mented memory accesses are confined to the cached graph
data. Moreover, the next chunk 𝐶𝑖+1 is loaded only after all
tasks in 𝑇𝑖 have completed their expansion in 𝐶𝑖 . By such
means, multiple matching tasks can efficiently handle the
shared chunks in parallel with minimized data access costs.
Cross-chunk Synchronizing. During expansion, if a

matching task within the current chunk 𝐶𝑖 depends on tem-
poral edges located in other chunks, this task does not per-
form cross-chunk accesses immediately. Instead, the meta-
data of this taskwill be gathered and pushed into the task_queue
of the target chunk, and the task itself will be suspended.
This way, the cache pollution caused by cross-chunk data
access can be alleviated. When the target chunk is loaded for
processing, the suspended tasks during the expansion of 𝐶𝑖

will be retrieved from the task_queue and resume their exe-
cutions, which can achieve efficient isolation of data accesses
and synchronized executions across chunks.

3.2 Challenges of System Design
Although our LES execution model effectively mitigates re-
dundant graph traversal and fragmented memory accesses
in temporal motif mining, implementing it into an efficient
and generic system still faces several challenges. First, ef-
ficiently retrieving a vertex’s outgoing/incoming edges in
each chunk is challenging, owing to the large search space
and low efficiency of binary search. Second, ensuring bal-
anced load on the multiple-core platform is difficult, due to
the power-law distribution of real-world temporal graphs
combined with the inherent structural/temporal constraints.
Finally, suspending matching tasks necessitates maintaining
their metadata, which consumes extra memory footprints.

4 Overview of DTMiner
4.1 System Architecture
To overcome the above challenges, we propose a data-centric
system called DTMiner for efficient temporal motif mining.
Figure 8 depicts the system architecture, which is primarily
composed of the following three major components.

Locality-aware Graph Preprocessor. Given a temporal
graph that is typically stored as an edge list [46, 51], it logi-
cally divides the temporal edges into multiple consecutive
temporal chunks (step 1○), each of which can fit within the
LLC to improve both data locality and memory efficiency.
Then, a hierarchical index structure is designed to efficiently
index the temporal edges of each vertex within each chunk
(step 2○). Note that the temporal graph is preprocessed only
once for different temporal motif mining applications.
Chunk-based Exploiter. After the preprocessing step,

the chunks are sequentially scheduled to be loaded into the
LLC in chronological order, so as to drive the execution of
the matching tasks. For each scheduled chunk (step 3○), all
its relevant matching tasks maintained in its task_queue are
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Figure 8. System Architecture of DTMiner

triggered to concurrently expand their search trees (step 4○),
thus enabling shared data access and enhancing memory
efficiency. Moreover, it employs a three-level work-stealing
strategy to ensure load balance on the multiple-core platform
for efficient temporal motif mining.

Cross-Chunk Synchronizer.When a matching task re-
quires cross-chunk accesses to expand its search tree, it first
gathers metadata information of this task (step 5○), then
retrieves the corresponding task_queue chunk ID, and fi-
nally pushes this metadata into the task_queue of the target
chunk (step 6○). In addition, a memory-aware adaptive syn-
chronization method is proposed to reduce the additional
memory consumption induced by the fine-grained synchro-
nization mechanism.

4.2 Locality-aware Temporal Graph Preprocessing
4.2.1 Temporality-aware Graph Partition. To exploit
the spatial locality and temporal monotonicity of temporal
motif mining, it sequentially divides the temporal edges into
a series of consecutive chunks in temporal order. Neverthe-
less, the cache locality and memory consumption may be
affected by the chunk size, denoted as 𝑆𝑐 . If 𝑆𝑐 is set too large,
the data access cost may increase. This is because when only
a portion of a chunk can fit into the LLC, it must be evicted
when the remaining part of the chunk has to be loaded. Since
a chunk is usually traversed by multiple matching tasks, its
data may be repeatedly evicted from and reloaded into the
LLC, leading to substantial cost. In contrast, if 𝑆𝑐 is too small,
it may cause excessive memory usage for metadata infor-
mation during execution, as more matching tasks may be
suspended due to frequent cross-chunk accesses. Thus, a
suitable chunk size is expected to be the maximum integer
satisfying 𝑆𝑐 + 𝑆𝑖 + 𝑟 ≤ 𝑆𝐿𝐿𝐶 , where 𝑆𝑖 denotes the size of
the index structure for each chunk (to be introduced later), 𝑟
is the size of the reserved space in the LLC (which is used
to store the intermediate data, e.g., mapping between query
motif and the graph, generated at runtime), and 𝑆𝐿𝐿𝐶 denotes
the size of the LLC. Note that 𝑆𝑐 is aligned to be a common
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Figure 9. An example to show how to preprocess the tempo-
ral graph in Figure 1(a), where this temporal graph is divided
into 3 chunks

multiple of both the temporal edge size and the cache line
size for better locality.
With this setting, the same chunk needs to be loaded

into the LLC only once and then be shared across multiple
matching tasks, thereby reducing memory accesses. More-
over, due to the temporal monotonicity inherent in temporal
motif mining, these chunks are ideally traversed only once
in chronological order to mine all temporal motifs, which
can further significantly reduce memory access cost. Note
that the temporal graph is not physically partitioned into
chunks of the aforementioned size. Instead, during prepro-
cessing, only the start and end positions of each chunk in
the temporal edge list are computed and recorded based on
the chunk size 𝑆𝑐 , making this process lightweight.

4.2.2 Hierarchical Index of Chunk Storage. During
the search tree expansion, it is necessary to retrieve the
outgoing/incoming temporal edges of the matched vertex of
the current search level in order to explore valid candidate
edges. To efficiently retrieve temporal edges of each vertex
within a chunk, we design a hierarchical index structure
composed of two main components, i.e., a Chunk Index Table
(CIT) and a series of hash tables. In detail, the CIT records
the index ranges of each vertex’s temporal edges within
every relevant chunk (i.e., the one that contains this vertex’s
outgoing edges). Each CIT entry is represented as a pair
(Chunk ID, edge_index_offset), where Chunk ID represents a
relevant chunk and edge_index_offset records the start offset
of the corresponding vertex’s edge index in this chunk. As
illustrated in Figure 9, we use a vertex array to index the
entries in CIT for each vertex, where the range of these
entries can be represented by two successive items of the
vertex array. The space complexity of this structure is𝑂 (𝐸 +
𝑉 ) in the worst case.

The temporal edges of a vertex (e.g., the vertex 2○ in Fig-
ure 9) may not exist in all the chunks (i.e., the CIT entries for
a vertex may be non-contiguous). To enable the tasks to effi-
ciently index the corresponding entries in CIT for the sched-
uled chunk, as shown in Figure 9, a hash table is adopted to
index the entries in CIT for each such vertex. Note that the
chunk’s start offset of a vertex is retrieved from the hash table,
while the end offset of this chunk is obtained by accessing the

Algorithm 1: LES-based Parallel Execution
Input: Temporal Graph 𝐺 , Temporal Motif𝑀
Output: Number of Temporal Motifs𝑀𝑜𝑡𝑖 𝑓 𝑠_𝑛𝑢𝑚

1 Initialize𝑀𝑜𝑡𝑖 𝑓 _𝑛𝑢𝑚← 0
2 Initialize 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒𝑠 [𝐺.𝑐ℎ𝑢𝑛𝑘_𝑛𝑢𝑚]
3 foreach 𝐶𝑖 ∈ 𝐺.𝑐ℎ𝑢𝑛𝑘𝑠 do
4 foreach 𝑡𝑎𝑠𝑘 𝑗 ∈ 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒𝑠 [𝐶𝑖 ] in parallel do
5 Explore(task𝑗 , 𝐶𝑖 ,𝑀)

6 procedure Explore(task𝑗 , 𝐶𝑖 ,𝑀)
// Immediate exploration in the current chunk

7 𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠 ← BoundSearch(task𝑗 ,C𝑖 ,𝑀)
8 if Candidates is not empty then
9 foreach 𝑒𝑖 ∈ Candidates do
10 bookkeeping(task𝑗 , 𝑒𝑖 )
11 if FoundMotif(𝑡𝑎𝑠𝑘 𝑗 ,𝑀) then
12 𝑀𝑜𝑡𝑖 𝑓 𝑠_𝑛𝑢𝑚← 𝑀𝑜𝑡𝑖 𝑓 𝑠_𝑛𝑢𝑚 + 1
13 else
14 Explore(task𝑗 , 𝐶𝑖 ,𝑀)
15 backtrack(task𝑗 , 𝑒𝑖 )

// Delayed exploration in a subsequent chunk

16 Synchronize(task𝑗 ,𝑀)

17 procedure BoundSearch(task𝑗 , 𝐶𝑖 ,𝑀)
18 𝑣 𝑗 ← 𝑡𝑎𝑠𝑘 𝑗 .GetMatchedVertex()

// Temporal constraints based on current chunk

19 Bound ← HierarchicalIndex(𝑣 𝑗 ,𝐶𝑖 )
20 Candidates← Search(Bound, 𝑡𝑎𝑠𝑘 𝑗 ,𝑀)
21 return 𝐶𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠

22 procedure Synchronize(task𝑗 ,M)
23 𝑒 𝑗 ← GetNextValidCandidateEdge(𝑡𝑎𝑠𝑘 𝑗 ,𝑀)
24 if 𝑒 𝑗 is gotten then
25 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 ←

⌊
𝑒 𝑗

𝑆𝑐

⌋
26 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒𝑠 [𝐶𝑡𝑎𝑟𝑔𝑒𝑡 ] .enqueue(𝑡𝑎𝑠𝑘 𝑗 .𝑚𝑒𝑡𝑎𝑑𝑎𝑡𝑎)

next CIT entry of this vertex. To reduce the memory usage
of the hash tables, we only build hash table for a portion of
the vertices (30% by default), which are contained in a large
number of chunks and thus suffer from high search overhead
in CIT during expansion. There are |𝑁 |

𝜎
entries in this hash

table, where |𝑁 | is the total number of entries in CIT for
this vertex, and 𝜎 is set to 0.75 by default [41]. Therefore,
the size of the index structure for each chunk (i.e., 𝑆𝑖 ) can be
estimated as (𝑆𝑣𝑎𝑟𝑟𝑎𝑦 + 𝑆𝑒𝑖𝑛𝑑𝑒𝑥 + 𝑆𝐶𝐼𝑇 + 𝑆ℎ𝑎𝑠ℎ)/(⌈𝑆𝐺𝑆𝑐 ⌉), where
𝑆𝑣𝑎𝑟𝑟𝑎𝑦 is the size of the vertex array, 𝑆𝑒𝑖𝑛𝑑𝑒𝑥 denotes the size
of the edge index, 𝑆𝐶𝐼𝑇 is the size of CIT, 𝑆ℎ𝑎𝑠ℎ represents the
size of hash tables, and 𝑆𝐺 is the size of the temporal graph,
respectively.

4.3 LES-based Parallel Execution of Motif Mining
This section discusses how to efficiently implement our LES
model to serve temporal motif mining.
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Figure 10. Illustration of the bound search operation

4.3.1 Bound Search for Temporal ChunkLoading. Dur-
ing the execution, DTMiner tries to sequentially stream the
chunks into the LLC in chronological order for processing.
To achieve this goal, during the exploration (e.g., 𝑡𝑎𝑠𝑘 𝑗 ) of
a chunk (e.g., 𝐶𝑖 ), as shown in Algorithm 1, we introduce a
BoundSearch operation (lines 17-21) that strictly confines
data accesses to 𝐶𝑖 . Specifically, for the matching task 𝑡𝑎𝑠𝑘 𝑗 ,
it employs the BoundSearch operation to retrieve the outgo-
ing/incoming temporal edges within𝐶𝑖 of its matched vertex
(e.g., 𝑣 𝑗 ) of the current search level (line 18) to explore valid
candidate edges. To this end, it first obtains the Bound (e.g.,
the start and end offsets of 𝑣 𝑗 ’s edge indexwithin𝐶𝑖 ) from the
CIT (line 19). Note that if 𝑣 𝑗 has a hash table, it can be used
to index the corresponding entry in the CIT. After that, it
directly applies the traditional Search operation, as adopted
in the existing solutions [31, 46, 51], to filter the candidate
edges that satisfy both topological and temporal constraints
(line 20). Note that if the edge of 𝑣 𝑗 does not exist in 𝐶𝑖 , the
Bound is set as false (i.e., its start is larger than its end) and
then the Search operation returns an empty Candidates (line
21). In this way, only the data within the scheduled chunk is
traversed by the matching tasks, allowing the loaded data to
be shared among them while restricting memory accesses to
the graph data already stored in the cache. More importantly,
as shown in Figure 10, it naturally prunes the search range
of binary search operation on chunks whose timestamps are
earlier (e.g., Chunk 0 and Chunk 1) than the current chunk
and are exceeding the time span 𝛿 (e.g., Chunk 4). This con-
trasts with existing approaches [31, 46, 51], which perform
binary searches over all outgoing/incoming temporal edges
of a vertex to identify valid candidate edges. Note that if, in
extreme cases, valid candidate edges appear in both Chunk
0 and Chunk 4, the search range would remain the same as
the existing approaches [31, 46, 51].

4.3.2 Parallel Exploration of Temporal Chunk. For
each scheduled chunk 𝐶𝑖 , as illustrated in Algorithm 1, its
relevant tasks are divided into a series of consecutive parts
and then evenly distributed across the threads for parallel ex-
ecution (line 4). After that, each parallel task (e.g., task 𝑗 ) em-
ploys the Explore function to expand the search tree within
the chunk 𝐶𝑖 (line 5). Specifically, the BoundSearch opera-
tion is first employed to obtain valid candidate edges in 𝐶𝑖

(line 7). If a valid candidate edge is found, the bookkeeping
operation records its corresponding metadata for task 𝑗 (lines
8–9). When an extended edge of task 𝑗 matches the query
temporal motif, the count of valid motifs is incremented

(lines 11–12); otherwise, the Explore function recursively
explores the neighboring temporal edges to continue search
tree expansion within 𝐶𝑖 (line 14). If no further edge can be
explored in 𝐶𝑖 for task 𝑗 , the Synchronize operation pushes
the metadata information of task 𝑗 to a subsequent chunk
(introduced in §4.3.3), thereby avoiding cross-chunk accesses
for better data locality.
Three-level Work Stealing. Due to the power-law dis-

tribution of real-world temporal graphs and inherent both
topological and temporal constraints in temporal motif min-
ing, the search trees starting from different temporal edges
may suffer from significant load imbalance. To address this
problem, we introduce a three-level work-stealing strategy
on NUMA architecture [25] commonly adopted in modern
servers, i.e., intra-NUMA level, inter-NUMA level, and Cross-
Chunk level. The details are described as follows.
• Intra-NUMA Work Stealing. We bind each thread to a
fixed physical core, which first allocates the memory
from the corresponding local NUMA node by default
to ensure memory affinity. When a thread finishes its
assigned tasks, it first steals tasks from other threads
within the local NUMA node, ensuring better data
locality and reducing cross-socket memory access.
• Inter-NUMA Work Stealing. When no tasks can be
stolen from threads within the local NUMA node, the
stealing thread attempts to steal the tasks from remote
NUMA nodes. In this way, hardware resources can
be further utilized, thereby enhancing overall perfor-
mance.
• Cross-Chunk Work Stealing. If there are no tasks that
can be stolen from the remote NUMA node, the thread
steals the tasks across chunk, i.e., assigns the tasks
of the subsequent contiguous chunk in local memory
for execution, ensuring load balancing with low data
access overhead.

4.3.3 Synchronization of Cross-chunk Exploration.
When no additional edges can be explored within the sched-
uled chunk for a matching task, the search tree expansion
of this task needs to be synchronized to push its metadata
information to 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒 of another chunk 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 that
contains valid candidate edges, so as to continue its search
tree expansion when loading 𝐶𝑡𝑎𝑟𝑔𝑒𝑡 in the future. Specifi-
cally, as shown in Algorithm 1, once the matched vertex’s
in-chunk exploration within the current chunk is completed,
the synchronize operation first retrieves a subsequent valid
candidate edge 𝑒 𝑗 from another chunk (line 23). It can be
directly performed based on the edge index. For example, as
shown in Figure 9, when the search tree expansion in the
Chunk 0 originating from vertex 0○ finishes, it will obtain
the subsequent temporal edge (e.g., 𝑒4) following Chunk 0
and then checks whether this edge satisfies both the topo-
logical and temporal constraints. If so, the target chunk that
contains 𝑒 𝑗 can be directly obtained based on the chunk size
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Table 1. Temporal graph datasets used in the experiments

Temporal Graph #Vertices #Temporal Edges Average Degree #Static Undirected Edges Time Span (years)
wikitalk (wi) [26] 1,140,149 7,833,140 6.87 2,787,968 6.24
stackoverflow (so) [26] 2,601,977 63,497,050 24.40 34,875,685 7.6
temporal-reddit-reply (re) [30] 8,901,033 646,044,687 72.58 435,290,421 10.1
ethereum (eth) [21] 66,323,478 628,810,973 9.48 186,064,655 3.58
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Figure 11. Temporal motifs used for evaluation

𝑆𝑐 (line 25). After that, the metadata of this task will be en-
queued to the 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒 of this target chunk, and the size
of the 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒 dynamically grows and shrinks at run-
time. Note that the metadata of this task is pushed into the
𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒 of only one chunk, thereby reducing memory
consumption.
Memory-aware Adaptive Synchronization. The fine-

grained synchronization of search tree expansion across
chunks increases memory consumption, as it requires stor-
ing metadata of tasks. To overcome this challenge, we design
a memory-aware adaptive synchronization method. Specifi-
cally, it enforces amemory usage threshold (set to 30% of total
memory by default) to limit the memory consumption of
metadata. Initially, the threshold is evenly divided among all
threads, such that each thread has an equal upper bound on
memory consumption. When a thread exceeds its assigned
quota, it attempts to dynamically acquire unused memory
size from other threads. If no additional memory is available,
the synchronization strategy is disabled. That is, instead of
pushing metadata into the 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒 of the target chunk,
the task directly accesses the edge data of the target chunk
for tree expansion, preventing further memory consump-
tion growth. Meanwhile, overall memory usage decreases
as tasks from the current chunk’s 𝑡𝑎𝑠𝑘_𝑞𝑢𝑒𝑢𝑒 are handled.
Once all tasks in a chunk are completed, it reevaluates the
available free memory space to decide whether to revert to
the fine-grained synchronization mechanism.

5 Evaluation
5.1 Experimental Setup
Hardware Environments. All experiments are conducted
on a dual-socket server, which is equipped with two 32-
core Intel Xeon Platinum 8357B processors (48 MB last-level
cache) running at 2.6 GHz, 503 GB DDR4 RAM, and 16 mem-
ory channels. It runs Ubuntu 20.04 with the Linux kernel

version 5.15.0. All programs are compiled using cmake ver-
sion 4.0.1 and gcc version 11.4.0 with -O3 optimization.

Temporal Graph Datasets and Motifs. Similar to prior
works [46, 51], we use four representative real-world tempo-
ral graphs as shown in Table 1 and 13 structurally diverse
motifs with 3 to 5 edges as illustrated in Figure 11.Meanwhile,
like prior works [46, 51], we set different timewindow param-
eter𝛿 for the temporal graph datasets, i.e., 1 day for wikitalk
and stackoverflow, 10 hours for temporal-reddit-reply,
and 1 hour for ethereum, respectively.

Baseline. To evaluate the performance of DTMiner, we
first extend the open-source implementation of the state-
of-the-art temporal motif mining algorithm by Mackey et
al. [31] into an in-house parallel version, denoted as Mackey-
P, following [51]. Next, we optimize Mackey-P by incorporat-
ing several temporal motif mining optimizations, including
candidate edge caching, load balancing, and motif-specific
code generation in [51] and search indexmemoization in [46].
The optimized version of Mackey-P is named Mackey-o,
which outperforms Mackey-P by up to 15.1 times and is used
as the baseline system.

5.2 Overall Performance
Figure 12 evaluates the performance of different solutions.
This figure shows that DTMiner achieves 1.14× to 11.98×
(4.25× on average) performance improvement compared to
Mackey-o. This is primarily because our data-centric LES
execution model reduces redundant graph traversal and im-
proves data locality during temporal motif mining. Note
that we also revise Mackey-o to directly store temporal
edges in edge index, obtaining Mackey-M, which outper-
forms Mackey-o by only 1.05× on average. This is because
the primary bottleneck in Mackey-o lies in binary search
within the edge index, rather than indirect access in the edge
list. DTMiner still outperforms Mackey-M by up to 11.41×.
Figure 13 further evaluates the amount of data swapped

into the LLC using the metric of cache misses. The results
show that the amount of memory access in DTMiner is
only 3.6%-36.4%, 22.3%-44.6%, 9.3%-38.2%, and 0.8%-17.8% of
Mackey-o for wi, so, re, and eth, respectively. Specifically,
the total cache references of DTMiner are only 3.3%-60.5%
of those of Mackey-o, and the cache miss rate of Mackey-o
and DTMiner are 13.4%-42.6% and 1.3%-23.7%, respectively.
This reduction mainly comes from the following reasons.
First, the data accesses to the same temporal graph data can
be efficiently shared by different matching tasks. Second,
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Figure 12. Performance improvements compared to Mackey-o
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the fragmented memory accesses among different tasks are
confined to the graph data residing in the cache for better
data locality.

5.3 Effectiveness of Optimization Techniques
In this section, we evaluate the effectiveness of several opti-
mization techniques adopted in DTMiner.
Effectiveness of Hash Index. To evaluate the perfor-

mance improvement brought by the hash table used in the
hierarchical index structure, we implement DTMiner-NH,
which does not employ the hash table, and then evaluate
the performance of DTMiner-NH on wi. Figure 14 shows
that DTMiner outperforms DTMiner-NH by 1.03×–1.35×
(1.17× on average). This is attributed to the fact that the hash
index can reduce the overhead of searching Chunk ID in CIT
during tree exploration, thereby enhancing the performance.
The performance improvement obtained by the hash index is
affected by the number of cross-chunk tasks, which is mainly
affected by both properties of dataset and motif. For exam-
ple, M2 and M7 have multiple edges connecting to the same
vertex in the same edge direction, and those edges are ex-
panded consecutively. Therefore, they experience numerous
in-chunk expansions rather than cross-chunk expansions,
incurring low speedup gains from the hash index.
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Figure 15. Effectiveness of three-level work stealing on wi

Effectiveness of Three-level Work Stealing. To eval-
uate the performance improvement of our work stealing
strategy, we implement DTMiner-NS (without work steal-
ing), DTMiner-S1 (with intra-NUMA work stealing), and
DTMiner-S2 (with both intra-NUMA and inter-NUMAwork
stealing) and evaluate their performances on wi. Figure 15
shows that, DTMiner, DTMiner-S2, and DTMiner-S1 gain
4.33×-20.00×, 3.72×-17.80×, and 3.60×-14.52× speedups com-
pared with DTMiner-NS, respectively. The performance im-
provements differ across motifs due to properties of both
graph and motif. Specifically, real-world temporal graphs
typically follow a power-law distribution. That is, within
short time intervals, multiple directed edges are often gen-
erated to the same vertex in the same direction (either all
incoming or all outgoing). When a motif contains multi-
ple edges in the same direction from/to same vertex (e.g.,
M7), this vertex may be mapped to a high-degree vertex in
a chunk. Consequently, the thread processing this vertex
experiences a heavy workload, as it must check many can-
didate edges within this chunk. Our work-stealing strategy
provides higher performance improvements for such motifs.
Effectiveness of Memory-aware Adaptive Synchro-

nization. Figure 16 evaluates the impacts of our memory-
aware adaptive synchronization, where DTMiner-without
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Figure 17. Scalability of Mackey-o and DTMiner on wi,
where (a) and (b) use different y-axis ranges.

is the version of DTMiner that disables this optimization.
It shows that DTMiner achieves comparable performance
with lower memory consumption during execution on re,
where only the peak memory consumption during the min-
ing of M6, M7, and M8 on re exceeds the memory threshold. In
detail, limiting memory consumption typically incurs perfor-
mance degradation (e.g., M6 and M8). However, M7 suffers
from severe load imbalance as discussed above. Its improved
performance can be attributed to immediately conducting
cross-chunk exploration exposes greater parallelism, alle-
viating load imbalance. Note that DTMiner increases the
cache misses by 1.94%-8.32% comapred to DTMiner-without
due to the cross-chunk data access.

5.4 Scalability Analysis
Figure 17 demonstrates that DTMiner exhibits better scal-
ability than Mackey-o as the number of threads increases.
For example, when mining motif M7 on wi with 64 threads,
DTMiner achieves 52.8× speedup over its single-threaded
baseline, whereas Mackey-o gains only 25.8× improvement.
As shown in Figure 6, as the number of threads increases,
Mackey-o incurs a rapidly growing number of memory ac-
cesses, leading to severe cache contention and consequently
limiting its scalability. In contrast, DTMiner effectively reg-
ularizes data accesses of different tasks, thereby improving
data locality and mitigating contention.

5.5 Preprocessing Overhead Analysis
Table 2 shows that DTMiner incurs 4.8%, 10.6%, 25.9%, and
90.7% extra preprocessing time (generating the fine-grained

Table 2. Comparison of preprocessing time and memory
usage between Mackey-o and DTMiner

Graph Graph
Size (MB)

Preprocessing Time
(ms)

Memory Usage
(MB)

Mackey-o DTMiner Mackey-o DTMiner

wi 165.50 2646 2773 227.43 327.71
so 1561.97 13861 15334 975.64 1283.84
re 15743.97 144283 181752 8226.74 13231.79
eth 16443.15 78808 150365 11226.28 19215.44
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Figure 18. Fraction of time spent on preprocessing and min-
ing of DTMiner and Mackey-o on re

chunks and hierarchical index structure) and 44.1%, 31.5%,
60.8%, and 71.2% additional memory usage (maintaining our
hierarchical index structure) compared to Mackey-o for wi,
so, re, and eth, respectively. Despite DTMiner requiring
such additional preprocessing cost, the end-to-end execution
time (including both preprocessing time and temporal motif
mining time) of DTMiner is still lower than that of Mackey-
o. As shown in Figure 18, compared to Mackey-o, DTMiner
still gains 2.13× end-to-end performance improvement on
average. Note that the preprocessing for a temporal graph is
performed only once and can be reused by multiple temporal
motif mining applications, further amortizing its cost.

6 Related Work
Static GraphMining. Several systems [1, 6–9, 11, 15, 17, 19,
20, 28, 29, 32, 33, 39, 40, 44, 45, 47, 48, 50] are proposed to sup-
port static graph mining. Early systems [1, 7, 15, 47, 48, 50]
adopt the pattern-oblivious method, which performs exhaus-
tive subgraph enumeration followed by isomorphism tests
to filter out invalid subgraphs. To further improve efficiency,
recent systems [6, 8, 9, 11, 17, 19, 20, 28, 29, 32, 33, 44, 45]
employ and optimize the pattern-aware method, which uses
intersection operations to generate valid candidate vertices
during search tree exploration, avoiding isomorphism tests
and reducing the search space. However, these static graph
mining systems cannot directly support temporal motif min-
ing, because they focus only on the structural constraint of
static graphs and ignore the temporal constraints inherent
in temporal graphs.
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Temporal Motif Mining. Recently, several systems have
been developed for temporal motif mining and can be clas-
sified into two categories, i.e., approximate motif mining
systems [30, 42, 49] and exact motif mining systems [23, 31,
38, 46, 51]. The former reduces processing overhead by sam-
pling and mining partial temporal edges, thereby achieving
good scalability. Wang et al. [49] try to efficiently support
approximate temporal motif counting via edge sampling
and wedge sampling. In contrast, the latter supports a wider
range of application scenarios and has consequently been
the focus of recent studies. MoTTo [27] employs multiple
pruning strategies to efficiently count temporal motifs with
up to three vertices and three edges. Mackey et al. [31] try
to achieve more general temporal motif mining by resolving
both structural and temporal constraints together. Based on
Mackey et al.’s algorithm, Everest [51] leverages massive par-
allelism and high internal bandwidth of GPUs to accelerate
motif mining, and Mint [46] proposes a hardware acceler-
ator that exploits fine-grained parallelism. However, they
still suffer from redundant graph traversals and fragmented
memory access. In comparison, DTMiner enables traversal
sharing across different motif matching tasks and substan-
tially reducing random memory accesses, thereby achieving
significantly lower data access overhead.

7 Conclusion
This paper proposes a novel data-centric system DTMiner
to handle temporal motif mining efficiently. Specifically, DT-
Miner develops a novel Load-Explore-Synchronize (LES) ex-
ecution model to efficiently regularize data accesses of dif-
ferent matching tasks through fully exploiting the spatial
similarity and temporal monotonicity among them. The ex-
perimental results show that DTMiner achieves up to 11.98×
performance improvement compared to the cutting-edge
temporal motif mining solution.
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