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Abstract

RDF graph summarization based on approximate pattern mining has been shown to produce compact, high-
quality summaries by capturing the structural regularities of RDF graphs while naturally accommodating the
heterogeneous property descriptions of RDF resources. However, existing cost-based approaches are inher-
ently memory-bound, limiting their applicability to large RDF graphs. Although distributed pattern mining
techniques improve scalability through data partitioning, partitioning prevents the correct evaluation of the
global reconstruction cost when patterns extracted from different partitions are merged, making it impossible to
preserve the original optimization objective during distributed execution. To address this limitation, we propose
a distributed framework for approximate RDF graph summarization that combines parallel pattern extraction
with a cost-preserving merging strategy. The proposed Missing-Neighbors Index retains the information required
to evaluate merge costs locally without rescanning the original dataset, enabling distributed optimization while
preserving the original reconstruction-cost objective. Implemented using Hadoop MapReduce and evaluated on
several real-world RDF datasets, the framework achieves execution-time improvements of up to 2.34 x while
producing summaries whose quality remains nearly identical to the sequential SemSum+ baseline. Although
developed for RDF graph summarization, the proposed framework is applicable to a broader class of cost-based
approximate pattern mining methods based on binary representations and global cost functions.

Keywords
RDF Graph Summarization, Knowledge Graphs, Approximate Pattern Mining, Distributed Data Mining, MapRe-
duce, Cost-Based Optimization, Scalability

1. Introduction

RDF graph summarization aims to construct compact representations of knowledge graphs while
preserving their essential structural and semantic characteristics. Among the existing summarization
approaches, methods based on approximate pattern mining are particularly well suited to RDF data
because they naturally accommodate the heterogeneous property descriptions of RDF resources while
explicitly controlling the trade-off between compression and reconstruction quality. SemSum+ [1, 2, 3]
follows this principle by formulating RDF graph summarization as a cost-based approximate pattern
mining problem using the PaNDa+ optimization algorithm [4]. By minimizing a global reconstruction
cost, it produces high-quality summaries while providing explicit control over approximation quality.
However, because the optimization is performed on the complete binary representation of the RDF
graph, SemSum-+ is inherently memory-bound and cannot efficiently process knowledge graphs that
exceed the memory capacity of a single machine.

Several distributed pattern mining approaches [5, 6, 7] improve scalability by partitioning the input
data, extracting patterns independently on each partition, and combining the local results. This strategy
is effective for exact pattern mining algorithms such as FP-Growth [8] and Apriori [9], where locally
discovered patterns remain globally valid after partitioning. In contrast, cost-based approximate pattern
mining relies on a global reconstruction-cost optimization. Once the RDF graph is partitioned, each
worker has access only to a partial view of the original binary representation, making it impossible to
correctly evaluate the reconstruction cost of patterns originating from different partitions. Consequently,
independently combining local patterns introduces approximation errors that are not reflected by the
original optimization objective.
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In this paper, we address this limitation by proposing a distributed framework for approximate RDF
graph summarization that preserves the original reconstruction-cost optimization during distributed
execution. Unlike existing distributed pattern mining approaches, the proposed framework enables
global cost-preserving optimization without rescanning the original dataset. The framework consists of
two phases: distributed pattern extraction followed by cost-driven pattern merging. During the first
phase, the binary representation is partitioned by RDF resources (transactions), while each partition
retains the complete set of RDF properties (items). Every worker independently extracts a local set of
approximate patterns, after which patterns sharing the same set of RDF properties are consolidated
by combining their covered resources. This step reconstructs patterns that were fragmented during
partitioning but is not sufficient to recover the globally optimal summary. For example, one partition may
independently extract the pattern {p1, p2, ps}, while another extracts {p1, p2, p3, p4}. Consolidating
only identical property sets reconstructs the fragmented pattern but cannot determine whether merging
these overlapping patterns would further reduce the global reconstruction cost. Since the information
required to evaluate such candidate merges is no longer available after partitioning, the second phase
introduces the Missing-Neighbors Index, which stores compact local statistics that enable merge-cost
evaluation without rescanning the original dataset while preserving the original optimization objective.
The proposed framework was implemented using Hadoop MapReduce and evaluated on several real-
world RDF datasets. Experimental results demonstrate consistent reductions in execution time while
maintaining summary quality comparable to the sequential SemSum+ baseline. Although instantiated
for RDF graph summarization, the framework is applicable to a broader class of cost-based approximate
pattern mining methods relying on binary representations and global cost optimization.

The main contributions of this work are: (i) identifying the limitations of existing distributed pattern
mining approaches when applied to cost-based approximate pattern mining; (ii) proposing a distributed
framework that preserves the original global reconstruction-cost optimization during distributed exe-
cution; and (iii) introducing the Missing-Neighbors Index, which enables local merge-cost evaluation
without rescanning the original dataset and improves scalability while preserving summary quality.

2. Related Work

RDF graph summarization approaches can be broadly classified into equivalence-based [10, 11, 12],
schema-driven [13, 14], and pattern-based methods [15, 3, 1]. More recent work has also investigated
structural summarization and schema profiling for large knowledge graphs [16, 17, 18, 19], highlighting
the growing need for scalable knowledge graph analytics.

Among pattern-based approaches, SemSum+ [20] formulates RDF graph summarization as a cost-
based approximate pattern mining problem using the PaNDa+ optimization algorithm [4]. Although it
produces high-quality summaries, both SemSum+ and PaNDa+ are inherently memory-bound, limiting
their applicability to large RDF graphs. Several distributed pattern mining approaches [5, 7] improve
scalability by partitioning the input data and combining locally extracted patterns. While this strategy is
effective for exact pattern mining algorithms such as FP-Growth [8] and Apriori [9], it does not preserve
the global reconstruction-cost optimization required by cost-based approximate pattern mining. Unlike
existing work, the proposed framework enables distributed execution while preserving the original
reconstruction-cost optimization. This is achieved through a cost-driven merging strategy supported
by the proposed Missing-Neighbors Index, which enables merge-cost evaluation without rescanning the
original dataset.

3. Method

This section briefly reviews the approximate pattern mining model underlying SemSum+ before pre-
senting the proposed distributed framework.
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Figure 1: Overview of the proposed distributed framework.

3.1. Approximate Pattern Mining Background

MWXM where

Following SemSum+ [20], an RDF graph is transformed into a binary matrix D € {0, 1
rows represent RDF resources (transactions) and columns correspond to RDF properties (items). An
entry D(7, j) = 1 indicates that property j is associated with resource i. Details of the RDF-to-matrix
transformation are given in [20].

The summarization problem is formulated as the Approximate Top-k Pattern Discovery problem,
which seeks a set of at most k patterns minimizing a global reconstruction cost. Given a pattern set I1,

reconstruction errors are represented by the noise matrix

N=D& \/ (PrP), M
Pell
where V and & denote the logical OR and XOR operators, respectively. The optimal pattern set is
obtained by minimizing

I, = in J(II, \). 2
k= arg min (ILN) (2)

SemSum+ solves this optimization using the PaNDa+ algorithm [4], which minimizes

THI, N) = awN) +p Y ve(P), (3)
Pelly
where y5s denotes the encoding cost of the reconstruction error, vp the description cost of the
extracted patterns, and p a regularization parameter. Since this optimization is performed on the
complete binary matrix, the entire dataset must reside in memory, limiting scalability for large RDF
graphs.

3.2. Distributed RDF Graph Summarization Framework

To overcome this limitation, we propose a distributed framework implemented on Hadoop MapReduce.
The framework distributes both pattern extraction and cost-preserving optimization while maintaining
the original reconstruction-cost semantics. Although instantiated using SemSum+ and PaNDa-+, the pro-
posed approach is applicable to approximate pattern mining methods relying on binary representations
and global cost optimization. Figure 1 presents an overview of the proposed framework.

3.2.1. Phase 1: Parallel Pattern Extraction

The binary matrix is partitioned by RDF resources (transactions), while every partition retains the
complete set of RDF properties. Each worker independently applies SemSum+ to its assigned partition
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Figure 2: lllustration of the proposed cost-preserving merging strategy using the Missing-Neighbors Index.

and extracts a local set of approximate patterns. Patterns extracted from different partitions that
share the same property set are then consolidated by combining their covered resources into a single
intermediate representation.

This consolidation reconstructs patterns that were fragmented during partitioning but does not
recover globally optimal patterns. For example, one partition may produce the pattern {p1, p2, p3},
whereas another extracts {pi, p2, p3, psa}. Consolidating only identical property sets preserves the
first pattern but cannot determine whether merging these overlapping patterns decreases the global
reconstruction cost.

3.2.2. Phase 2: Cost-Preserving Pattern Merging

The second phase addresses this limitation by evaluating candidate merges directly in the compressed
pattern space, avoiding repeated scans of the original binary matrix.

The main challenge is that each local pattern contains only the information available within its
partition. Consequently, the information required to evaluate the reconstruction cost of merging
patterns extracted from different partitions is no longer directly available.

To preserve the original optimization objective, we introduce the Missing-Neighbors Index, which
records the frequencies of non-pattern RDF properties associated with the resources covered by each
pattern. These statistics provide sufficient information to estimate the reconstruction noise and evaluate
merge costs without accessing the original binary matrix.

To improve scalability, only candidate pattern pairs whose property or resource overlap exceeds
a threshold 6 are considered for merging. Figure 2 illustrates the proposed cost-preserving merging
strategy.

4. Experimental Evaluation

The evaluation assesses two aspects of the proposed framework: (i) its ability to reduce execution time
compared with the sequential SemSum+ implementation, and (ii) its ability to preserve the quality of
the generated RDF summaries during distributed execution.

4.1. Experimental Setup and Datasets

Experiments were conducted on a Hadoop cluster consisting of one master node and two worker nodes,
each equipped with an Intel Core i5 processor and 4 GB RAM. The distributed implementation was
developed using Hadoop MapReduce, while the sequential baseline was executed on the master node
using identical parameter settings.

Hadoop MapReduce was selected to validate the proposed cost-preserving strategy. The objective
was not to evaluate large-scale distributed performance, but to verify that the original reconstruction-
cost optimization is preserved during distributed execution. Preliminary experiments showed that



Table 1
Datasets used in the evaluation.

Dataset Transactions Items Domain
JPeel 76,229 49 Multimedia
Jamendo 335,925 50 Music metadata
Sec 460,446 20 Security data
Bank 200,429 34 Financial data
WordNet 647,215 123 Lexical knowledge
Table 2 Table 3
Execution time comparison. Schema-level class quality (FY).
Dataset Seq. (s) Dist. (s) X Dataset Seq. Dist.
JPeel 16 12 1.33 JPeel 0.900 0.894
Jamendo 71 36.13 1.96 Jamendo  0.950 0.946
Sec 46 26 1.76 Sec 1.000 0.998
Bank 6465 4741 1.36 Bank 0.930 0.925
WordNet 947 403.27 2.34 WordNet  0.940 0.936

the sequential implementation exceeded the memory limits of a single 4 GB machine, motivating the
distributed implementation. Evaluation on larger clusters and substantially larger RDF graphs is left for
future work. The framework was evaluated on five real-world RDF datasets.

4.2. Results

Tables 2 and 3 compare the distributed implementation with the sequential SemSum+ baseline. The
proposed framework achieves speed-ups ranging from 1.33x to 2.34x while preserving summary
quality, with schema-level differences below 0.01 for all datasets. Although the observed speed-ups
are influenced by the modest cluster size and Hadoop MapReduce overhead, the results demonstrate
that the proposed framework preserves the original reconstruction-cost optimization while reducing
execution time, providing a practical foundation for larger distributed deployments.

5. Conclusion

This paper presented a distributed framework for approximate RDF graph summarization that preserves
the global reconstruction-cost optimization of cost-based approximate pattern mining. The proposed
Missing-Neighbors Index enables merge-cost evaluation without rescanning the original dataset, al-
lowing distributed execution while maintaining the original optimization objective. Experimental
results demonstrate that the proposed approach reduces execution time while preserving summary
quality. More broadly, this work shows that cost-based approximate pattern mining can be effectively
parallelized without sacrificing its optimization semantics. Beyond RDF graph summarization, the
proposed framework provides a foundation for distributed cost-based approximate pattern mining,
opening new opportunities for scalable analysis of large knowledge graphs. Future work includes
evaluation on larger distributed infrastructures, implementation on Apache Spark, and extension to
other approximate pattern mining and knowledge graph analytics tasks.
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