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Abstract

Graph partitioning is a key step in the parallel and distributed processing of big graphs,
aimed at improving efficiency while balancing load and reducing communication over-
head. However, conventional partitioning methods often produce irregular inter-block
communication patterns, leading to complex coordination costs. To address this issue,
we propose a star-based graph partitioning approach that organizes partition blocks into
a master—slave topology, where all inter-block communication is centralized through a
master block. This structured design simplifies communication patterns and enhances
parallel execution efficiency. Based on a cost-aware representation of graph processing, we
formulate a partitioning objective that minimizes the overhead of the master block while
maintaining balanced slave partitions. To achieve this, we develop a two-stage framework
including initial partition generation and iterative refinement. The refinement stage incor-
porates a master minimization strategy and a slave balancing strategy to further improve
partition quality. Extensive experiments on multiple benchmark datasets demonstrate that
the proposed method effectively reduces communication overhead, improves parallelism,
and provides an interpretable partitioning structure for distributed graph processing.

Keywords: graph partitioning; master—slave graph; master block minimization; slave
block balancing

1. Introduction

In the current information era, graphs are becoming larger and larger, and traditional
single-machine systems can no longer efficiently process such big graph data. Consequently,
parallel and distributed computing has become a dominant paradigm for processing these
graphs. In such systems, graph partitioning is the first and critical step, as the quality of par-
titioning directly affects computational efficiency. Existing graph partitioning methods, such
as Ja-Be-Ja [1], LDG [2], and Metis [3,4], generally follow a divide-and-conquer strategy by
decomposing a large graph into multiple subgraphs that are distributed across computing
nodes. In these methods, edges across different blocks (i.e., inter-block edges) are typically
unavoidable and may exist between arbitrary pairs of blocks. Although modern distributed
systems can handle such dependencies through message passing and synchronization,
these irregular communication patterns may still introduce additional coordination over-
head. From a structural perspective, a communication-efficient partitioning pattern is one
in which inter-block dependencies are organized in a controlled manner, rather than being
arbitrarily distributed. Ideally, if there are no inter-block edges among the target blocks,
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they can be executed in parallel. In practice, however, obtaining such a partitioning result is
almost impossible because of the inherent structural dependencies in graphs. A feasible
partitioning is one in which a single target block is connected to all other blocks, while the
remaining blocks have no inter-block edges between them. Motivated by this observation,
we consider a partitioning structure where one block serves as a central coordinator, and all
other blocks only communicate with this central block while remaining independent of each
other. In this configuration, inter-block communication is concentrated on a single block,
forming a star-shaped topology. This structure is related to vertex-separator formulations
such as the k-vertex cut problem, but the underlying motivation is different. Rather than
focusing on graph separation itself, we aim to construct a partition structure that is compati-
ble with the execution requirements of the master—slave computing model. Specifically, one
block serves as the master for coordinating inter-block dependencies, while the remaining
blocks act as mutually independent slaves.

This structured partition naturally corresponds to the master—slave computing model
widely used in parallel and distributed systems. In this model, the master process is re-
sponsible for coordination tasks such as scheduling, synchronization, and aggregation,
while slave processes execute subtasks independently without direct communication among
themselves. This model has been adopted in graph processing systems such as Pregel [5],
Giraph [6], and GraphX [7] due to its simplicity, scalability, and reduced communication
complexity. However, existing graph partitioning methods, which are broadly optimized for
load balance, communication efficiency, and locality, rarely produce partition results that
explicitly align with such a structured communication pattern. Instead, they treat all blocks
uniformly, without considering differentiated roles in communication and coordination.
To bridge this gap, we propose a graph partitioning approach that explicitly constructs a
master—slave topology, thereby enabling a more structured and efficient communication
mechanism in distributed graph processing. Compared with conventional graph parti-
tioning methods that generally treat partition blocks uniformly, the proposed partitioning
approach explicitly incorporates the execution requirements of the master—slave computing
model by organizing partition blocks into a star-shaped topology with one master and
mutually independent slave blocks. Although this structure is related to the structural idea
of k-vertex cut, the proposed approach focuses on graph partitioning for parallel computing
rather than graph separation itself. The main contributions of this paper are summarized
as follows:

(1) We propose a structured graph partitioning paradigm that organizes partition blocks
into a master—slave topology, enforcing a star-shaped communication pattern.

(2) Based on this paradigm, we develop a two-stage partitioning framework, including an
initial feasibility-guided partition generation and a refinement process with master
minimization and slave balancing strategies.

(3) We design a partition evaluation metric tailored to the master—slave structure, capturing
both centralized communication cost and load balance among slave blocks.

The remainder of this paper is organized as follows. After reviewing related work
in Section 2, we introduce the fundamental concepts of graph partitioning and parallel
graph processing, as well as the partitioning objectives, in Section 3. The proposed master—
slave partitioning approach is described in Section 4. The experimental evaluation of the
proposed approach is covered in Section 5, and the paper concludes with a summary in
Section 6.
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2. Related Work

Graph partitioning plays a fundamental role in parallel and distributed graph pro-
cessing, with the primary objectives of balancing computational load, minimizing com-
munication overhead, and improving intra-block computation efficiency. Existing par-
titioning methods can be broadly classified into approaches focused on load balancing,
communication minimization, and locality optimization. Recent advances in large-scale
graph processing systems and new application paradigms have further diversified these
approaches, including multilevel and multi-granularity strategies [8,9], learning-based and
adaptive partitioning [10], and frameworks for graph neural networks [11]. Despite these
differences, they can still be understood within the three fundamental objectives of load
balance, communication efficiency, and locality optimization.

Load-balancing partitioning methods. These approaches aim to distribute the compu-
tational load evenly across target blocks to prevent overloaded nodes. Early methods relied
on simple metrics such as vertex or edge counts [1-4]. Building on these, several algorithms
achieve load balance through iterative vertex exchange (Kernighan-Lin [12], Fiduccia-
Mattheyses [13]), greedy vertex assignment (LDG [2]), or multilevel coarsening-refinement
(Metis [3,4]). However, balancing only vertex or edge counts does not necessarily reflect
true computational cost. To address this, subsequent work incorporates system-level het-
erogeneity: Zoltan [14] allocates partition sizes in proportion to processor performance;
Zeng et al. [15] jointly consider processing power, bandwidth, and memory capacity; Shen
et al. [16] exploit CPU/GPU differences; Zhang et al. [17] consider thread-level execution
density and memory access locality.

Communication-minimization methods. These methods seek to reduce inter-block
edges or limit vertex replication, thereby reducing communication and synchronization over-
head. Representative approaches include PT-Scotch [18], which uses graph reordering and
neighborhood search; FENNEL [19], which jointly considers load balance and connectivity;
PowerLyra [20], which differentiates high- and low-degree vertices; and S5P [21], which
exploits graph skewness to minimize replication. Beyond graph-level heuristics, recent
work also considers network heterogeneity: Zhou et al. [22] incorporate bandwidth differ-
ences across datacenters; GrapH [23] designs traffic-aware vertex-cut strategies; Walshaw
etal. [24] and Huang et al. [25] adopt hierarchical strategies to minimize communication
latency in multi-node systems.

Locality-optimization partitioning approaches. These methods optimize block struc-
tures to improve intra-block computation efficiency by preserving structural autonomy
and data locality. Community-detection-based approaches such as Girvan-Newman [26]
and Louvain [27] group densely connected vertices into the same partition. Onizuka
et al. [28] maximize modularity to improve data reuse. For application-specific scenarios,
FlowCutter [29] generates low-cut, high-internal-connectivity subgraphs for road networks.
Runtime-aware approaches such as Graphlt [30], PARAGON [31], ARGO [32], and Ja-
fari et al. [33] adapt partitions to underlying system resources, including cache, thread
contention, and data migration costs.

Existing methods have made considerable progress in balancing loads, reducing com-
munication overhead, and improving intra-block execution efficiency. A common limitation,
however, is that the target blocks often contain many inter-block edges, which can reduce
the efficiency of distributed processing. To overcome this limitation, a partitioning strategy
inspired by the k-vertex cut problem [34-38] is considered, which investigates how remov-
ing a small set of vertices can split a graph into disconnected components. This principle
guides the creation of target blocks where slave blocks have no inter-block edges between
them. Such a structure enables concurrent processing of all slave blocks and reduces syn-
chronization overhead, thereby improving the efficiency of distributed graph processing.
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3. Graph Partitioning and Graph Parallel Processing
3.1. Basic Concepts of Graph Partitioning

Let G = (V,E,w,w) be a graph with the vertex set V, the edge set E, the vertex weight
function w(-), and the edge weight function w(:). A k-way partition of G is defined as
P(G,k) = {p1,po, -, P}, where each partition p; = (V;, E;) satisfies V, U V,U.. UV, =V,
VinV;= 0,i#j€e€{1,2,..,k} Avertexv € V;is a boundary vertex of p; if it has at least
one neighbor u ¢ V;; the set of all boundary vertices of p; is denoted by B(p;). The set of
cut edges connecting partitions p; and p; is given by CE;; = {(u, v)|u ev,ve Vj}, the set

and the set of all cut edges is CE = Ule CE,.

of cut edges of partition p; is CE; = Uj‘(:l CEy,

3.2. Master—Slave Parallel Processing Model

The master—slave model is a classical and widely adopted paradigm in parallel and
distributed computing, as shown in Figure 1. It has a star-shaped structure, consisting of a
single master process and multiple slave processes. The master handles global coordination,
task assignment, state monitoring, data transfer, and result aggregation, while each slave
executes only its assigned subtask and communicates exclusively with the master; slaves do
not communicate directly with each other. This communication pattern reduces complexity
and allows all slaves to run tasks fully in parallel.

master

slave ; slave , slave 5 ‘e slave ,_;

Figure 1. The master—slave parallel processing model.

Inter-block dependencies in parallel and distributed graph processing often require
frequent synchronization and data exchange. By contrast, in the master-slave computing
model illustrated in Figure 1, all communication occurs through a single master, allowing
slave blocks to be processed concurrently, thereby reducing overall execution time. For
example, if multiple computation blocks need to exchange information, organizing them in
a master-slave structure ensures that each slave communicates only with the master, rather
than with every other block. Topologically, this structure reduces the number of distinct
inter-block communication pairs from O(k?) (in a fully connected mesh topology) to O(k).
We clarify that this reduction primarily describes the topology of potential communica-
tion relationships between partition blocks. It does not directly equate to a proportional
reduction in the total volume of data exchanged or the actual runtime communication cost,
which also depend on message size per synchronization step, communication frequency,
synchronization protocol overhead, and underlying network properties such as latency and
bandwidth contention.
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3.3. Graph Application Algorithms

Graph data consist of entities (vertices) and the relationships (edges) connecting these
entities. Efficient processing and analysis of graphs rely on specific application algorithms,
which vary considerably in both functionality and computational behavior. Considering
both the scope of graph data accessed and the dependence on additional input parameters,
graph algorithms can be broadly classified into four categories. (1) Global iterative algo-
rithms: These algorithms operate over the entire graph using only its structural information,
typically updating all vertices or edges in each iteration. Representative algorithms include
PageRank, GCN, Louvain, and DeepWalk, among others. (2) Local expansion algorithms:
Also relying solely on graph structure, these algorithms focus each iteration on a subset
of vertices or edges, expanding outward from a specific vertex or local region. Typical
examples include BFS, DFS, Prim, and Kruskal. (3) Global constraint algorithms: These
require additional input conditions or constraints and perform optimization or feasibility
computations across the entire graph. Examples include GAT and GraphRNN. (4) Local
expansion constraint algorithms: These combine input constraints with a limited compu-
tation scope, typically solving locally constrained optimization problems. Representative
examples include Dijkstra’s shortest-path algorithm, the Stoer-Wagner algorithm for com-
puting s-t minimum cuts, and heuristic approaches for the traveling salesman problem.
Some algorithms, such as VF2 (subgraph isomorphism) and Ford-Fulkerson (maximum
flow), may involve complex subgraph construction or graph transformations. Despite their
additional complexity, their data access patterns and task dependencies still align with the
local expansion constraint algorithms category.

Global iterative algorithms are a class of structure-driven algorithms that are widely
used in practice due to their ability to extract meaningful information from graph structures.
These algorithms repeatedly process the entire graph until convergence, which can result
in substantial computational costs. A key feature of these algorithms is their stable iterative
logic and localized communication, where updates depend primarily on direct neighbors;
consequently, they are often applied to undirected graphs. For example, PageRank and
Louvain are widely applied to ranking web search results, analyzing social network influ-
ence, and detecting communities, while graph representation learning methods such as
GCN, Node2Vec, and DeepWalk are used for recommendation, financial risk prediction,
and predictive modeling in bioinformatics. The structure-driven nature of these algorithms
highlights the value of partitioning a big graph into blocks with a master—slave structure.
Such a partitioning approach not only matches the requirements of modern distributed
graph processing platforms for parallelism and load balancing, but also provides a robust
foundation for efficient and scalable analysis of big graph data.

3.4. Graph Processing Cost and Load Graph

Given a graph G = (V,E,w, w) and an application algorithm A, suppose that G is
divided into k blocks py, py, ..., px. The processing cost of p; under algorithm A, denoted as
CA(p;), consists of its computation and communication costs; i.e., CA(p;) = CJ; (pi) +C3(py).
The computational cost CJ;l (i) =2, ev, fa(v) is the sum of costs over all vertices within p;,
and the communication cost C5 (p;) = ZeeCE,— ga(e) is the sum of costs over all cut edges
incident to p;, wherei = 1,2, ..., k, f4 (v) is the computational cost of a single vertex v, while
g4 (e) quantifies the communication cost associated with edge e.
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To explicitly characterize the execution costs of an algorithm A on a graph G, we in-
troduce the concept of a load graph. A load graph is an augmented representation that
combines the original graph topology with algorithm-specific execution properties, in-
cluding vertex computation costs, vertex dependencies, and associated communication
overheads. Formally, a load graph is defined as a quadruple G; = (V,E;, w;, w; ), where
V is the set of vertices, and E; represents the dependency relationship between vertices;
wy = Vp - RT assigns computation cost to each vertex, and w; : E; — R* assigns commu-
nication cost to each edge. In this work, we assume V; = V and E; = E, while w; (v) = f4(v)
and wj (e) = ga(e), forany v € V; and e € E;. Thus, partitioning the load graph G; is
equivalent to partitioning the original graph G under cost-aware objectives. In practice,
the cost functions w; (-) and wy () depend on both graph structural features (e.g., degree
and clustering coefficient) and algorithm characteristics (e.g., computation logic, iteration
patterns, and data access). To obtain realistic cost estimations, these functions can be learned
from historical execution data using a polynomial regression-based model [39].

3.5. Partitioning Objectives and Formal Representation

For clarity in the subsequent discussion, we introduce a new type of graph, referred to
as the master—slave graph, defined as follows:

Definition 1 (master-slave graph). Let G = (V,E,w,w) be a graph composed of k sub-
graphs {Gl}', G, G, ..., G;_, }, where GJ' = (V{', Ef) is the master block, G§ = (V§, E3) is the i-
th slave block. The graph G is called a master—slave graph if its subgraphs satisfy the follow-
ing conditions for all distincti,j € {1,2,...,k—=1}: (1) VI uViuVsu..uUVi, =V;
Q)Virnv:i=0,Vin Ve = @; (3) No edge (u,v) € E(u,v) exists withu € Viand v € Vs
(4) There exists at least one edge (u,v) € E such that u € V{'and v € V7.

A master—slave graph exhibits a star topology: the master block is connected to all slave
blocks, while no inter-block edges exist. To enable efficient parallel and distributed graph
processing, we propose an approach for partitioning a graph into blocks that can form a
master-slave graph, with the objectives of minimizing the master block and balancing the
slave blocks. We refer to this approach as the master—slave graph partitioning. Formally,
given a graph G = (V,E,w, w) and an application algorithm A, the corresponding load
graphis G; = (V, E,wy, wy ). The partitioning task is to divide G into k blocks that can form a
master—slave graph with a minimal master block and balanced slave blocks under algorithm
A, which is equivalent to partitioning G; into k blocks. It is denoted as MSP(G, A, k) =
MSP(Gy, k) = {Ggq, GG, ..., Gi_l}, and the corresponding objective is:

Gg'eA%%}cL,m(Zvevgl w (0) + ZeeCEQ wL(e)> (1)
subject to:
(1-6)C4s <Ca(G)) < (1+6)Cy (2)
k-1
|J (BfUCE) UEy =E (3)

i=1

where C, = Z:‘:‘f (Zvev;‘fA(v) + ZeeCEigA(e)>/(k — 1) is the average computational cost
of all slave blocks, C,(-) denotes the processing cost of a partition block under algorithm A,
CE; represents the edge set between G} and G{, 0 < € < 11is a balancing factor, and CE is
the set of edges between the master block and all slave blocks. Equation (2) enforces the
load-balancing constraint on the slave blocks, while Equation (3) ensures that cut edges
occur only between the master block and the slave blocks. These constraints distinguish the

proposed partitioning problem from conventional graph partitioning and the k-vertex cut
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problem in terms of partition structure and load requirements. Table 1 summarizes the key
differences among the three formulations.

Table 1. Comparison of conventional graph partitioning, k-vertex cut, and the proposed
partitioning problem.

Traditional Graph
Partitioning Problem

k-Vertex Cut Proposed Partitioning

One small block is connected to at One master block and k — 1

Partition k partition blocks with no least k — 1 other blocks, while the slave blocks: slave blocks
Structure specific role assignment other blocks are mutually 1 "

disconnected are mutually disconnected

- Minimize the number of Minimize the vertex set to separate Min.imize the
Objective : computational cost of the

inter-block edges the graph
master block
Constraints The k blocks are Graph must be split into at least k — 1 Slave blocks are

approximately balanced disconnected blocks computationally balanced

It is important to note that the existence of such a structured partition is not guaranteed
for arbitrary graphs. Therefore, in the following section, we introduce a set of necessary
conditions to characterize the feasibility of partitioning a graph into the desired form.

4. An Approach for Partitioning a Graph into Master-Slave Blocks
4.1. Necessary Conditions for Master—Slave Partitioning

Our partitioning strategy is inspired by the k-Vertex Cut Problem (k-VCP) [34]. In
graph theory, the k-VCP addresses the task of removing a subset of vertices and their incident
edges so that the resulting graph contains at least k disconnected components. Building
upon this problem, our goal is to partition a graph into k blocks that can form a master—slave
graph. Specifically, we aim to select a minimal set of vertices as the master block, while
the remaining graph is divided into k — 1 roughly balanced subgraphs serving as the slave
blocks. This can be viewed as a specialized and constrained variant of the k-VCP, with
additional structural and load-balancing requirements on the resulting partition. Since the
k-VCP is NP-hard [36], these additional requirements make the master—slave partitioning
problem computationally challenging. In real-world scenarios, a feasible partition that
satisfies these requirements may not always exist. Hence, before pursuing detailed solution
methods, it is essential to specify the necessary conditions for such a partition to be feasible.

A fundamental property of graph connectivity establishes the basis for the following
lemma. It is well-known that a connected graph G = (V, E) must contain a spanning tree
with exactly |V| — 1 edges [40]. This implies that for a graph with at least k connected
components, any acyclic subgraph has at most |V| — k edges. Therefore, the k-VCP can be
reformulated as the problem of finding a minimal subgraph S C G whose removal results
in at least k components.

Lemma 1. Let G = (V,E) be a graph; if a subgraph S = (V,,E,) C G is a solution to the k-VCP,
then any acyclic subgraph of G\S has at most |V| — |V| — k edges.

https://doi.org/10.3390/app162110457
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Lemma 1 captures a global structural requirement for the k-VCP. In practice, however,
verifying this condition is computationally prohibitive and offers little insight into whether a
k-VCP solution exists. To address these limitations, we focus on local structural properties to
derive criteria that are easier to check and apply. Given a graph G = (V,E) and a vertex set
V'CV,IetN(V') = U,ev
V', excluding the vertices in V" itself. Based on this, we propose the following proposition

N (v)\ V' denote the union of the neighborhoods of all vertices in

as a necessary condition for a k-block master—slave partition.

Proposition 1. A necessary condition for a graph to have a k-block master—slave partition is
the existence of a nonempty vertex set V' such that the subgraph induced by N(V') contains at
least k — 1 connected components.

Proof of Proposition 1. Suppose a graph G = (V, E) can be partitioned into k blocks with
master—slave structure, i.e., Gi', G3, G3, ..., Gi_1, where G = (V(’)”, E{)”) is the master block,
G; = (V§,E) is the i-th slave block, i = 1,2, ...k — 1. Since each slave block is adjacent to the
master block, N (V") contains at least one vertex from each slave block. Moreover, no edges
exist between distinct slave blocks. Therefore, vertices belonging to different slave blocks
cannot be connected in the subgraph induced by N (V). Consequently, this subgraph
contains at least k — 1 connected components. Hence, the stated condition is necessary for a
k-block master—slave partition. []

Proposition 1 provides a local structural condition that is necessary for a master—slave
partition. Specifically, the neighborhood of the master block must contain at least k — 1
connected components, corresponding to the k — 1 slave blocks. This condition provides a
basis for identifying candidate master blocks and assessing the feasibility of a master—slave
partition. The feasibility of a master—slave partition is also constrained by the solvability
of the k-VCP, since removing the master block leaves mutually disconnected slave blocks.
Proposition 2 gives a structural condition under which the k-VCP has no solution.

Proposition 2. If every subgraph induced by any k vertices in a graph is connected, then the graph
has no solution to the k-VCP.

Proof of Proposition 2. Consider a graph G = (V, E) such that every subgraph induced by
any k vertices is connected. Assume that a k-VCP solution exists. Let S C G be a subgraph
whose removal produces a graph G' = G\S with at least k disconnected components,
denoted Gy, Gy, ..., Gy, with vertex sets V, V,, ..., V;. Select one vertex v; € V, from each
component and form the set U = {v,v,,...,v;}. Clearly, [U| = k, and no two vertices in
U are connected, implying that the subgraph induced by U in G is disconnected. This
contradicts the condition that every k-vertex subgraph is connected. Therefore, no k-VCP
solution exists. [

The conditions in Propositions 1 and 2 are inherent feasibility conditions of the pro-
posed master—slave partitioning problem. They are derived directly from the structural re-
quirements specified in Definition 1. If either condition is violated, no partition satisfying the
required master—slave structure can be constructed under the current problem formulation.
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These results are illustrated by two examples in Figure 2. As shown in (a), vertices 5, 7,
and 11 each form a star-shaped subgraph with all their neighbors. The subgraph induced by
{5,7,11} forms the master block (red dashed box), while the subgraphs induced by {1,2,3,6},
{4,9,10,14,15}, and {8,12,13,16,17} form the slave blocks (blue dashed boxes), resulting in
a master—slave graph. As shown in (b), every subgraph induced by any three vertices is
connected. Consequently, no 3-VCP solution exists, and the graph cannot be partitioned
into 4 blocks forming a master—slave graph with one master block and three slave blocks.

Figure 2. Examples illustrating the master—slave graph partitioning.

4.2. The Main Idea of Partitioning a Graph into Master—Slave Blocks

Building upon the theoretical foundation and necessary conditions discussed in
Section 4.1, we propose a master—slave graph partitioning approach. The proposed method
is designed for graphs that satisfy the necessary conditions. For dense or highly intercon-
nected graphs with pervasively distributed dependencies, a valid master—slave partition
may not exist, rendering the proposed method inapplicable to such scenarios. This method
draws inspiration from the solution strategies of the k-VCP. Traditional k-VCP approaches
typically identify a minimal vertex cut set using maximum flow techniques, such that
removing these vertices splits the graph into two disconnected subgraphs. These subgraphs
can then be recursively partitioned until k subgraphs are obtained. Alternatively, some
methods attempt to directly divide the graph into at least k disconnected subgraphs. For
instance, Zhou et al. [34] select high-degree vertices as an initial candidate set and iteratively
refine it by adding or removing vertices to minimize its size while maintaining at least k
independent subgraphs. This idea provides valuable insights for designing the initial stage
of our partitioning method.

The proposed partitioning method consists of two stages, initial partition generation
and fine-tuning, as illustrated in Figure 3. In the initial stage, a heuristic approach is
used to partition a graph into blocks with a master—slave structure. To guide this process,
each vertex is scored based on its potential to be included in the master block. A set of
vertices with scores exceeding a predefined threshold is chosen to constitute the master
block. The remaining graph is then divided into k — 1 subgraphs, which serve as the slave
blocks. During the fine-tuning stage, the initial blocks are iteratively refined through master
reduction and slave rebalancing strategies. Master reduction selectively relocates vertices to
minimize the load of the master block, while slave rebalancing redistributes vertices among
the slave blocks to achieve balanced loads. Both strategies are guided by the proposed
partition evaluation function.

https://doi.org/10.3390/app162110457
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Figure 3. The main idea of building the target master—slave graph.

4.3. Initial Partition Block Generation Scheme

For a given load graph, the initial partitioning aims to generate a master block and
k — 1 slave blocks. A key challenge is selecting vertices with strong graph-separating
capability and low computational overhead as candidates for the master block. To address
this, we consider both structural and computational properties. Structurally, high-degree
vertices often act as hubs connecting multiple subgraphs, and removing them tends to
split the graph into more disconnected components. Computationally, vertices with low
computational and communication costs help reduce bottlenecks when assigned to the
master block. Additionally, certain low-degree vertices that bridge dense regions may also
be good candidates for the master block.

Based on the above considerations, we design a scoring function to evaluate the priority
of each vertex for inclusion in the master block. Formally, for each vertex v € V; of a load
graph G; = (V, E,w;, wy), the scoring function is defined as follows:

Ca(v) 2{(u, 0)lu € N(v)}]
@_<%M>+ @_ d()(d(v) — 1) )

score(v) = ﬁ? + (4)

max
where B,7,7 > 0 with f 4+ ¢ + 17 = 1 are weighting factors, d(v) is the degree of vertex v,
4,4, is the maximum vertex degree in graph G;, N (v) is the set of neighbors of vertex v,
C,(v) is the computational cost of vertex v, and C,,,, is the maximum computational cost
of a vertex.

The scoring function score(v) combines a vertex’s local structural features and compu-
tational cost to determine its priority as a candidate vertex for the master block. Vertices
with higher scores tend to split the graph effectively while maintaining low computational
overhead. Thus, vertices with scores above a threshold s,,,;, are chosen to form a subgraph
S. Rather than using a fixed absolute value, s,,;, is set adaptively as the top 15% quantile
of the vertex score distribution. For a fixed threshold, adjusting the weights j, v, i7 enables
different partitioning preferences; for example, setting B = 1 makes the selection rely solely
on vertex degree, as in [34]. The number of disconnected subgraphs in the remaining sub-
graph G;\S is then examined. If the remaining graph contains more than k — 1 connected
subgraphs, the two smallest subgraphs are merged; if fewer, the highest-scoring vertex in the
maximum-load subgraph is moved to the master block to further split the subgraph, until
exactly k — 1 disconnected subgraphs are obtained. The subgraph S forms the master block,
and the remaining k — 1 subgraphs serve as slave blocks, yielding the initial master—slave
partitioning result. The corresponding pseudocode is presented in Algorithm 1. In terms
of computational complexity, IP-MST requires O(IVI + |E| + Zv v d(v)2 + kz) time under
an adjacency-list representation, where d(v) is the degree of vertex v, and k is the number
of target blocks. The overall space complexity of IP-MST is O(|V| + |E}).
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Algorithm 1: Initial partitioning for master—slave topology, IP-MST.

Input: G; = (V,E,wy, wy), k, S5 / /G, denotes the load graph, k is the target number
of blocks, and s,,,;,, is the predefined threshold

Output: MSP,,;; = {G, G5, G5, ..., G;_,}; //MSP,,;; denotes the initial partition
consisting of one master block and k — 1 slave blocks

1. V§'<®; //initialization

2: forveV

3 s<score(v); //according to Equation (4)

4: ifs>s,,;,

5: V' —add_vertex(v);

6 end if

7: end for

8: G —construct_master_block(G;, V{");

9: me—set_of subgraphs(G;\G}')

10: while |7r| < k —1 //increase the number of subgraphs

11: Gy <select_max_load_subgraph(r);

12: if [V(Gy)| < 2 //G; contains fewer than two vertices
13: return failure

14: end if

15: Spax<0;

16: forv e V,

17: if s,,,, < score(v)

18: Sax<score(v);

19: v «0;

20: end if

21: end for
22: G —add_vertex(Gy, Gy', Gy ,v');

23: if is_not_connected (G,)
24: mt—update_set_of_subgraphs (71, G;);
25: end if

26: end while

27: while |7t] > k — 1 //decrease the number of subgraphs
28: Gy, Gy—select_smallest_two_subgraphs (77);

29: G'{—merge_subgraphs (G, G,);

30: t—update_set_of_subgraphs (71, G, G,, G'1);

31: end while

32: {Gi, G5 . Gl } —generate_slave_blocks(7);

33: MSPim»t<—{G6”, G;, G5, ..., Gz_l};

34: return MSP;,;;

4.4. Target Partition Block Quality Optimization Strategies

The initial master—slave partition often contains an oversized master block and suffers
from imbalanced loads among the slave blocks, necessitating further optimization. To guide
this process, a partition evaluation function is introduced to quantify how well the current
partition meets the target objectives. Based on this function, distinct optimization strategies
are applied to the master block and the slave blocks.

4.4.1. Graph Partitioning Evaluation Function

According to the dual objective of a minimal master block and balanced slave
blocks, we define the partition quality function Q(MSP(Gy,k)). Specifically, given
a load graph G; = (V,E;, w;,w;), which is partitioned into k blocks, denoted as
MSP(Gp, k) = {G', G5, G5, ..., G;_,}, where G = (V",El') represents the master block,
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and each G} = (V$,E;) fori = 1,2,...,k — 1 corresponds to a slave block, the partition
quality is measured by the function Q(MSP(Gy, k)):

QUMSP(Gy k) = T2 + (1 - 7y CalGF) (5)

A Ctotal
where T is an adjustable weight that balances the two objectives: minimizing the

load of the master block and maintaining load balance among the slave blocks, and
1/2

0 <7<l o,= <ZZ:11(CA(Gf) —EA)Z/(k - 1)) denotes the standard deviation
of slave loads, Cy = (Cippy — C4(GI'))/(k — 1) is the average load of all slave blocks.
C4(Gp") is the load of the master block, C4(Gj) is the load of the slave block G, and
Crotar = Ca(GI') + Zi:ll C(GS) denotes the total load under the partition MSP(Gy, k). Ac-
cording to Equation (5), the metric Q is a non-negative cost-based measure for evaluat-
ing graph partitioning quality, where a lower value indicates a better partitioning result.
For a fixed total cost C,,,;, reducing either the master load C,(GJ') or the standard de-
viation of the slave load o, decreases Q, with a smaller Q indicating better partitioning
quality. Based on this metric, the partition optimization is designed to achieve two ob-
jectives: minimizing the master load and reducing the load variance among slave blocks.
These objectives are implemented through Master Reduce Operation (MRO) and Slave
Rebalance Operation (SRO), respectively. For a given partition MSP(Gy, k), applying
an MRO or SRO vyields a refined partition MSP'(G,, k), and an operation is accepted if
Q(MSP' (G, k)) < Q(MSP(Gy,k)). MRO and SRO are applied alternately to iteratively
improve the partition quality until a termination condition is met. The pseudocode of this
procedure is given in Algorithm 2. If the refinement process performs I iterations, the time
complexity of PR-MMBS is O(I(Tyro + Tsro)), Where Tyro and Tsgo denote the time
complexities of MRO and SRO, respectively. The overall space complexity of PR-MMBS is
OV + IED).

Algorithm 2: Partition refinement for minimizing master and balancing slaves,
PR-MMBS.

Input: G; = (V,E,w;, w; ), MSP;,,;;; / /Gy denote the load graph,
MSP;,.; = {G',G;, G, ..., G;_,} is the initial partition
Output: MSP,,, = {G'y',G'],G', ..., G'k_1};/ /MSP,,; denotes the target partition
i Qpest = Q(MSPyyy), signTrue, MSP,,; <~MSP,;
2:  while sign
3 sign<—False;
4 MSP'«~MRO(G,, MSP,,;); / /master reduce
5: if Q(MSP") < Qpest
6.
7
8

signTrue;
Qbest(_Q(Mspl);
: MSsP
9: end if
10: MSP' <SRO(G;, MSP,,,;); //slaves rebalance
11: if Q(MSP") < Qpest

Dpt(_MSP,;

12: sign<True;

13: Qpest =Q(MSP');
14: MSPopt<—MSP';
15: end if

16: end while
17: return MSP

opt;
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Proposition 3. Repeatedly applying Master Reduce Operation (MRO ) and Slave Rebalance Oper-
ation (SRO) alternately from an initial partition decreases the partition quality metric Q at each
step and converges in a finite number of operations.

Proof of Proposition 3. Let MSP(G;, k) denote a master-slave partition of a load graph G;,
and let P be the set of all partitions. Since the number of vertices in G; is finite, the size of P
is also finite. Each application of MRO or SRO strictly decreases the partition quality metric
Q. Therefore, Q forms a strictly decreasing sequence with a finite number of elements and
must terminate after a finite number of operations. []J

4.4.2. Master Load Minimization Strategy

To minimize the master block, we propose the Master Reduce Operation (MRO). This
strategy reduces the master load by migrating vertices from the master block to slave
blocks while preserving the topology constraints of the master—slave graph. A master
vertex that is connected to multiple slave blocks cannot be moved, as this could disrupt the
master—slave structure of the original partition. Therefore, only vertices connected to at
most one slave block are considered movable. Let a partition MSP = {Ggl, Gi, G5, ...,Gi_4 },
For a vertex v € V[, if there exists ani € {1,2,...,k — 1} such that N(v) C VJ* U V7,
then v is a candidate vertex for migration. A migration operation oy (v) is defined
as moving a candidate vertex from G to a slave block G}, resulting in a new parti-
tion MSP" = {G'y', G5, Gs, ..., G'}, ..., G;_, }, denoted as oy (v) : MSP — MSP', where Gy’
is obtained by removing v and related edges from GJ', and G'; is obtained by adding
v and related edges to Gi. For a vertex migration operation oy (v) : MSP — MSP', if
AQ(opr () = QIMSP) — Q(MSP') > 0, then the migration of vertex v is considered valid.
For all candidate vertices, the vertex corresponding to o* = argog}%ﬁ }AQ(O) is selected
in each iteration. If AQ(0*) > 0, we perform the migration of the vertex and update the
partition. Otherwise, the procedure stops, indicating that no further beneficial migration
is available in the master block and the current partition has reached a local optimum.
The pseudocode of this process is presented in Algorithm 3. With incremental updates of
the affected block loads and the partition quality metric, the time complexity of MRO is
O(|V|2+|ED in the worst case. The overall space complexity of MRO is O(|V| + |E|).

Algorithm 3: Master Reduce Operation, MRO.

Input: G, = (V,E,w;, wy), MSP,,,;;;/ /Gy, denotes the load graph,
MSP;,;; = {GS“, G5, G5, ..., G,ifl} is the initial partition
Output: MSP,,, = {G'y',G'],G', ..., G'k_1 };/ /MSP
Mspopt(_MSPinit;
Vcana<select_candidate_vertices(Gp, MSP,,;);
while |Vl
vearg max AQ(opr(0));

cand

G; «connected_slave(v, MSP,,,;);

Veana =V eana\{0};

if AQ(0pr(v)) > 0
MSP,,,<—update(MSP,,,, G;, v);

end if

10: end while

11: return MSP,,;

opt denotes the improved partition

opt
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Proposition 4. Let a partition be MSP(G, k) = {Gl', G5, Gs, ..., G;_, }. Under the constraints

of Equations (2) and (3), the computational cost of the master block G'y' obtained by applying

the MRO strategy satisfies: max{meigCA(v), Y v Ca) — (k—1)(1+ S)EA} < Ca(GY) <
%

Y ey Ca() = (k = 1)minC4(G;).

veV

Proof of Proposition 4. Givenaload graph G; = (V,E, w;, w; ) and a partition MSP (G, k) =
{Gr,G5,Gs, ..., G;_,}, applying the MRO strategy produces a new partition MSP" =
(G4, GG, ...,G5,...,G;_, }. The master block in MSP’ contains at least one vertex; hence,
Ca(GY) = minCy(0). Let the total computational cost of all vertices in the graph be
Crotal = 2yey Ca(v). Under the load-balance constraint of Equation (2), each slave
block has cost at most (1 + ¢€)C,, so that Zi.:ll Ca(G:) < (k=1)(1+¢)Cy. It follows
that C,(G'y') > max{rvréi‘r}CA(v), Yoey Ca®) = (k=1)(1 + S)EA}. If the master minimiza-
tion constraint is not enforced, let minC,(G;) denote the minimum load among k — 1
slave blocks. In the extreme case of maximizing the master block, all vertices except
those belonging to the k — 1 smallest slave blocks can be assigned to the master, yield-

ing (G'¢') < Yoy Ca@) — (k= 1)minC4(G;). O

4.4.3. Slave Load Balancing Strategy

To further improve the load balance among slave blocks, we propose the Slave Rebal-
ance Operation (SRO) strategy. The strategy selects a set of vertices as a cut to split the
heaviest-loaded slave block into two sub-blocks, after which the smaller one is reassigned
to the lightest-loaded slave block. This process iteratively improves load distribution across
slave blocks.

Specifically, consider a load graph G; = (V,E, w;, w; ) and a partition MSP(G;, k) =
{Gr, G5, G, ..., G;_, }. In conventional approaches, directly migrating vertices between slave
blocks often introduces new cut edges between slaves and may violate topology constraints
of the master-slave graph. To address this issue, we propose a new migration strategy. With-
out loss of generality, let the slave block G} = (V7, E7) be the one with the minimum load and
the slave block G]S. = (V]?, E]S) be the one with the maximum load, where 1 <i <j<k-—1.
The slave block G; is first processed using the Goldberg-Rao algorithm [37] to identify
a minimal set of cut vertices V. C V7. Removing V. partitions G; into two disconnected
subgraphs, G; and G;, with G} being the smaller one. The smaller subgraph G; is then
reassigned to the slave block G, yielding an updated slave block G'j, while V, and its
associated edges are migrated to the master block G, resulting in G';y'. The new partition is
thus givenby SP' = {G'{', G5, ..., G}, ..., Gy, G, Gy .
slave structure. This operation is denoted as og R(st‘l) : MSP — MSP'. To ensure that this

,Giq }, which still forms a master—

migration improves the overall partition quality, we evaluate it using the metric Q. The mi-
gration is valid if AQ(OS R (Gjl )) = Q(MSP) — Q(MSP"). The pseudocode of this procedure
is provided in Algorithm 4. The time complexity of SRO is O(k + ng + mg + Tgr(ng, mg)),
where ng and mg denote the numbers of vertices and edges in the processed slave block,
and T denotes the time complexity of the Goldberg—Rao procedure. The overall space
complexity of SRO is O(|V| + |E]).

Proposition 5. Consider a master—slave partitioning MSP (G, k) = {G',G;, G5, ..., G,_,} of
graph Gy ; let C be the average load of the k blocks. Suppose that a slave block G; contains a sub-
graph H C Gj such that Co(H) = C5+0 for some 6 > 0, and H cannot be migrated out during the
optimization process. Then, the standard deviation of the slave block loads satisfies o, > 6/ (k — 2)"/.
Proof of Proposition 5. Consider the partition MSP (G, k) = {GJ',G5,G5, ..., Gi_,}; let
the loads of the slave blocks be Iy, 1, ...,[;_;, and the average load is C,. Without loss of
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generality, assume that [; = C A(Gj“?) > Cy4(H). Since the total load of all slave blocks
satisfies Zi.:ll I; = (k — 1)C,, it follows that the sum of the remaining k — 2 slave blocks is
Zi:zl l;=(k—1)Cy—1; = (k —2)C, — 6. To minimize the variance, these k — 2 slave blocks
should be equal, soletl, = I3 = --- = ,_; = C4 — /(k — 2). Then, the variance of the slave
block loads is 02 = Zi:ll (li - 6A)2/(k —1) = 8/(k —2)""*. Hence, the standard deviation
of the slave block loads satisfies o, > 6/(k — 2)1/ 20O

Algorithm 4: Slave Rebalance Operation, SRO.
Input: G; = (V,E,wy, wy ), MSP;,,;;;/ /Gy, denotes the load graph,
MSP;,.; = {Gl',G;, G, ..., G;_, } is the initial partition

Output: MSP,,, = {G'¢',G'},G'5, ..., G'k_1};/ /MSP

opt denotes the improved partition

1: MSPopt(_MSPinitr Qbest(_Q(MSPinit);

20 Syins Saxselect_slaves(MSP,,;);

3: ifis_connected(S,,,,)

4: G ins Gaxr Ve—Goldberg_Rao(S,,,.);

5: Smin‘_smin U Gminl Smax‘_smux\cmin;

6: G'y' —update_master(GJ',V.);

7: MSP' —update(MSP,,t, Syins Saxs G'' )
8: if Q(MSPI) < Qbest

9: MSPopt<—MSP';

10: end if

11: else

12: G,in—select_min_component(S,,,.);

13: Smin(_smin U Gmin/ Smax(_smux\cmin;

14: MSP' —update(MSP,;, S,ins Spax);

15: if Q(MSP") < Qpest

16: MSPOPp—MSP';

17 else

18: G 1ins G ypaxs V' c—Goldberg_Rao(G,,;,);
19: Smin(_smin U Glmin/ Smux(_smax\Glmin;
20: G’y «<update_master(GJ',V',);

21: MSP' —update(MSP,, Syins Smaxs G'0 );
22: if Q(MSP") < Qpest

23: MSP,,;<~MSP’;

24: end if

25: end if

26: end if

27: return MSP,,;

5. Experimental Evaluation

To evaluate the effectiveness of the proposed master—slave graph partitioning method
(MSGP), we conducted four types of experiments from different perspectives: (1) perfor-
mance evaluation across diverse graph datasets; (2) comparative analysis against repre-
sentative traditional methods, focusing on partition quality, master block load control, and
slave load balance; (3) ablation studies assessing the contributions of individual modules
and parameter settings; (4) stability analysis evaluating the robustness of our proposed
partitioning method. All experiments were performed on graph datasets that satisfied the
proposed necessary conditions.

5.1. Experimental Setup

All algorithms were implemented in Python 3.12 using NetworkX 3.5. The experiments
were conducted using four servers configured in a master—slave architecture. Each server

https://doi.org/10.3390/app162110457


https://doi.org/10.3390/app162110457

Appl. Sci. 2026, 16, 10457

16 of 27

ran Ubuntu 24.04 and was equipped with a 64-bit Intel Xeon CPU (8 cores @ 1.9 GHz),
128 GB of memory, and a 2 TB SSD. In our experiments, multiple logical blocks are co-
located on each physical machine, and inter-block communication within the same machine
is mediated through local shared-memory buffers rather than the network. The execution
time measurements therefore primarily reflect computation cost and local synchronization
overhead rather than network communication effects. Network latency, bandwidth con-
tention, and cross-machine communication delays are not explicitly modeled in the current
experimental environment.

The graph datasets used in the experiments were downloaded from SNAP and the
Network Repository, including fb-pages-government, ca-HepTh, fb-pages-company, soc-
gemsec-RO, loc-Gowalla, and com-DBLP, as summarized in Table 2. These datasets cover a
wide range of scales and topological types. PageRank, Louvain, BFS, Kruskal, GAT, and
SSSP were selected as downstream application algorithms for constructing the load graphs.
The evaluation metrics include the normalized standard deviation of slave loads, the cut-
edge ratio, the load ratio of the master block, and the proposed partition quality metric Q
(anon-normalized composite metric that jointly quantifies master block overhead and slave
load balance).

Table 2. Experimental dataset.

. Clustering

Name V] |E| Diameter Coefficient
fb-pages-government 7057 89,455 10 0.4109
ca-HepTh 9877 25,998 17 0.4714
fb-pages-company 14,115 52,311 15 0.2392
soc-gemsec-RO 41,773 125,826 13 0.0912
loc-Gowalla 196,591 950,327 14 0.2367
com-DBLP 317,080 1,049,866 21 0.6324

The proposed master—slave graph partitioning method, MSGP, integrates IP-MST and
PR-MMBS. To evaluate its performance, we conducted comparative experiments with four
representative algorithms: Metis [4], FLS [34], LocalFlow [37], and CNC [38]. These
baselines were selected to represent the major categories of existing graph partitioning
approaches: Metis is a widely used multilevel partitioner serving as the de facto standard
baseline; FLS represents fast local-search-based methods; LocalFlow represents flow-based
approaches; and CNC represents connectivity-optimized partitioning.

For reproducibility, the main parameter settings used in the experiments are specified
here. For MSGP, T = 0.6, 8 = 04, v = 0.3, # = 0.3, while s,,,;, = 15%x|V|. These settings
were fixed across the experiments unless otherwise specified. For each comparative experi-
ment, the same target number of blocks k was used for MSGP and all baseline methods.
Metis was run with its default parameter configuration. For LocalFlow, the seed vertex was
selected as the highest-degree vertex in the corresponding subgraph. For FLS, the “remove”
and “add” actions were randomly selected with probabilities of 0.8 and 0.2, respectively. For
CNC, the random seed was fixed at 42. No dataset-specific parameter tuning was performed
for the baseline methods.
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5.2. Experiments Analysis

Experiment 1. Comprehensive Evaluation of the Proposed MSGP.

To comprehensively evaluate the proposed graph partitioning method MSGP, we de-
sign experiments from multiple perspectives. The evaluation metrics include: (1) balance
of slave partitions, measured by the normalized standard deviation (NSD) and the max-
imum deviation ratio (DEV); (2) cut-edge ratio (R,), which reflects the communication
cost between the master block and the slave blocks; (3) load proportion of the master block
(R,,); and (4) proposed partition quality metric Q. For each dataset, MSGP is executed
with varying numbers of blocks, k = 8, 16, 24, ..., 64. Since the master-slave structure
requires one master block and at least three slave blocks to demonstrate meaningful parallel
execution, k = 8 is chosen as the minimum partition count. Smaller values of k (e.g., k =2
or 3) would leave too few slave blocks to observe the benefits of parallel processing. All cor-
responding metrics are recorded. As illustrated in Figure 4 and Table 3, the partition quality
is jointly influenced by both the underlying graph topology and the characteristics of the
application algorithms. In particular, iterative algorithms such as PageRank and Louvain
exhibit more stable and higher-quality partitions under MSGP. This can be attributed to
their relatively regular communication patterns and iterative computation structures, which
are well aligned with the master—slave topology. Furthermore, as the number of blocks
increases, the partition quality initially improves due to finer-grained load distribution, and
then gradually stabilizes. As shown in Table 3, increasing k leads to a moderate rise in the
master load ratio R, and a slight increase in the number of cut edges between the master
and slave blocks. Meanwhile, the balance among slave partitions exhibits only minor fluctu-
ations, resulting in a slight degradation in the overall partition quality. These observations
indicate that MSGP achieves a structurally adaptive trade-off between computation and
communication, rather than optimizing either objective in isolation.

Experiment 2. Comparison with Traditional Partitioning Methods.

(a) Performance Comparison with Traditional Methods

The proposed MSGP method was compared against four graph partitioning methods:
Metis, FLS, LocalFlow, and CNC. The comparison uses two categories of metrics. The first
category consists of approach-independent metrics: load proportion of the master block
(R,,), the communication cost ratio (R.), normalized standard deviation of slave loads
(NSD), and maximum deviation ratio (DEV'), which can be computed for any partitioning
result regardless of its structural assumptions. The second category is the master—slave-
specific quality metric Q, which directly evaluates how well a partition conforms to the
star-shaped topology proposed in this work. For each dataset, the partition quality Q was
recorded for block counts k= 8, 16, 24, ..., 64. A detailed comparison of other metrics
was then conducted on the fb-pages-government dataset at k= 32. As summarized in
Figure 5 and Table 4, on the approach-independent metrics, MSGP achieves the lowest
NSD and DEV across all datasets, indicating substantially better slave load balance than the
baselines. On the master—slave-specific metric Q, MSGP consistently achieves the lowest
values, reflecting the high quality of the constructed star-shaped structure. These results
indicate its superior overall quality, achieved by effectively balancing the master load against
slave load uniformity. Furthermore, the DEV results reveal that while FLS, LocalFlow, and
CNC can produce a master-slave graph structure, they lead to severe imbalance among the
slave blocks.
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Table 3. R,,, R, NSD and DEV values under PageRank.
8 16 24 32 40 48 56 64
R,, 0.153 0.159 0.166 0.165 0.167 0.168 0.174 0.172
fb-pages- R, 0.274 0.275 0.276 0.276 0.277 0.277 0.280 0.279
government NSD 0.001 0.011 0.112 0.171 0.248 0.293 0.328 0.361
DEV 0.001 0.016 0.218 0.584 0.332 0.500 0.642 0.589
R,, 0.152 0.158 0.160 0.161 0.162 0.163 0.163 0.163
ca-HepTh R, 0.183 0.185 0.186 0.187 0.187 0.186 0.187 0.189
P NSD 0.079 0.115 0.001 0.133 0.153 0.013 0.048 0.134
DEV 0.089 0.153 0.003 0.182 0.301 0.020 0.068 0.206
R,, 0.141 0.148 0.151 0.151 0.153 0.153 0.153 0.153
fb-pages- R, 0.163 0.163 0.164 0.165 0.164 0.169 0.168 0.169
company NSD 0.202 0.064 0.174 0.128 0.189 0.222 0.264 0.187
DEV 0.491 0.082 0.300 0.200 0.417 0.477 0.705 0.354
soc- R,, 0.172 0.175 0.178 0.179 0.179 0.180 0.180 0.180
emsec- R, 0.194 0.194 0.195 0.195 0.197 0.196 0.198 0.199
?{O NSD 0.293 0.302 0.069 0.226 0.208 0.041 0.091 0.184
DEV 0.479 0.311 0.089 0.380 0.513 0.059 0.139 0.293
R,, 0.127 0.128 0.130 0.131 0.131 0.131 0.132 0.132
loc- R, 0.147 0.146 0.148 0.147 0.147 0.148 0.149 0.149
Gowalla NSD 0.182 0.101 0.204 0.028 0.131 0.213 0.118 0.059
DEV 0.326 0.143 0.417 0.042 0.191 0.396 0.209 0.094
R,, 0.114 0.123 0.127 0.128 0.127 0.129 0.128 0.128
com- R, 0.195 0.197 0.198 0.198 0.198 0.199 0.199 0.199
DBLP NSD 0.157 0.155 0.118 0.298 0.255 0.130 0.205 0.277
DEV 0.255 0.245 0.168 0.635 0.686 0.213 0.400 0.590
0.5
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Figure 4. Partition quality Q under different application algorithms.
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(b) Comparison of PageRank Execution Times across Partitioning Methods

To evaluate the impact of different partitioning strategies on computational efficiency,
we measured the execution time of the PageRank algorithm on the com-DBLP dataset under
varying block counts k= 8, 16, 24, ..., 64. Note that all experiments were conducted on the
same platform described in Section 5.1, where multi-node execution was simulated based on
this limited physical infrastructure. The proposed MSGP method was compared with four
representative approaches (Metis, FLS, LocalFlow, and CNC), as well as a non-partitioned
baseline (MO). For each partitioning result, PageRank was executed five times, and the
average execution time was recorded, as shown in Figure 6. The standard deviation across
repetitions was below 5% of the mean in all cases, indicating stable and statistically robust
timing measurements. The partitioning cost is a one-time preprocessing overhead. As
illustrated in Figure 6, all partitioning methods achieve significant speedups compared to
the non-partitioned baseline. MSGP consistently achieves the lowest execution time under
our co-located experimental setup. We note that these measurements reflect computation
and local synchronization costs. The ranking of methods by execution time in Figure 6
is consistent with their ranking by the partition quality metric Q in Table 3. Across all
block counts k, MSGP, which achieves the lowest Q values, consistently exhibits the shortest
execution time, while methods with higher Q (FLS, LocalFlow, CNC) correspondingly
require longer execution times. These results corroborate the empirical correlation between
Q and PageRank execution performance within our specific co-located experimental setup.

—e—MSGP CNC FLS —e—MSGP CNC FLS
08 LocalFlow —e— Metis 08 LocalFlow —e— Metis
0.6 0.6
> >
0.4
__—— et 04 | o S
02 | == = 02| . - . .
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Figure 5. Partition quality of the compared algorithms across different datasets.
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Table 4. R,,, R., NSD and DEV values of the compared algorithms.
R,, R, NSD DEV
MSGP 0.165 0.276 0.171 0.584
fb-paces- Metis - 0.088 0.612 2.724
Oferi - & ONC 0.130 0.219 0.849 31.848
& FLS 0.235 0.263 0.745 29.859
LocalFlow 0.295 0.314 0.543 21.483
MSGP 0.161 0.187 0.133 0.182
Metis - 0.157 0.527 2.163
ca-HepTh CNC 0.173 0.192 0.948 175.197
FLS 0.161 0.248 0.748 29.673
LocalFlow 0.090 0.171 0.548 21.876
MSGP 0.151 0.159 0.128 0.200
fb-pages- Metis - 0.131 0.486 1.270
COI’II)l %m CNC 0.127 0.190 0.830 29.929
pany FLS 0.109 0.155 0.811 25.919
LocalFlow 0.122 0.171 0.794 25.356
MSGP 0.179 0.199 0.226 0.680
SOC-TEmMSec- Metis - 0.145 0.339 0.512
RO & CNC 0.157 0.187 0.897 35.975
FLS 0.081 0.152 0.845 30.967
LocalFlow 0.150 0.191 0.762 29.942
MSGP 0.131 0.147 0.028 0.042
Metis - 0.143 0.723 7.738
loc-Gowalla CNC 0.135 0.168 0.708 28.699
FLS 0.093 0.141 0.587 25.638
LocalFlow 0.010 0.024 0.570 24.679
MSGP 0.128 0.198 0.298 0.635
Metis - 0.102 0.786 14.733
com-DBLP CNC 0.072 0.103 0.869 33.927
FLS 0.086 0.113 0.837 30.153
LocalFlow 0.061 0.098 0.765 29.973
60
mMSGP CNC FLS LocalFlow ®mMO0O m Metis
50
e 40
Z 30
=
20 .
10
0

8 16 24 32 40 48 56 64
Number of blocks

Figure 6. Comparison of algorithm execution time.
(c) Partitioning Time Analysis

To evaluate the preprocessing cost of MSGP, we measured the running time of IP-
MST and PR-MMBS separately on six datasets with k = 8, 16, 24, ..., 64. The resulting
partitions were then used for PageRank execution, and the corresponding execution times
were measured separately. The recorded execution times are presented in Table 5. The
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experimental results show that IP-MST incurs relatively stable costs across different values of
k, while PR-MMBS accounts for most of the partitioning time. The refinement cost generally
increases with k, although fluctuations occur for some datasets. In contrast, PageRank
execution time decreases consistently as k increases across all six datasets. These results
reveal a trade-off between partitioning cost and subsequent execution performance. Since
graph partitioning is a preprocessing step, its cost can be amortized when the resulting
partition is reused for multiple executions. For the com-DBLP dataset with k = 32, the full
MSGP preprocessing pipeline takes approximately 11,076 s, while each PageRank execution
saves about 50 s compared with the non-partitioned baseline. Thus, the preprocessing cost
can be amortized after approximately 220 PageRank executions.

Table 5. Running time of partitioning and PageRank execution under different k values.

8 16 24 32 40 48 56 64
thooaces.  I-MST (s) 3.47 3.82 3.69 3.15 3.08 2.54 2.36 291
Ovefr’nfn o PRMMBS (s) 13338  289.17 30613  317.29 327.34 33838 34724 356,51

& PageRank (s)  4.04 3.05 2.98 2.30 1.87 1.45 1.27 1.18

IP-MST (s) 2.13 1.94 1.88 2.21 1.94 2.07 1.89 1.92
ca-HepTh  PR-MMBS (s) 12247 13219 126.83  157.05 17162 18538 19871  213.94
PageRank (s)  3.47 242 2.35 1.83 1.49 1.20 1.05 0.97
tooaces.  IP-MST (s) 1.94 2.18 2.05 2.15 1.83 1.99 1.97 1.95
COIE fm PR-MMBS (s) 23761 25829  323.07 255.84 14453  257.18 290.76  444.92
PAY  pageRank (s) 297 2.10 2.03 1.60 1.34 1.13 1.02 0.94
socemsec.  IP-MST (s) 3.68 3.75 3.72 3.86 3.93 412 421 427
%{o PR-MMBS (s) 85342 905.17 998.68  1040.09 112273 122835  1087.91 1394.56
PageRank (s)  4.30 3.10 3.03 2.33 1.91 1.52 1.31 1.19
IP-MST (s) 12805 129.12 12818 12725 12832 127.38 12745 12852
loc-Gowalla PR-MMBS (s) 660837 671452 6689.14 682579  6902.46 6987.23  7051.88 7126.05
PageRank (s)  6.48 4.83 4.71 3.66 3.00 2.38 2.10 1.92
IP-MST (s) 1866.42 185729 184524 1861.31  1847.37 186342  1848.46 185853
com-DBLP PR-MMBS (s)  8972.61 9080.29 9047.83 9215.07 930458 941236  9358.94 9527.18
PageRank (s)  8.89 6.72 6.56 5.05 411 3.18 2.8 2.59

(d) Relationship between Q and Execution Performance

To further examine the relationship between the proposed Q metric and actual appli-
cation execution performance, we conducted a controlled experiment using four different
partitioning configurations on the fb-pages-government dataset. PageRank was executed
with 32 partitions under the same experimental configuration described in Section 5.1. The
four configurations correspond to the initial partition, optimization without slave-load
rebalancing, optimization without master-load reduction, and the complete MSGP method,
respectively. Since the dataset, application algorithm, and partition count were fixed, the
resulting partitions provide a controlled setting for comparing Q with execution time. The
corresponding Q values and execution times are reported in Table 6. The results show that
lower Q values are consistently associated with shorter execution times across the four
partitioning configurations, providing empirical evidence that the proposed Q metric is
correlated with PageRank execution performance under the tested conditions.
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Table 6. Q values and execution times under different partitioning configurations.
Partitioning Configuration Q Execution Time (s)
Al 0.521 7.52 + 0.06
A2 0.246 5.24 + 0.05
A3 0.480 7.12 £ 0.05
A4 0.227 5.05 + 0.04

Experiment 3. Ablation studies.
(a) Component Ablation of the Proposed Method.

To assess the contribution of each component in the proposed method, we designed four
experimental variants: A1l (No Optimization), which generates the initial partition using
only IP-MST; A2 (No Slave Rebalance), which disables the slave load balancing strategy
during the optimization phase; A3 (No Master Reduce), which performs the optimization
phase without reducing the master load; and A4 (Full Method), which executes the complete
MSGP algorithm. All variants were evaluated on the fb-pages-government dataset using
PageRank with k = 32. The results for metrics R,,,, R.,, NSD, DEV, and Q are summarized
in Table 7. The results show that Al yields the poorest partition quality. A2 significantly
improves the balance among slave blocks, while A3 reduces the master load but leaves slave
blocks unbalanced. The full method, A4, produces a slightly larger master block than A3
and slightly less balanced slave blocks than A2, yet achieves the highest overall partition
quality, demonstrating the complementary effect of the optimization components.

Table 7. Ablation study results of the proposed MSGP method.

R,, R, NSD DEV Q
Al 0.250 0.264 0.479 4.707 0.521
A2 0.256 0.268 0.101 0.285 0.246
A3 0.155 0.395 0.494 4.879 0.480
A4 0.165 0.379 0.171 0.584 0.227

(b) Parameter Sensitivity Analysis of T

We further conducted a sensitivity analysis to evaluate the impact of the tuning factor
T on partitioning performance. This parameter balances the trade-off between master load
minimization and slave load balancing in the quality metric Q. The analysis was performed
on multiple graph datasets with 7 set to 0.2, 0.4, 0.6, 0.8, and 1.0. For each setting, we
recorded the NSD of slave block loads and the partition quality Q, as summarized in Table 8.
The results indicate that 7 = 0.6 achieves the best partition quality. Although NSD is not
optimal at this setting, it confirms that 7= 0.6 effectively balances both objectives. In contrast,
extreme values of T overemphasize one objective, degrading overall partition quality.

(c) Parameter Sensitivity Analysis of 8, 7, and

We also conducted a sensitivity analysis to evaluate the impact of the weighting factors
B, v, and # on partitioning performance. Six combinations of these parameters, denoted as
5:p=02,v=06andy=02;5,: =03,y =05,and y =0.2;S3: =04, vy = 0.4, and
71=02,5:p=059=02andy=03;S5: B =04,y =0.3,and y = 0.3;and S4: f = 0.3,
7 = 0.3, and 7 = 0.4, were evaluated, with S5 corresponding to the default setting used in
our experiments. The results are shown in Table 9. The values of metric Q are 0.233, 0.228,
0.225, 0.231, 0.227, and 0.236, respectively. These results demonstrate that the metric Q
remains relatively stable across different parameter combinations, with the values ranging
from 0.225 to 0.236. Although S5 does not achieve the lowest Q, its result is comparable to
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those obtained under the other settings, indicating that MSGP is relatively robust to changes
in the weighting factors.

Table 8. The partition quality under different T values.

T=0.2 T=04 T=0.6 T=0.8 T=1.0
NSD Q NSD Q NSD Q NSD Q NSD Q

fb-pages-government
ca-HepTh
fb-pages-company
soc-gemsec-RO
loc-Gowalla
com-DBLP

0345 0364 0196 0276 0.182 0.227 0.181 0232 0200  0.260
0210 0258 0.170 0204 0.140 0.161 0139 0194 0172  0.206
0.140 0.165 0.130 0.145 0.122 0.143 0123 0.147 0.138 0.156
0307 0335 0162 0.221 0.154 0189 0.157 0215 0274  0.327
0.167 0197 0232 0240 0.198 0222 0202 0242 0239 0.250
0235 0.221 033 0203 0150 0.184 0.135 0.187 0.169  0.196

Table 9. The partition quality under different §, 7y, and #.

B L4 1 Q
54 0.2 0.6 0.2 0.233
S, 0.3 0.5 0.2 0.228
S, 0.4 0.4 0.2 0.225
Sy 0.5 0.2 0.3 0.231
S5 (default) 0.4 0.3 0.3 0.227
S 0.3 0.3 0.4 0.236

Experiment 4. Stability Analysis.

To evaluate the robustness of MSGP, we conducted stability experiments under three
types of graph perturbations: (a) vertex removal, where 1%, 2%, 3%, ..., 10% of vertices are
randomly selected and removed, and the induced subgraph of the remaining vertices is
used as the perturbed graph; (b) edge removal, where 1%, 2%, 3%, ..., 10% of edges are
randomly selected and removed; and (c) weight perturbation, where the weights of vertices
and edges are randomly perturbed by +1%, £2%, ..., £10%. The resulting perturbed graphs
were saved and subsequently used as fixed input graphs for the partitioning experiments.
All experiments were performed on all datasets with a fixed block count k = 32. For
each perturbation setting, MSGP was reapplied to the corresponding perturbed graph,
and the partition quality metric Q was computed. The results are illustrated in Figure 7.
As the perturbation ratio increases, the value of Q remains generally stable across all
three types of perturbations, indicating that the partition quality of MSGP is relatively
insensitive to the tested graph perturbations. Compared with edge removal and weight
perturbation, vertex removal introduces relatively larger fluctuations in partition quality.
This is because removing a vertex simultaneously eliminates all its incident edges, resulting
in more substantial changes to the graph topology and connectivity. In contrast, edge
removal only directly affects the corresponding local connectivity, while weight perturbation
preserves the graph structure, leading to comparatively milder changes in partition quality.
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Figure 7. Stability under graph perturbations.

6. Conclusions

Unlike traditional graph partitioning approaches that treat all blocks uniformly, we
propose a master—slave graph partitioning paradigm to improve the efficiency of parallel
and distributed graph processing through structured inter-block communication. The
key idea is to align the partitioning result with the master—slave computing model, in
which a single master block is responsible for coordinating inter-block dependencies, while
multiple slave blocks remain mutually independent and can be processed concurrently.
By organizing inter-block communication into a structured, master-centric pattern, the
proposed approach simplifies communication topology and reduces coordination overhead.
To realize this paradigm, a two-stage partitioning framework is developed. In the initial
stage, inspired by the k-VCP technique, a scoring function is designed to estimate the priority
of each vertex for inclusion in the master block, thereby guiding the construction of an initial
partition that conforms to the master—slave structure. In the refinement stage, the partition
is further optimized through a master minimization strategy and a slave balancing strategy,
which together reduce the master load while maintaining balanced workloads across slave
blocks. Experimental results on six real-world datasets demonstrate that MSGP consistently
achieves the best overall partition quality metric Q, with the normalized standard deviation
of slave loads (NSD) ranging from 0.03 to 0.30 and the maximum deviation ratio (DEV)
below 0.68, substantially outperforming Metis, FLS, LocalFlow, and CNC, which generally
exhibit substantially higher NSD and DEV values. The ablation study shows that the two-
stage refinement reduces Q from 0.521 (initial partition) to 0.227 (fully optimized), a 56%
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improvement, confirming the complementary contribution of master reduction and slave
rebalancing. On the com-DBLP dataset, MSGP consistently achieves the lowest PageRank
execution time among all compared partitioning methods, which aligns with its optimal Q
metric performance under our experimental settings.

Despite these advantages, the proposed approach has several limitations. First, the
effectiveness of the master—slave structure relies on the existence of a relatively sparse inter-
block connectivity pattern. For graphs where the feasibility conditions are not satisfied,
such as dense and highly interconnected graphs with broadly distributed dependencies,
no valid master—slave partition exists by definition, and the initial partition step cannot
construct a star-shaped topology. Extending the method to such graphs would require a
fundamentally different partitioning objective beyond the current problem formulation.
Second, the current work focuses on the partitioning stage prior to execution and is designed
to produce partitions compatible with the master—slave programming model, rather than
optimizing the runtime execution process itself. Third, the proposed method is primarily
tailored to static graphs and specific classes of algorithms, and its applicability to dynamic
graphs or evolving workloads remains an open problem. Fourth, the experiments are
conducted in an environment where multiple logical blocks are co-located on physical
machines, with intra-machine communication mediated through shared-memory buffers.
Consequently, network latency, bandwidth contention, and cross-machine communication
delays are not explicitly captured. Future work should evaluate MSGP in a truly distributed
environment to assess its performance under realistic network communication conditions. In
addition, the interaction between partitioning strategies and underlying system architectures
has not been fully explored. Future work will focus on dynamic graphs, evolving workloads,
realistic distributed environments, and system-aware partitioning.
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