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In distributed property graph systems, complex pattern queries are typically decomposed into subqueries that
can be independently executed within individual partitions. However, the integration of their results requires
inter-partition joins, which incur significant communication overhead. Moreover, the order of inter-partition
joins plays a pivotal role in determining the size of intermediate results, which subsequently affects the
overall efficiency of distributed query processing. To address these challenges, we propose R2O (Rewriting
to Ordering), a dual-layer framework that jointly optimizes both inter-partition joins and join order for
distributed pattern queries. We first introduce a partition-aware query rewriting strategy, which restructures
and merges subqueries at partition boundaries to reduce intermediate results during inter-partition joins.
Building on this strategy, R2O employs graph neural networks and reinforcement learning to construct a local
rewriting model and a global ordering model. This unified end-to-end model effectively reduces intermediate
results during inter-partition joins and identifies effective join orders, enabling efficient distributed query
plan optimization. Experimental results on billion-scale property graphs indicate that R2O is compatible with
different partitioning methods and yields 1–2 orders of magnitude speedup (up to 3 orders in some queries)
over state-of-the-art query optimization techniques.
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algorithms.
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1 Introduction
Property graphs arewidely used in real-world applications such as social networks, recommendation
systems, bioinformatics, and transportation [34]. In a property graph, each node and edge is
associated with labels and properties, supporting both structural and semantic relationships within
complex networks. With the continuous growth of data scale, efficient management in distributed
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environments has become increasingly critical, leading to the division of large property graphs
into multiple partitions distributed across different sites [11].
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Fig. 1. An Example of Distributed Property Graph.

Example 1. (Distributed Property Graph) Figure 1 illustrates an example of a distributed property
graph𝐺 representing a social network. In this graph, nodes {𝑛1, . . . , 𝑛4} are labeled as “Person” and are
interconnected by directed edges labeled as “knows”, which indicates that one person knows another.
The nodes {𝑛5, . . . , 𝑛12} are labeled as “Comment” and are connected by directed edges labeled as
“replyOf”, representing that one comment replies to another. Additionally, a “Comment” node is linked
to a “Person” node via the “hasCreator” edge, signifying that the comment’s creator is that person.
Similarly, a “Person” node is connected to a “Comment” node through the “likes” edge, indicating that
the person likes the comment.

This social network graph is divided into two partitions 𝐹1 and 𝐹2, where edges {𝑒8, 𝑒9, 𝑒10, 𝑒11} are
referred to as inter-partition edges. For illustration we depict a node-disjoint partitioning.

Graph pattern queries are essential for extracting information from property graphs [7, 13]
and form the foundation of most query languages, including Cypher [10], GQL [28], and Grem-
lin [33]. Such queries identify structural patterns and apply property constraints, enabling complex
relationship analysis.
In distributed property graph systems, large graphs are typically partitioned into multiple par-

titions. To ensure completeness, boundary elements are replicated in all relevant partitions—i.e.,
inter-partition edges (together with the labels of their remote endpoints) under node-disjoint parti-
tioning, and inter-partition nodes (labels only) under edge-disjoint partitioning [32]. Consequently,
pattern queries are decomposed into subqueries that can be executed independently on each parti-
tion [20, 45]. The decomposition is defined by the chosen partitioning scheme and handled by the
underlying system. An optimizer then generates an execution plan [23] that specifies how these
subqueries are allocated and joined across partitions. Each site executes its allocated subqueries,
and the intermediate results are then joined or aggregated to form the final results. Throughout
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the paper, examples are used for exposition and do not assume any edge directions or partitioning
strategy1.

Example 2. (Graph Pattern Query 𝑸1) Figure 2 illustrates a graph pattern query 𝑄1, which
matches a Person” node 𝑝1 and a Comment” node 𝑐1 connected by a “hasCreator” edge. The query
specifies that 𝑝1 must have gender = female and 𝑐1 must satisfy creationDate < 2019-01-01.
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Fig. 2. An Example of Graph PatternQuery 𝑄1.

When 𝑄1 is executed on the distributed property graph 𝐺 , it cannot be processed entirely within
a single partition and is typically decomposed into two subqueries (according to the partitioning
method), each of which can be executed independently on each partition (in this example, the minimal
unit is a star with a local center retaining properties). Concretely, 𝑞1: (𝑝1:Person)<-[ℎ1:hasCreator]-
(:Comment) and 𝑞2: (:Person)<-[ℎ1:hasCreator]-(𝑐1:Comment). Accordingly, 𝑞1 produces five matches
in total across 𝐹1 and 𝐹2: (𝑛2)<-[𝑒5]-(𝑛7), (𝑛2)<-[𝑒7]-(𝑛8), (𝑛2)<-[𝑒10]-(𝑛10), (𝑛4)<-[𝑒14]-(𝑛9), and
(𝑛4)<-[𝑒17]-(𝑛11). Similarly, 𝑞2 yields five matches: (𝑛2)<-[𝑒7]-(𝑛8), (𝑛2)<-[𝑒10]-(𝑛10), (𝑛4)<-[𝑒14]-
(𝑛9), (𝑛4)<-[𝑒16]-(𝑛12), and (𝑛4)<-[𝑒17]-(𝑛11). After aggregation and joining of these intermediate
results, only four final results are generated: (𝑛2)<-[𝑒7]-(𝑛8), (𝑛2)<-[𝑒10]-(𝑛10), (𝑛4)<-[𝑒14]-(𝑛9), and
(𝑛4)<-[𝑒17]-(𝑛11).

1.1 Motivation
However, distributed query process often generates a large number of intermediate results, of
which only a small fraction contribute to the final results [40]. Furthermore, aggregation and join
operations introduce substantial communication overhead across partitions. Therefore, effective
query planning is crucial to minimize redundant intermediate results and reduce communication
costs, thereby improving the performance of distributed graph pattern queries [9, 43].

This inefficiency stemming from excessive intermediate results primarily arises from two factors:
(1) some intermediate results do not contribute to the final result and can be eliminated within
their local partitions; (2) some final results are entirely contained within a single partition and do
not require inter-partition joins, making such communication unnecessary.
To illustrate this in more detail, consider the query process presented in Example 2. First, two

intermediate results (𝑛2)<-[𝑒5]-(𝑛7) and (𝑛4)<-[𝑒16]-(𝑛12) do not contribute to the final output
and could be joined and eliminated within their respective partitions. Due to the limitations of
the current query decomposition strategy, these results are nevertheless communicated across
partitions, leading to unnecessary communication overhead. Second, some final results, such as
(𝑛2)<-[𝑒7]-(𝑛8), (𝑛4)<-[𝑒14]-(𝑛9), and (𝑛4)<-[𝑒17]-(𝑛11), do not involve inter-partition joins. Despite
this, they must still be communicated across partitions for aggregation and joining, resulting in
redundant communication costs.
On the other hand, to show the importance of effective query planning in reducing redundant

intermediate results and reducing communication costs, consider another example query 𝑄2.
1Notation (Cypher-style [10]): nodes (𝑥 : Label) (named) and (: Label) (anonymous); edges as -[𝑒 : Label]-> or <-[𝑒 : Label]-
with the arrow indicating direction.
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Example 3. (Graph Pattern Query 𝑸2) Figure 3 extends 𝑄1 to 𝑄2 by adding another “Person”
node (𝑝2), which is connected to 𝑐1 via an edge (𝑙1) labeled as “likes”. This indicates that 𝑝2 likes the
comment created by 𝑝1.
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Fig. 3. An Example of Graph PatternQuery 𝑄2.

When𝑄2 is executed on graph𝐺 , its answer can be obtained by joining and aggregating the outputs
of the logical subqueries 𝑞3: (:Comment)<-[𝑙1:likes]-(𝑝2:Person) and 𝑞4: (𝑝1:Person)<-[ℎ1:hasCreator]-
(𝑐1:Comment)<-[𝑙1:likes]-(:Person). Concretely, evaluating 𝑞3 on 𝐺 yields five matches: (𝑛5)<-[𝑒3]-
(𝑛1), (𝑛9)<-[𝑒8]-(𝑛1), (𝑛10)<-[𝑒9]-(𝑛1), (𝑛8)<-[𝑒11]-(𝑛3), and (𝑛10)<-[𝑒13]-(𝑛3). Evaluating 𝑞4 on
𝐺 yields four matches: (𝑛2)<-[𝑒7]-(𝑛8)<-[𝑒11]-(𝑛3), (𝑛2)<-[𝑒10]-(𝑛10)<-[𝑒9]-(𝑛1), (𝑛4)<-[𝑒14]-(𝑛9)<-
[𝑒8]-(𝑛1), and (𝑛2)<-[𝑒10]-(𝑛10)<-[𝑒13]-(𝑛3). At runtime, 𝑞3 and 𝑞4 may be further decomposed into
subqueries that can be executed on each partition (see section 2.2), and only their outputs participate
in the global joins/aggregations. After aggregation and joining, the final results of 𝑄2 are: (𝑛2)<-[𝑒7]-
(𝑛8)<-[𝑒11]-(𝑛3), (𝑛2)<-[𝑒10]-(𝑛10)<-[𝑒9]-(𝑛1), (𝑛4)<-[𝑒14]-(𝑛9)<-[𝑒8]-(𝑛1), and (𝑛2)<-[𝑒10]-(𝑛10)<-
[𝑒13]-(𝑛3).

The order in which subqueries are executed has a significant impact on the generation of
unnecessary intermediate results. For example, in existing join strategies such as the semi-join,
executing𝑞3 before𝑞4 produces an unnecessary intermediate result (𝑛5)<-[𝑒3]-(𝑛1), while executing
𝑞4 first avoids this extra computation. Therefore, the choice of execution order directly affects both
the amount of intermediate data generated and the overall communication overhead in distributed
query processing.

1.2 Our solution
To address the above challenges, we propose R2O (Rewriting to Ordering), a novel dual-layer
learning framework for distributed property graph pattern queries. R2O consists of two key
components: a local rewriting model and a global ordering model.
First, R2O introduces a partition-aware query rewriting strategy. By leveraging inter-partition

edge information, this approach restructures each pair of neighboring, independently executable
subqueries into two components: Boundary Subqueries, which focus on inter-partition edges
and extended nodes, and Local-Join Subqueries, which involve only internal nodes and edges
within a single partition. For instance, in Example 2, intermediate results that do not contribute to
the final output can be joined and eliminated locally within their respective partitions, without
being transmitted across the network. The local rewriting model, based on graph neural networks
(GNNs) and reinforcement learning, iteratively selects and rewrites high-quality pairs of candidate
subqueries. A negative reward discourages unnecessary rewriting, encourages termination when
further rewriting is unlikely to yield benefits.
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Second, to further optimize distributed query execution, R2O employs a global ordering model
that determines the optimal join sequence of the rewritten subqueries, asmotivated by the challenges
in Example 3. This model leverages GNN-based feature representations and reinforcement learning
to select the best execution order, minimizing unnecessary computation and further reducing
intermediate results. The local rewriting and global ordering models are trained jointly in an
end-to-end fashion: in each iteration, candidate subqueries are first rewritten by the local model,
and then the rewritten subqueries are globally ordered. The overall query execution time is used as
the global reward to guide learning.

Therefore, the contributions of this paper are as follows:
• This paper proposes a novel partition-boundary–aware query rewriting strategy that leverages
inter-partition edge information and internal/extended (I/E) annotations to explicitly identify
locally executable regions and factor a pattern query into boundary subqueries and local-join
subqueries, significantly reducing intermediate results and communication overhead.
• This paper designs a graph neural network (GNN) model that incorporates property graph
features, including node/edge labels and property information, augmented with partition-aware
statistics (e.g., label frequencies, degree/selectivity, property constancy, replica densities, and
inter-partition edge ratios) for accurate representation learning in distributed environments.
• This paper integrates reinforcement learning to jointly train the rewriting and ordering models,
forming the R2O dual-layer learning framework that supports end-to-end optimization of
distributed query plans. The MDP action space includes both rewriting and global ordering,
and the reward directly targets intermediate sizes and inter-partition communication.
• Extensive experiments on large-scale property graphs demonstrate that R2O significantly
reduces query execution time and communication overhead, achieving strong scalability and
efficiency across different partitioning strategies. Our code has been released on GitHub2.

2 Background
In this section, we introduce the preliminary concepts, notations, and definitions used throughout
the paper.

2.1 Preliminaries
In this paper, we adopt a widely accepted definition of property graphs, which is commonly used in
property graph systems such as JanusGraph [14]. According to this definition, each node or edge
can have an arbitrary number of property/value pairs. In addition to properties, each node or edge
is assigned a label, and the set of all label types in a property graph is represented by L.

Definition 1. (Property Graph) A property graph is a directed labeled multigraph denoted as a
tuple 𝐺 = ⟨𝑁𝐺 , 𝐸𝐺 , 𝜏, 𝜋, 𝜆⟩ where:
• 𝑁𝐺 is a finite set, referred to the nodes of 𝐺 ;
• 𝐸𝐺 is a finite set, referred to the edges of 𝐺 ;
• 𝜏 : 𝐸𝐺 → 𝑁𝐺 × 𝑁𝐺 is a function that maps each edge 𝑒 ∈ 𝐸𝐺 to an ordered pair of nodes (𝑛𝑠 , 𝑛𝑡 ),
where 𝑛𝑠 is the source node and 𝑛𝑡 is the target node of 𝑟 ;
• 𝜋 : 𝑁𝐺 ∪ 𝐸𝐺 × P → V is a function that maps each property of nodes and edges to a value. P and
V are countable sets where 𝑝 ∈ P represents a property and 𝑣 ∈ V represents the content of a
property;
• 𝜆: 𝑁𝐺 ∪ 𝐸𝐺 → L is a function that maps each node or edge to a label. □

In a pattern query, the user defines a query graph that specifies the required labels for the nodes
and edges, along with their structure and property/value pairs.
2https://github.com/sh1min22/R2O.
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Definition 2. (Graph Pattern Query) A graph pattern query over a property graph 𝐺 =

⟨𝑁𝐺 , 𝐸𝐺 , 𝜏, 𝜋, 𝜆⟩ is a labeled multigraph denoted as 𝑄 =
〈
𝑁𝑄 , 𝐸𝑄 , 𝜏𝑄 , 𝜋𝑄 , 𝜆𝑄

〉
. Which aims to identify

subgraphs in the property graph 𝐺 that match the query graph 𝑄 , where:
• 𝑁𝑄 is a finite set of nodes, as defined for property graph 𝐺 ;
• 𝐸𝑄 is a finite set of edges, as defined for property graph 𝐺 ;
• 𝜏𝑄 : 𝐸𝑄 → 𝑁𝑄 × 𝑁𝑄 is a function that maps each edge 𝑒 ∈ 𝐸𝑄 to an ordered pair of nodes (𝑛𝑠 , 𝑛𝑡 ),
where 𝑛𝑠 is the source node and 𝑛𝑡 is the target node of 𝑒 in the query.
• 𝜋𝑄 : 𝑁𝑄 ∪ 𝐸𝑄 × P → V ∪V𝑣𝑎𝑟 is a mapping from properties to their corresponding values. For
each 𝑣 ∈ V𝑣𝑎𝑟 , a set of constraints (e.g., <, ≤, ≠, ≥, >) can be applied. Multiple constraints on the
same property can be combined using logical operators such as "AND" and "OR" to define complex
filtering conditions (e.g., “𝑥 > 10 AND 𝑥 < 20” for regular expression matching).
• 𝜆𝑄 : 𝑁𝑄 ∪ 𝐸𝑄 → L is a label mapping where each node or edge in the query graph is assigned a
label from the label set L. □

A graph pattern query identifies all subgraphs in the data graph that match structure, labels, and
property constraints. Each result maps the query’s nodes and edges to those in the graph, with
variable property values assigned according to the query’s constraints.

Definition 3. (Pattern Match) Given a graph pattern query 𝑄 =
〈
𝑁𝑄 , 𝐸𝑄 , 𝜏𝑄 , 𝜋𝑄 , 𝜆𝑄

〉
over

𝐺 = ⟨𝑁𝐺 , 𝐸𝐺 , 𝜏, 𝜋, 𝜆⟩, a pattern match is a mapping 𝜇: 𝑁𝑄 ∪𝐸𝑄 → 𝑁𝐺 ∪𝐸𝐺 , where for ∀𝑎 ∈ 𝑁𝑄 ∪𝐸𝑄 :
• If 𝑎 ∈ 𝐸𝑄 with 𝜏𝑄 (𝑎) = (𝑛𝑠 , 𝑛𝑡 ), then 𝜏 (𝜇 (𝑎)) = (𝜇 (𝑛𝑠 ), 𝜇 (𝑛𝑡 ));
• If 𝜆𝑄 (𝑎) ∈ L, then 𝜆(𝜇 (𝑎)) = 𝜆𝑄 (𝑎);
• If P𝑎 denotes the set of properties associated with 𝑎, for ∀𝑝 ∈ P𝑎 :

– If 𝜋𝑄 (𝑝) ∈ V , 𝜋 (𝑝) = 𝜋𝑄 (𝑝);
– If 𝜋𝑄 (𝑝) ∈ V𝑣𝑎𝑟 , then 𝜋 (𝑝) = 𝑣 , where 𝑣 is a value of 𝑝 that satisfies all constraint condition
defined in 𝜋𝑄 (𝑝) (if there is no constraint, it represents an arbitrary value);

The set of all such pattern matches 𝜇 for pattern query 𝑄 on property graph 𝐺 is collectively denoted
as [[𝑄]]𝐺 , where each 𝜇 includes mappings and any variable values satisfying 𝜋𝑄 . We adopt subgraph
homomorphism: node/edge mappings need not be injective as long as label, direction, and property
constraints are satisfied. □

n1

n2 n10

e9

e10

(a) 𝜇1

n1 n4n9e8 e14

(b) 𝜇2

n2

n3n8

e7

e11
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n2

n3

n10e10

e13

(d) 𝜇4

Fig. 4. Pattern Matches of graph pattern query 𝑄2 in Example 3 on property graph 𝐺 in Example 1.

Example 4. (Pattern Match) Figure 4 shows four pattern matches (𝜇1, 𝜇2, 𝜇3 and 𝜇4) for 𝑄2
(Example 3) on distributed property graph 𝐺 (Example 1). In 𝑄2, node 𝑝1 (“Person”) with gender =
female matches 𝑛2 and 𝑛4 in 𝐺 . 𝑐1 (“Comment”) with creationDate < 2019-01-01 matches 𝑛8, 𝑛9, and
𝑛10. Node 𝑝2 and both edges have variable properties without additional constraints, so any node or
edge satisfying the label requirements can be matched. Each match satisfies the pattern’s structure,
labels, and property constraints.
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2.2 DistributedQuery Processing Framework
In distributed environments, property graphs are partitioned and stored across multiple sites. In
this paper, we focus on node-disjoint partitioning, where nodes are assigned to partitions, and each
edge is stored with its endpoints. For completeness, inter-partition edges and replicated endpoints
(label only) are included in all relevant partitions. Our optimization can be extended to edge-disjoint
partitioning, but the discussion is based on node-disjoint partitioning.

Definition 4. (Graph Partitioning) Given a property graph 𝐺 = ⟨𝑁𝐺 , 𝐸𝐺 , 𝜏, 𝜋, 𝜆⟩ and the
number 𝑛 of partitions, a partitioning F of 𝐺 is a set of subgraphs F = {𝐹1, ..., 𝐹𝑛}, each subgraph
𝐹𝑖 =

〈
𝑁𝐹𝑖 , 𝐸𝐹𝑖 , 𝜏, 𝜋, 𝜆

〉
is a vertex-induced subgraph of 𝐺 , where:

• 𝑁𝐺 =
⋃𝑛

𝑖=1 𝑁𝐹𝑖 and 𝑁𝐹𝑖 ∩ 𝑁𝐹 𝑗 = ∅ for 𝑖 ≠ 𝑗 , where 𝑁𝐹𝑖 is the set of nodes in 𝐹𝑖 ;
• 𝐸𝐺 =

⋃𝑛
𝑖=1 𝐸𝐹𝑖 , where 𝐸𝐹𝑖 is the set of edges in 𝐹𝑖 ;

• For each 𝑒 = (𝑛𝑠 , 𝑛𝑡 ) ∈ 𝐸𝐺 :
– If 𝑛𝑠 ∈ 𝑁𝐹𝑖 or 𝑛𝑡 ∈ 𝑁𝐹𝑖 , then 𝑒 ∈ 𝐸𝐹𝑖 ;
– If 𝑒 ∈ 𝐸𝐹𝑖 , but 𝑛𝑥 ∉ 𝑁𝐹𝑖 (𝑛𝑥 ∈ {𝑛𝑠 , 𝑛𝑡 }), a replicated node 𝑛′𝑥 is added to 𝑁𝐹𝑖 and 𝜆(𝑛′𝑥 ) =
𝜆(𝑛𝑥 ), 𝜋 (𝑛′𝑥 ) = ∅. □

For each inter-partition edge, a copy of the edge and a replica of its remote endpoint (storing only
the label) are included in both partitions. This ensures query completeness in distributed settings.

Definition 5. (Inter-Partition Edge) Given a property graph 𝐺 = ⟨𝑁𝐺 , 𝐸𝐺 , 𝜏, 𝜋, 𝜆⟩ and a parti-
tioning F = {𝐹1, ..., 𝐹𝑛} of 𝐺 , an inter-partition edge is an edge 𝑒 ∈ 𝐸𝐺 , such that there exist distinct
partitions 𝐹𝑖 , 𝐹 𝑗 ∈ F , with 𝑒 ∈ 𝐹𝑖 and 𝑒 ∈ 𝐹 𝑗 , where 𝑖 ≠ 𝑗 . □

Since the property graph is partitioned and distributed across different sites, complex pattern
queries typically cannot be fully matched within a single partition. As a result, queries are usually
decomposed into several subqueries based on the partitioning method, enabling independent
execution within each partition.

Definition 6. (Query Decomposition) Given a graph pattern query 𝑄 =
〈
𝑁𝑄 , 𝐸𝑄 , 𝜏𝑄 , 𝜋𝑄 , 𝜆𝑄

〉
over a property graph 𝐺 that is partitioned into F = {𝐹1, 𝐹2, . . . , 𝐹𝑛} as defined in Definition 4, the
query decomposition produces a set of subqueries Q = {𝑞1, 𝑞2, . . . , 𝑞𝑚}, where for each subquery
𝑞𝑖 =

〈
𝑁𝑞𝑖 , 𝐸𝑞𝑖 , 𝜏𝑄 , 𝜋𝑄 , 𝜆𝑄

〉
:

• 𝑁𝑄 =
⋃𝑚

𝑖=1 𝑁𝑞𝑖 and 𝑁𝑞𝑖 ∩ 𝑁𝑞 𝑗
= ∅ for 𝑖 ≠ 𝑗 , where 𝑁𝑞𝑖 is the set of nodes in 𝑞𝑖 ;

• 𝐸𝑄 =
⋃𝑚

𝑖=1 𝐸𝑞𝑖 , where 𝐸𝑞𝑖 is the set of edges in 𝑞𝑖 ;
• For each edge 𝑒 = (𝑛𝑠 , 𝑛𝑡 ) ∈ 𝐸𝑞𝑖 :

– If 𝑛𝑠 ∈ 𝑁𝑞𝑖 or 𝑛𝑡 ∈ 𝑁𝑞𝑖 , then 𝑒 ∈ 𝐸𝑞𝑖 ;
– If 𝑒 ∈ 𝐸𝑞𝑖 , but 𝑛𝑥 ∉ 𝑁𝑞𝑖 (𝑛𝑥 ∈ {𝑛𝑠 , 𝑛𝑡 }), a replicated node 𝑛′𝑥 is added to 𝑁𝑞𝑖 and 𝜆(𝑛′𝑥 ) =
𝜆(𝑛𝑥 ), 𝜋 (𝑛′𝑥 ) = ∅.

• Each subquery 𝑞𝑖 can be independently executed on each partition 𝐹 𝑗 ∈ F without inter-partition
join operations, i.e., [[𝑞𝑖 ]]𝐺 =

⋃𝑛
𝑗=1 [[𝑞𝑖 ]]𝐹 𝑗 . □

Example 5. (Query Decomposition of 𝑸2) Figure 5 illustrates the decomposition of 𝑄2 into three
subqueries:𝑞1 ((𝑝1)<-[ℎ1]-(:Comment)),𝑞2 ((:Person)<-[ℎ1]-(𝑐1)<-[𝑙1]-(:Person)), and𝑞3 ((:Comment)<-
[𝑙1]-(𝑝2)). Each subquery includes its core nodes and edges from 𝑄2, along with replicas of remote
endpoints as needed (e.g., 𝑞1 and 𝑞3 each include a replica of 𝑐1, and 𝑞2 includes replicas of 𝑝1 and 𝑝2).
These subqueries can be executed independently within partitions, without inter-partition joins during
local execution.

In a typical distributed query execution process, after query decomposition, the subqueries are
executed independently and in parallel within each partition. Their partition-aggregated results
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Fig. 5. An Example of Query Decomposition of 𝑄2.

are then joined (or semi-joined) in a specified global order to produce the final query result. The
formal definition is as follows:

Definition 7. (Distributed Query Execution) Given a property graph𝐺 that is partitioned into
F = {𝐹1, 𝐹2, . . . , 𝐹𝑛} as defined in Definition 4, and a set of subqueries Q = {𝑞1, 𝑞2, . . . , 𝑞𝑚} produced
by query decomposition (as defined in Definition 6), the distributed query execution process follows
these steps:
• Each subquery 𝑄𝑖 is executed independently and in parallel on every partition 𝐹 𝑗 ∈ F , producing
partial results [[𝑄𝑖 ]]𝐹 𝑗 for each partition 𝐹 𝑗 . And the final result of 𝑄𝑖 is obtained by combining
the partial results across all partitions: [[𝑄𝑖 ]]𝐺 =

⋃𝑛
𝑗=1 [[𝑄𝑖 ]]𝐹 𝑗 .

• The final result of 𝑄 is obtained by sequentially joining the results of all subqueries: [[𝑄]]𝐺 =

[[𝑄1]]𝐺 ⊲⊳ [[𝑄2]]𝐺 ⊲⊳ . . . ⊲⊳ [[𝑄𝑚]]𝐺 , where ⊲⊳ represents the join operation. □

3 Partition-AwareQuery Rewriting for Inter-Partition Joins
This section presents a partition-aware query rewriting strategy for inter-partition joins, designed
to minimize intermediate results and communication cost by restructuring subqueries after query
decomposition. The method leverages graph partitioning and subquery relationships to optimize
distributed execution.

3.1 Node Labeling
To capture partitioning information, we assign each node a label during graph partitioning, distin-
guishing between internal and extended nodes:
• Internal Nodes refer to nodes that are entirely contained within a single partition. They
possess complete property information, and all their connections, including neighboring edges
and nodes, are within the same partition. The property and structural data of internal nodes
do not rely on any other partition, meaning they can be processed independently within their
partition without the need for inter-partition communication.
• Extended Nodes correspond to internal nodes from other partitions, replicated in the current
partition via inter-partition edges. Unlike internal nodes, extended nodes do not have complete
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property information; they only store the label and minimal information necessary for inter-
partition connectivity. Full properies remain in the partition of the original internal node.

Based on the characteristics of these two types of nodes, if the matched results of the neighboring
nodes in two neighboring subqueries are both internal nodes, this implies that the matching results
for this portion of these queries are contained within the same partition. We materialize this status
as a data-side property 𝑙𝑎𝑏𝑒𝑙 (𝑢) ∈ {𝐼 , 𝐸} attached to each node for the partitions where it is visible,
which records whether the node is internal or an extended replica and serves as partition metadata.

3.2 Partition-AwareQuery Rewriting Strategy
After partitioning and node labeling, we further optimize query execution by rewriting subqueries
to reduce inter-partition communication. This strategy distinguishes query components that require
inter-partition joins from those executable within a single partition, and applies to any pair of
neighboring subqueries (i.e., two subqueries that share at least one identical edge). In the rewriting,
the expressions 𝑙𝑎𝑏𝑒𝑙 = 𝐼 and 𝑙𝑎𝑏𝑒𝑙 = 𝐸 are used as query-side predicates that test the data-side
tags to determine locality.

The rewriting process produces two types of subqueries:
• Boundary Subqueries add node-label constraints to distinguish nodes involved in inter-
partition joins. For any pair of neighboring subqueries sharing an edge, the node with full
properties is marked as internal, and its counterpart in the other subquery is marked as extended.
This clarifies data dependencies across partitions while preserving query correctness.
• Local-Join Subqueries are formed by merging two neighboring subqueries when all shared
nodes are internal. The merged subquery can be executed entirely within a single partition,
reducing intermediate results and redundant inter-partition joins, and improving execution
efficiency.

Algorithm 1: Query Rewriting Algorithm
Input: Subquery 𝑞1 and its neighbor 𝑞2 (𝐸𝑞1 ∩ 𝐸𝑞2 ≠ ∅)
Output: Eexecution of 𝑞1, 𝑞2 after rewriting (Boundary subqueries 𝑞′1, 𝑞

′
2 and local-join

subquery 𝑞′1,2)
1 foreach 𝑒 (𝑛𝑖 , 𝑛 𝑗 ) ∈ 𝐸𝑞1 ∩ 𝐸𝑞2 do
2 if ∃𝑛𝑘 ∈ {𝑛𝑖 , 𝑛 𝑗 } such that 𝑛𝑘 has associated properties then
3 Add condition 𝑙𝑎𝑏𝑒𝑙 = 𝐼 to 𝑛𝑘 ;

4 𝑞′1,2 ← 𝑞1 ⊲⊳ 𝑞2;
5 foreach 𝑒 (𝑛𝑖 , 𝑛 𝑗 ) ∈ 𝐸𝑞1 ∩ 𝐸𝑞2 do
6 if ∃𝑛𝑘 ∈ {𝑛𝑖 , 𝑛 𝑗 } such that 𝑙𝑎𝑏𝑒𝑙 (𝑛𝑘 ) = 𝐼 then
7 Let 𝑛𝑙 ∈ {𝑛𝑖 , 𝑛 𝑗 } \ {𝑛𝑘 };
8 Add condition 𝑙𝑎𝑏𝑒𝑙 = 𝐸 to 𝑛𝑙 ;

9 𝑞′1 ← 𝑞1;
10 𝑞′2 ← 𝑞2;
11 return ( [[𝑞′1]] ⊲⊳ [[𝑞′2]]) ∪ [[𝑞′1,2]]

To formalize the rewriting process, we propose Algorithm 1, which takes two neighboring
subqueries as input and transforms them into an optimized execution plan. The algorithm first
identifies shared edges between the two subqueries and assigns internal labels (𝐼 ) to nodes with
associated properties (Lines 1–3). It then constructs the local-join subquery by merging the two
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subqueries (Line 4). Next, for each shared edge, the algorithm assigns extended labels (𝐸) to the
opposite node of an internal-labeled node to ensure boundary consistency (Lines 5–8). Finally,
it generates the boundary subqueries and returns the updated execution order, which reduces
intermediate results and minimizes inter-partition communication (Lines 9–11). The execution plan
( [[𝑞′1]] ⊲⊳ [[𝑞′2]])∪ [[𝑞′1,2]] produces the same final result as the original execution plan [[𝑞1]] ⊲⊳ [[𝑞2]],
as both approaches preserve all valid matches from the original query. However, the rewritten plan
restructures the computation to reduce intermediate results and optimize execution efficiency.
The overall computational complexity of Algorithm 1 is 𝑂 ( |𝑁𝑞1 | + |𝑁𝑞2 | + |𝐸𝑞1 | + |𝐸𝑞2 |). Since

queries are typically small, the computational overhead of the rewriting process remains small.
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Fig. 6. Rewriting Process.

Example 6. (Query Rewriting for 𝑞1 and 𝑞2) Figure 6(a) illustrates the rewriting process of
subqueries 𝑞1 and 𝑞2 from Example 5. Through the rewriting strategy, the original execution plan
[[𝑞1]] ⊲⊳ [[𝑞2]] is transformed into a new execution plan consisting of three subqueries: the boundary
subqueries 𝑞′1 and 𝑞

′
2, and the local-join subquery 𝑞

′
1,2. In the rewritten query, the boundary subquery 𝑞

′
1

produces a single match in𝐺 : (𝑛10)-[𝑒10]->(𝑛2). Similarly,𝑞′2 yields twomatches in𝐺 : (𝑛1)-[𝑒9]->(𝑛10)-
[𝑒10]->(𝑛2) and (𝑛3)-[𝑒13]->(𝑛10)-[𝑒10]->(𝑛2). Meanwhile, the local-join subquery 𝑞′1,2 produces two
matches in𝐺 : (𝑛3)-[𝑒11]->(𝑛8)-[𝑒7]->(𝑛2) and (𝑛1)-[𝑒8]->(𝑛9)-[𝑒14]->(𝑛4). By executing the rewritten
query according to the new execution plan ( [[𝑞′1]] ⊲⊳ [[𝑞′2]]) ∪ [[𝑞′1,2]], the final matches obtained
are: (𝑛3)-[𝑒11]->(𝑛8)-[𝑒7]->(𝑛2), (𝑛1)-[𝑒9]->(𝑛10)-[𝑒10]->(𝑛2), (𝑛1)-[𝑒8]->(𝑛9)-[𝑒14]->(𝑛4) and (𝑛3)-
[𝑒13]->(𝑛10)-[𝑒10]->(𝑛2). Compared to the original query plan, the rewritten execution significantly
reduces the number of intermediate results, requiring only two inter-partition joins.

Example 7. (Query Rewriting for 𝑞 (1,2) and 𝑞3) Figure 6(b) illustrates the rewriting process where
the merged subquery 𝑞 (1,2) from the previous step is further rewritten with 𝑞3. Following the same
rewriting strategy, the original execution plan [[𝑞 (1,2) ]] ⊲⊳ [[𝑞3]] is transformed into the optimized
execution plan [[𝑞′(1,2) ]] ⊲⊳ [[𝑞′3]] ∪ [[𝑞′1, 2, 3]]. In the rewritten query, the boundary subquery
𝑞′(1,2) produces three matches in 𝐺 : (𝑛1)-[𝑒9]->(𝑛10)-[𝑒10]->(𝑛2), (𝑛1)-[𝑒8]->(𝑛9)-[𝑒14]->(𝑛4) and
(𝑛3)-[𝑒11]->(𝑛8)-[𝑒7]->(𝑛2). Similarly, 𝑞′3 produces three matches in 𝐺 : (𝑛1)-[𝑒8]->(𝑛9), (𝑛1)-[𝑒9]-
>(𝑛10) and (𝑛3)-[𝑒11]->(𝑛8). Meanwhile, the local-join subquery 𝑞′1,2,3 generates a single match in 𝐺 :
(𝑛3)-[𝑒13]->(𝑛10)-[𝑒10]->(𝑛2). Thus, the final matching results obtained from the rewritten execution
plan are: (𝑛3)-[𝑒11]->(𝑛8)-[𝑒7]->(𝑛2), (𝑛1)-[𝑒9]->(𝑛10)-[𝑒10]->(𝑛2), (𝑛1)-[𝑒8]->(𝑛9)-[𝑒14]->(𝑛4) and
(𝑛3)-[𝑒13]->(𝑛10)-[𝑒10]->(𝑛2). Compared to the previous query execution plan, the rewriting process
similarly reduces the number of intermediate results.

Notably, the rewritten execution plan from Example 6 serves as the foundation for the subsequent
rewriting process in Example 7. These two examples illustrate that query rewriting effectively
reduces the number of intermediate result joins, with Example 6 achieving a more significant
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reduction compared to Example 7. However, since rewriting introduces additional query steps, it
also incurs extra communication overhead. Consequently, the benefits of rewriting are not always
strictly positive. This underscores the necessity of a strategic approach to determine when rewriting
should be applied, which will be explored in the following section.

4 R2O Model
This section introduces the proposed R2O (Rewriting to Ordering) framework, a dual-layer learning
model designed for query plan generation in distributed property graph systems. R2O operates
between query decomposition and execution, and jointly optimizes subquery rewriting and ordering
to generate efficient query execution plans for distributed property graph pattern queries.

4.1 Framework
As illustrated in Figure 7, after query decomposition, candidate subqueries are enriched with data
graph information to construct feature representations, which are then processed by a graph neural
network to obtain informative embeddings.
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Fig. 7. Framework of the R2O Model.

The R2Omodel consists of two coordinatedmodules, eachmodeled as a separateMarkov Decision
Process (MDP). The Global Ordering Module determines the execution order of subqueries by
sampling from a learned probability distribution over candidate subqueries, based on their feature
embeddings. Once a subquery is selected, the Local Rewriting Module evaluates whether and how
to rewrite it with its neighboring subqueries by predicting a probability distribution over possible
rewriting actions and a termination option. If a neighboring subquery is selected, it is rewrited
with the current one to minimize inter-partition joins. Otherwise, the rewriting process ends, and
the (possibly rewritten) subquery is incorporated into the final query plan.
This process continues, with the Global Ordering Module dynamically updating its candidate

subqueries and action space at each step, ensuring that rewriting decisions are made strategically.
The cycle repeats until all subqueries have been processed, resulting in an optimized execution
plan.
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These two modules work in tandem within the R2O framework, generating optimized query
plans that drive efficient distributed execution of property graph pattern queries. Further details
are provided in the subsequent subsections.

4.2 Feature Representations
In the R2O framework, each subquery is characterized by a set of node and edge features that
encode essential properties of the query graph and its correspondence to the data graph. These
features serve as critical inputs for decision-making in the dual-layer query plan generation process,
enabling the learning framework to assess the selectivity and execution priority of subqueries.

4.2.1 Node Features. Let 𝑛𝑖 denote a node in the query graph. Node features capture structural
attributes, selectivity, and property constraints, all of which influence the execution order of
subqueries.
Label. Nodes are classified by label type, which determines their role in the query graph. Rare
labels in the data graph increase selectivity, making subqueries containing such nodes more likely
to be prioritized. This feature is encoded and normalized as follows:

L𝑛𝑖 =
encode(𝜆𝑄 (𝑛𝑖 ))

|L𝑁 |
(1)

where encode(𝜆𝑄 (𝑛𝑖 )) represents the encoded label of node 𝑛𝑖 , and |L𝑁 | is the total number of
unique node labels in the data graph.
Degree. The degree of a node reflects its connectivity. A higher-degree node generally has fewer
matches, increasing its selectivity:

D𝑛𝑖 =
degreein (𝑛𝑖 ) + degreeout (𝑛𝑖 )

𝛼degree
(2)

where degreein (𝑛𝑖 ) and degreeout (𝑛𝑖 ) denote the in-degree and out-degree of 𝑛𝑖 , respectively, and
𝛼degree is a scaling factor.
Global Node Count. This feature quantifies how frequently nodes with the same label as 𝑛𝑖 appear
in the data graph. Fewer occurrences indicate higher selectivity:

C𝑛𝑖 =
|{𝑛 ∈ 𝑁𝐺 : 𝜆(𝑛) = 𝜆𝑄 (𝑛𝑖 )}|

|𝑁𝐺 |
(3)

where 𝑁𝐺 represents the set of all nodes in the data graph.
Property Vector. Each node in the query graph possesses a set of properties that influence its
selectivity. To ensure comparability, numerical properties are normalized based on their global
range, while categorical properties are one-hot encoded:

P𝑛𝑖 =
[
encode(𝜋 (𝑝1))

𝛼1
, . . . ,

encode(𝜋 (𝑝𝑘 ))
𝛼𝑘

]
(4)

where encode(𝜋 (𝑝 𝑗 )) represents the encoding of the 𝑗-th property, and 𝛼 𝑗 is a scaling factor.
Constant Value. This feature counts the number of properties of a node that have fixed values,
indicating higher selectivity:

V𝑛𝑖 =
∑︁

𝑝∈P𝑛𝑖

1{𝜋 (𝑝 ) ∈V} (5)

where P𝑛𝑖 denotes the property set of 𝑛𝑖 .
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4.2.2 Edge Features. Let 𝑒𝑖 denote an edge in the query graph. Edge features capture structural
significance and constraints of edges, contributing to the evaluation of a subquery’s execution
priority.
Label. Edges represent relationships between nodes, with rare labels increasing selectivity. This
feature is encoded and normalized similarly to node labels:

L𝑒𝑖 =
encode(𝜆𝑄 (𝑒𝑖 ))

|L𝐸 |
(6)

where |L𝐸 | is the number of unique edge labels in the data graph.
Edge Degree. The degree of an edge is derived from the degrees of its endpoint nodes. Higher
degrees indicate lower selectivity:

D𝑒𝑖 =
D𝑛𝑠 + D𝑛𝑡

2
(7)

where 𝑛𝑠 and 𝑛𝑡 are the source and target nodes of 𝑒𝑖 .
Global Edge Count. This feature measures the frequency of edges with the same label as 𝑒𝑖 in the
data graph. Lower frequency implies higher selectivity:

C𝑒𝑖 =
|{𝑒 ∈ 𝐸𝐺 : 𝜆(𝑒) = 𝜆𝑄 (𝑒𝑖 )}|

|𝐸𝐺 |
(8)

where 𝐸𝐺 represents all edges in the data graph.
Property Vector. Edges can also contain properties that affect query selectivity. These properties
are encoded using the same strategy as node properties:

P𝑒𝑖 =
[
encode(𝜋 (𝑝1))

𝛼 ′1
, . . . ,

encode(𝜋 (𝑝𝑘 ))
𝛼 ′
𝑘

]
(9)

where 𝛼 ′𝑗 is a normalization factor.
Constant Value. Edges with fixed property values are more constrained and have higher selectivity:

V𝑒𝑖 =
∑︁

𝑝∈P𝑒𝑖

1{𝜋 (𝑝 ) ∈V} (10)

where P𝑒𝑖 represents the property set of edge 𝑒𝑖 .
By integrating these features, R2O effectively captures structural and semantic variations between

query nodes and edges while incorporating data graph distribution information. This enriched
representation facilitates reinforcement learning and graph neural networks in automatically
deriving optimized subquery ordering, leading to more efficient distributed query execution.

4.3 Global Ordering Model
In R2O, the Global Ordering Model is a core component of this dual-layer learning framework. It
determines the execution order of subqueries to optimize query efficiency by leveraging carefully
designed features and a graph neural network. This module formulates subquery ordering as a
Markov Decision Process (MDP): at each time step 𝑡 , the agent selects one subquery from the action
space A (𝑜 )𝑡 , based on the current state S (𝑜 )𝑡 , and adds it to the query plan. Once all subqueries are
executed, a global reward based on the total execution time is used to optimize the overall strategy.

4.3.1 State. The state S (𝑜 )𝑡 at time step 𝑡 consists of the current set of candidate subqueries
(those neighboring to the previously selected subqueries) along with their corresponding feature
representations.

S (𝑜 )𝑡 = (Q (𝑜 )𝑡 ,H (𝑜 )𝑡 ) (11)
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where:
• Q (𝑜 )𝑡 = {𝑞𝑖 | 𝑞𝑖 is neighboring to selected subqueries at time 𝑡} represents the set of candidate
subqueries available for selection at time 𝑡 ;
• H (𝑜 )𝑡 = {H𝑞𝑖 | 𝑞𝑖 ∈ Q

(𝑜 )
𝑡 } contains the feature representations of the candidate subqueries,

encoding their selectivity, connectivity, and structural properties.
Each subquery’s pattern graph is encoded by a GNN, with node and edge features initialized

from Section 4.2.

4.3.2 Action. The action space A (𝑜 )𝑡 at time step 𝑡 consists of selecting one subquery from the
candidate set Q (𝑜 )𝑡 that has not yet been included in the query plan. Formally,

A (𝑜 )𝑡 = {𝑎𝑖 | 𝑞𝑖 ∈ Q (𝑜 )𝑡 , 𝑞𝑖 not selected at time 𝑡} (12)

where 𝑎𝑖 corresponds to the action of adding subquery 𝑞𝑖 to the execution plan.
At each step, the policy network outputs a probability distribution over the available actions in
A (𝑜 )𝑡 . Actions are sampled according to this distribution, balancing exploration and exploitation.
This sampling mechanism prevents the policy from prematurely converging to suboptimal choices
and enhances the global optimality of the final query plan.
In particular, for the selection of the initial subquery in the plan, the system gives priority to

subqueries containing constant predicates. Such subqueries can more effectively constrain the
search space in the early stage of execution, thus providing a more discriminative and informative
starting point for the overall plan.

4.3.3 Reward Design. In the Global Ordering Model, the core objective of reward design is to
minimize the total query execution time. To this end, we define the immediate reward at each step
based on the total execution time 𝑇 (𝑄) of the generated query plan:

R (𝑜 )𝑡 = −𝑇 (𝑄) (13)

Due to variations in query complexity and data scale across different query graphs, the raw
execution time may differ by several orders of magnitude. To mitigate the risk of gradient vanishing
or unstable convergence during training, we apply z-score standardization to the rewards across
different queries. This normalization ensures stability and comparability in the learning process
under diverse query workloads.
Since the actual execution time 𝑇 (𝑄) can only be measured after the entire query plan is

generated, the final reward is shared across all decision steps. Specifically, the same final reward is
assigned to every time step 𝑡 , i.e., for ∀𝑡 , R (𝑜 )𝑡 = R (𝑜 ) , during the query plan generation process.
This reward-sharing design enables the model to account for the long-term impact of each decision
on the overall query execution outcome, thereby encouraging global optimization rather than
short-sighted, greedy choices at individual steps.
Since the model does not receive immediate feedback during query plan generation, the final

reward is distributed across all decision steps using a discount factor 𝛾 . The cumulative return for
the entire sequence is thus defined as:

RQ =

| Q |∑︁
𝑡=1

𝛾𝑡R (𝑜 )𝑡 (14)

where |Q| is the number of subqueries, R (𝑜 )𝑡 is the (shared) reward at step 𝑡 , and 𝛾 ∈ (0, 1] is a
discount factor that progressively reduces the influence of later steps. This design encourages the
model to focus more on earlier decisions, which have a greater impact on the final query plan.
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4.4 Local Rewriting Model
While the Global Ordering Model determines the subquery execution order, relying on it is insuf-
ficient to compress intermediate results or address local structural redundancy. Therefore, after
a subquery is selected by the Global Ordering Model, the Local Rewriting Model examines its
neighborhood and selects subqueries for structural rewriting, further reducing intermediate results
before execution. This rewriting process is modeled as a Markov Decision Process (MDP), where
the model focuses on the current subquery and selects actions among its neighboring subqueries.
At each step, the model either rewrites the current subgraph with a neighboring subquery or
terminates the expansion and returns control to the global ordering model to select the next starting
subquery.

4.4.1 State. The state S (𝑟 )𝑡 at time step 𝑡 during the local rewriting process consists of the currently
constructed subquery (i.e., the merged subgraph), the set of candidate neighboring subqueries, and
the feature representations of these candidates. Formally:

S (𝑟 )𝑡 = (C𝑡 ,Q (𝑟 )𝑡 ,H (𝑟 )𝑡 ) (15)

where:
• C𝑡 denotes the set of subqueries that have been merged into the current subgraph up to step 𝑡 ,
starting from the initial subquery selected by the global ordering model;
• Q (𝑟 )𝑡 denotes the set of neighboring subqueries that are candidates for merging at step 𝑡 ;
• H (𝑟 )𝑡 = {H𝑞𝑖 | 𝑞𝑖 ∈ Q

(𝑟 )
𝑡 } denotes the feature representations of the candidate subqueries at

step 𝑡 , where each candidate subquery’s feature representation H𝑞𝑖 is derived from GNN-based
message passing over the query structure and shared with the Global Ordering Model.

4.4.2 Action. The action space A (𝑟 )𝑡 at time step 𝑡 is the set of candidate neighboring subqueries
that can be merged with the current rewritten subgraph. In addition, a special action 𝑎stop is included
to indicate the termination of the rewriting process. Formally,

A (𝑟 )𝑡 = {𝑎𝑖 | 𝑞𝑖 ∈ NC𝑡 } ∪ {𝑎stop} (16)

where NC𝑡 denotes the set of subqueries neighboring to the current subgraph C𝑡 . At each step, the
model either selects a neighboring subquery for merging or chooses 𝑎stop to end the local rewriting
phase and return control to the global ordering model.
The model samples actions from the probability distribution predicted by the policy network,

thereby dynamically decidingwhether to continue expanding the rewritten subgraph or to terminate
rewriting at each step.

4.4.3 Reward Design. The reward function in the Local Rewriting Model is designed to measure the
effectiveness of each rewriting operation in reducing query execution cost. At each step, let 𝑇 (𝑄𝑡 )
and 𝑇 (𝑄 ′𝑡 ) denote the execution times of the subquery before and after rewriting, respectively. The
immediate reward is defined as the relative reduction in execution time:

R (𝑟 )𝑡 =
𝑇 (𝑄𝑡 ) −𝑇 (𝑄 ′𝑡 )

𝑇 (𝑄𝑡 )
(17)

A positive reward is given when rewriting leads to improved performance, while a negative reward
penalizes less effective actions.
To prevent the model from repeatedly selecting rewriting steps that do not lead to meaningful

performance improvements, a penalty mechanism is introduced. If the relative improvement falls
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below a threshold 𝜖 (set to 0.01 in this work), that is,

𝑇 (𝑄𝑡 ) −𝑇 (𝑄 ′𝑡 )
𝑇 (𝑄𝑡 )

< 𝜖, (18)

an additional fixed negative reward is assigned to discourage redundant or ineffective rewrites.
Overall, this reward design encourages the model to focus on substantial performance gains,

avoids local loops of trivial optimizations, and ensures stable convergence to high-quality rewriting
strategies even in complex graph structures.

4.5 Joint Training and Optimization
This section presents the architecture of the policy and value networks for both the global ordering
and local rewriting models in R2O, and introduces the joint training strategy based on a two-layer
actor-critic framework.

4.5.1 Policy and Value Networks. Both the policy and value networks in R2O adopt a multi-layer
perceptron (MLP) architecture. The policy network integrates a masking mechanism to ensure
that only valid actions are considered at each step. Given the current state S𝑡 , the policy outputs a
probability distribution over all available actions:

𝑃𝑡𝑎𝑖 = 𝜋 (𝑎𝑖 | S𝑡 ) = Softmax(Mask(𝑞𝑖 ) · (W2 · 𝜎 (W1H𝑞𝑖 ))) (19)

whereW1 andW2 are learnable parameters of the Actor network, andH𝑞𝑖 is the feature embedding
of subquery 𝑞𝑖 . The output dimension is one scalar per candidate, representing the logit score for
each action. The binary mask function Mask(𝑞𝑖 ) is defined as:

Mask(𝑞𝑖 ) =
{
1, if 𝑞𝑖 has not been executed
0, otherwise

(20)

which guarantees that executed subqueries are excluded from selection.
The value network (critic) receives the state embedding as input and outputs a scalar estimate

𝑉 (S𝑡 ):

𝑉 (S𝑡 ) =W4 · ReLU(W3S𝑡 ) (21)

whereW3 andW4 are learnable parameters of the Critic network.
The value prediction is used to compute the advantage function, guiding the policy update in

the actor-critic optimization.

4.5.2 Policy Training. The policy and value networks are jointly trained in R2O through an actor-
critic paradigm that combines both offline pretraining and online interactive learning. In each
training episode, actions are sampled from the current policy, and state-action-reward trajectories
are collected to compute returns.
Offline pretraining leverages historical query execution data to initialize network parameters,

exposing the model to a wide range of query patterns. During online training, the model interacts
with the database engine in real time: at each step, the policy network selects a subquery or
rewriting action, receives the observed execution time, and records the corresponding immediate
or cumulative reward. For the global ordering model, the normalized execution time of the full
query plan is used as the reward for all steps; for the local rewriting model, each step’s reward
reflects the relative improvement in execution cost.
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After the query plan is executed, advantage estimates are computed for each step. The policy
(actor) networks are updated by minimizing the policy loss, encouraging actions with higher-than-
expected returns. The value (critic) networks are optimized by minimizing the difference between
predicted and empirical returns.

The total loss function integrates the policy loss, value loss, and an entropy regularization term
to balance exploration and exploitation:

𝐿total = 𝛽1𝐿critic + 𝐿actor − 𝛽2𝐿entropy (22)

where 𝐿critic and 𝐿actor denote the value and policy losses, 𝐿entropy is the policy entropy, and 𝛽1, 𝛽2
are balancing coefficients.
All parameters are updated end-to-end via stochastic gradient-based optimization. While the

global ordering and local rewriting models share feature representations, they maintain separate
policy and value networks. This joint training scheme enables the R2O framework to adaptively
optimize query plans under dynamic query workloads and data distributions, achieving both
efficiency and robustness.

5 Experiment and Evaluation
5.1 Experiment Setup
In this section, we evaluate the performance of our dual-layer model on different datasets and
partitioning algorithms. All experiments are conducted on a cluster consisting of seven physical
servers. The main site server is equipped with a 16-core CPU (2.1 GHz), 320 GB of memory, and
runs Ubuntu 22.04.5 LTS without a GPU. Each sub-site server has a 4-core CPU (3.1 GHz), 32
GB of memory, and runs Ubuntu 20.04.2 LTS. Neo4j 3.5.28 is deployed on each sub-site as the
distributed storage engine. In this software and hardware environment, the proposed dual-layer
model and its related algorithms are fully implemented and deployed on the main site. The six
sub-sites collaboratively perform distributed query execution and data management tasks. All
servers communicate using MPICH-3.2.1. In the experiments, all algorithms are implemented and
evaluated under the same environment. Our code is available on GitHub1 and is implemented in
Python 3.8.

5.1.1 Datasets. We evaluated our R2O model on four property graph datasets of varying sizes.
The specific parameters of each dataset are listed in Table 1.

Table 1. Statistics of Property Graph Datasets.

Datasets LDBC-SNB DBpedia

SF-3 SF-10 SF-30 v2014

# Nodes 9,281,922 29,987,835 88,789,833 139,483,229
# Edges 52,695,735 176,623,445 540,915,404 790,050,505

# Properties 215,093,554 417,792,113 1,265,960,004 2,176,994,801

LDBC-SNB (Linked Data Benchmark Council - Social Network Benchmark) [8] simulates
the data structure and interactions of social network platforms. We generate datasets with three
different scale factors, SF-3, SF-10, and SF-30, corresponding to 3GB, 10GB, and 30GB of data,
respectively.

DBpedia [22] is a real-world knowledge graph dataset extracted from structured information in
Wikipedia. As it is only available in RDF format, we converted the 2014 version of DBpedia into a
property graph [4, 39] for our experiments.
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Based on these datasets, we generate multiple sets of graph pattern queries according to the
frequency of label occurrences. Each query graph contains 4 to 8 nodes and the edges between
them, and node or edge properties are randomly selected as additional query conditions.

5.1.2 Partitioning Methods. To comprehensively evaluate the applicability and robustness of R2O
under different partitioning strategies, we adopt two representative graph partitioning methods.
Each dataset is divided into six partitions, and queries are decomposed based on the partitioning
results for performance testing.

METIS [15] is a classic multilevel partitioning algorithm that reduces inter-partition communi-
cation by minimizing the number of edge cuts and is widely used in distributed graph processing
systems. METIS tends to preserve query locality, resulting in smaller independently executable
subqueries.
MPC (Minimum Property-Cut) [32] aims to minimize the number of property labels on

cross-partition edges, which allows more queries to be decomposed into larger independently
executable subqueries.

For each dataset and partitioning method, we train a dedicated R2O model. We use 15 randomly
generated queries for training and 30 disjoint randomly generated queries for testing, and the
trained policy is frozen during testing.

Table 2. Training Efficiency and Convergence Across Datasets and Partitions (20 Epochs per Model).

Dataset Partitioner Tot(h)1 Ep(m)2 ConvEp3 L5R4

LDBC-SNB (SF-3) METIS 1.7 5.1 5 0.964
MPC 1.6 4.8 4 0.969

LDBC-SNB (SF-10) METIS 4.1 12.3 7 0.953
MPC 4.0 12.0 6 0.958

LDBC-SNB (SF-30) METIS 12.0 36.0 10 0.938
MPC 12.8 38.4 12 0.942

DBpedia (v2014) METIS 5.1 15.3 6 0.982
MPC 4.7 14.1 5 0.985

1 Tot means total hours; 2 Ep means minutes per epoch; 3 ConvEp means
epoch at validation convergence; 4 L5R means last 5 validation reward.

5.1.3 Training Protocol and Convergence. We train one R2O model per dataset and partitioner
(METIS/MPC) for 20 epochs. As shown in Table 2, training time grows with data scale: SF-30 is
longest (36.0–38.4 min/epoch, 12.0–12.8 h total), while SF-3 and DBpedia finish within 1.6–5.1 h.
For the same dataset, METIS and MPC are similar; on SF-30, MPC is slightly longer (12.8 h vs. 12.0
h). We define convergence as the first epoch where the validation moving average over the last five
trajectories is ≤0.95 with 95% CI width ≤0.02, Critic RMSE ≤0.05, and policy entropy in [0.15, 0.30].
Under this criterion, models converge in 5–12 epochs. The last-5-trajectory validation rewards stay
high (0.938–0.985), indicating that a few extra epochs help stabilize Actor–Critic estimates and
cover rarer, high-impact query patterns.

5.2 Effectiveness of Partition-AwareQuery Rewriting Strategy
To evaluate the effectiveness of the proposed partition-aware query rewriting strategy, we conducted
experiments on the LDBC-SNB datasets with two partitioning methods. We randomly selected 30

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 71. Publication date: February 2026.



R2O: A Dual-Layer Framework for Joint Rewriting and
Ordering in Distributed Property GraphQuery Optimization 71:19

pairs of adjacent subqueries from the test set and executed them before and after rewriting. Two
key metrics were used for evaluation: query execution time and the scale of intermediate results.

SF-3 (METIS) SF-3 (MPC) SF-10 (METIS) SF-10 (MPC) SF-30 (METIS) SF-30 (MPC)
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Fig. 8. Performance of Query Rewriting under Two Partitioning Methods on LDBC-SNB.

5.2.1 Query Execution Time. To reduce the impact of system load and network fluctuations, each
set of queries was executed three times. As shown in Figure 8, the rewriting approach consistently
improved query time by nearly an order of magnitude across different data scales and partitioning
methods, with a maximum speedup of up to 663 times (CYPHER 16 under SF-30 (METIS): from 53.17s
to 0.08s). However, some rewritten queries showed only slight improvements or even negative
effects (CYPHER 30 under SF-3 (METIS): from 0.20s to 3.36s). This highlights the importance of the
local rewriting model in R2O for decision making.

Table 3. Query Rewriting Performance on LDBC-SNB under Different Intermediate Result Reductions.

Intermediate Result Reduction (%) [0, 30) [30, 70) [70, 100]

Sample Proportion (%) 36.85 14.20 48.95
Max Speedup (%) 271.03 4544.38 66316.71
Min Speedup (%) 7.80 46.48 75.68

Average Speedup (%) 91.09 227.61 1662.01

5.2.2 Scale of Intermediate Result. The scale of intermediate results refers to the number of partial
matches generated during query execution. For each query, we define the intermediate-result size
as the total number of partition-local partial matches actually consumed by subsequent operators.
Under the proposed rewriting strategy, the scale of intermediate results usually decreases, or at
most remains unchanged. Table 3 shows the query rewriting performance across different reduction
intervals. The results indicate a strong positive correlation between the reduction in intermediate
results and query speedup. Greater reduction in intermediate results leads to better acceleration.
When the reduction is low ([0, 30)%), the average speedup remains below 1, suggesting that rewriting
can sometimes introduce extra overhead. There is also a large gap between the maximum and
minimum speedup within each interval, which reflects the impact of query characteristics and local
rewriting decisions. Notably, nearly half of the queries (48.95%) achieved more than 70% reduction
in intermediate results, highlighting the necessity and effectiveness of the rewriting strategy.

5.3 Performance of R2O
5.3.1 Baseline Algorithm. In distributed property graph systems, unoptimized query plans often
result in extremely poor performance, frequent timeouts, or even system failures. To enable fair and
meaningful comparison, we adopt a global degree-based subquery ordering strategy as our baseline.
This heuristic is a simple and pragmatic baseline commonly used in graph pattern matching and
join planning [36].
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Specifically, the baseline algorithm prioritizes subqueries containing property predicates with
constants, as these typically yield higher selectivity and smaller intermediate results. At each step,
the algorithm selects the next subquery from candidates connected to the current plan, always
choosing the one with the smallest global degree (i.e., the total frequency of its edge labels in
the data graph). For disconnected components, the procedure repeats by selecting the remaining
subquery with the minimum global degree as a new starting point, until all subqueries are ordered.
Compared to randomly generated query plans, baseline already achieves an average 21.42× speedup
for complex queries that produce results.
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Fig. 9. Query Execution Time of R2O and Baseline under METIS and MPC Partitioning Methods.

5.3.2 Query Performance. We evaluated the query performance of R2O and the baseline algorithm
under two partitioning strategies, METIS and MPC. For each dataset and partitioner, we randomly
generated 45 complex queries. We report results on 30 test queries and use the remaining 15 queries
for training. Each test query was run three times, and the average execution time was reported.
As shown in Figure 9, R2O achieves average speedups of 11.61×, 81.29×, 20.99×, and 22.38× on
LDBC-SNB (SF-3, SF-10, SF-30) and the DBpedia (v2014), respectively, with the maximum speedup
reaching 1637.99×. It is worth noting that the reported query time includes the time required
for query plan generation (R2O averages 1.1 seconds, while the baseline averages 0.02 seconds),
providing a comprehensive evaluation of our method’s effectiveness in distributed query scenarios.
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Table 4. Stage-Wise AverageQuery Time (sec).

Dataset Partitioner R2O Baseline

CT1 LET2 JT3 Total4 CT LET JT Total

LDBC-SNB (SF-10) METIS 4.26 15.47 1.45 21.18 23.83 136.07 5.66 165.56
MPC 3.52 12.98 0.82 17.32 16.72 97.21 3.66 117.59

DBpedia (v2014) METIS 1.41 0.81 0.87 3.09 2.46 6.74 2.65 11.85
MPC 1.64 1.15 0.43 3.22 6.62 52.73 13.76 73.11

1CT means the communication time; 2LET means the local evaluation time;
3JT means the join time; 4Total excludes planning time.

5.3.3 Evaluation of Each Stage. We decompose the end-to-end query time, excluding planning, into
communication time (CT), local evaluation time (LET), and join time (JT). Table 4 reports averages
over 30 test queries for LDBC-SNB SF-10 and DBpedia under METIS and MPC. On SF-10, LET
dominates baseline. With partition-aware global ordering and local rewriting, R2O reduces LET
and lowers JT and CT. Under METIS on SF-10, baseline LET and JT are 136.07s and 5.66s, whereas
R2O reports 15.47s and 1.45s, and CT decreases from 23.83s to 4.26s. Under MPC, the same pattern
holds, with baseline LET and JT of 97.21s and 3.66s compared to 12.98s and 0.82s under R2O, and
CT decreasing from 16.72s to 3.52s. On DBpedia, absolute times are much smaller. R2O reduces LET
and JT under both partitioners, while the reduction in CT is modest because the system imposes
fixed communication overheads due to serialization and synchronization in the message-passing
layer. Overall, the largest gains arise from lowering per-partition LET, with smaller but consistent
decreases in JT and CT.

5.3.4 Comparison with Existing Query Optimizer. To further evaluate R2O, and given that there is
no prior distributed optimizer for property-graph pattern queries, we compared it with GOpt [23],
a state-of-the-art graph-native query optimizer that combines rule-based and cost-based strategies.
We implemented a lightweight GOpt variant (with Neo4j as the underlying engine) and applied
it to LDBC-SNB (SF-10) queries. Execution plans and planning times were collected, and the
resulting query plans were decomposed according to data partitioning and executed in a distributed
environment, enabling a direct comparison with our R2O framework.
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Fig. 10. Performance of R2O and GOpt on LDBC-SNB (SF-10) in DistributedQuery Execution.

As shown in Figure 10, R2O achieves an average speedup of 20.23× over GOpt in query execution
time, with the maximum speedup reaching 137.18×. Notably, the plan generation time is also

Proc. ACM Manag. Data, Vol. 4, No. 1 (SIGMOD), Article 71. Publication date: February 2026.



71:22 Min Shi et al.

significantly reduced, with R2O averaging 62× faster than GOpt. This significant difference in
planning time is primarily due to GOpt’s extensive rule and cost estimation. Furthermore, as
GOpt is not designed for distributed settings, its generated plans often yield slower distributed
query execution. In some cases, GOpt’s performance is even inferior to simple heuristic baselines.
Overall, R2O generates more efficient plans and consistently outperforms GOpt in distributed query
processing.

5.3.5 Comparison with Existing Distributed Graph System. In the absence of a distributed optimizer
for property-graph pattern queries, we benchmark R2O on DBpedia (v2014) [22] against the
distributed SPARQL engine gStoreD [30, 31], using it as a external baseline. R2O operates on the
property-graph conversion with METIS/MPC partitions, while gStoreD runs on native RDF; both
use 6-node cluster. We translate our Cypher patterns into semantically equivalent SPARQL BGPs
(preserving labels, predicates, and property filters), and report the average of three runs.
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Fig. 11. Performance of R2O (Property Graph/Cypher) and gStoreD (RDF/SPARQL) on DBpedia (v2014).

As shown in Figure 11, R2O attains lower end-to-end runtimes on most DBpedia queries under
both partitioners, with the largest gains on star or hybrid patterns with selective properties because
partition-aware ordering and local rewriting shrink intermediates and inter-partition traffic. We
observe a maximum speedup of about 3975× (𝑄26 under METIS, from 1809.90s to 1.16s). For a small
number of path-heavy queries with high cross-partition traversals, the gap narrows because result
assembly and synchronization dominate (𝑄17 under MPC, from 5.34s to 5.07s).

Table 5. AverageQuery Time (sec) on LDBC-SNB (SF-3) Before and After Data Updates.

Partitioner Before Update After Update

R2O Base Speedup R2O Base Speedup

METIS 21.40 52.46 2.45× 22.10 53.40 2.41×
MPC 37.34 53.99 1.45× 38.20 56.00 1.46×

5.3.6 Model Reusability after Data Updates. We evaluate whether the learned R2O policy can be
reused after data changes without retraining. We delete 5% of the data and add 5% new data, then
rerun the same query workload on the updated database using the original model. Table 5 reports
average query time on LDBC-SNB SF-3 under METIS and MPC, before and after update. Latency
stays in the same range, indicating a 10% content change does not invalidate the learned policy.
The speedup of R2O over the baseline is preserved. Under METIS, the baseline is 2.45× slower
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than R2O before the update and 2.41× slower after the update. Under MPC, the baseline is 1.45×
slower before the update and 1.46× slower after the update. This suggests R2O can be reused on an
updated database without retraining.

5.4 Ablation Study

baseline R2O-O R2O-R R2O

10−1

100

101

102

E
xe

cu
ti

on
 T

im
e 

(s
ec

)
 10%~90% 0%~100% Median Mean

Fig. 12. Ablation Study of Global Ordering and Local Rewriting on LDBC-SNB (SF-30).

Figure 12 shows query execution time distributions for four variants on LDBC-SNB (SF-30):
baseline, global ordering only (R2O-O), local rewriting only (R2O-R), and the full R2O framework.
Compared to the baseline, R2O-O and R2O-R reduce the median execution time by 35.62% (from
6.76s to 4.35s) and 47.29% (from 6.76s to 3.56s), and the mean by 36.47% (from 17.84s to 11.33s)
and 43.96% (from 17.84s to 10.00s). Both single-module variants still show long upper whiskers,
indicating limited improvement for long-tail queries. The full R2O framework achieves the best
performance, reducing the median and mean by 95.77% (from 6.76s to 0.29s) and 84.66% (from 17.84s
to 2.74s). The distribution is more concentrated and stable. The upper whisker of the full R2O drops
by 74% (from 149.91s to 39.09s), showing substantial benefits for even the most complex queries.
These results show that global ordering and local rewriting provide complementary strengths: the
former avoids costly execution paths, while the latter optimizes intermediate results.

6 Related Work
6.1 Traditional GraphQuery Optimization
In graph query processing, pattern queries are typically formalized as subgraph isomorphism or
homomorphism with attribute constraints. Early work focused on backtracking and join-based
matching [21]. For example, QuikSI [6] orders matches by weighting query edges by label fre-
quency, while RI [37] repeatedly selects the highest-degree vertex. Thesemethods improve efficiency
through candidate filtering, order optimization, and pruning. Many integrate constraint propagation
and neighborhood-consistency checks to discard infeasible candidates, stabilizing performance
under skewed labels and high-degree vertices. For distributed graph processing, systems such
as TriAD [12] use graph summaries for join-ahead pruning to reduce intermediates and com-
munication. Wukong [38] applies full-history pruning to avoid unnecessary inter-partition joins.
Lothbrok [1] leverages index-based cardinality estimation for data-aware subquery scheduling.
S2RDF [35] uses semi-join preprocessing to shrink input, and Galaxybase [40] optimizes adjacency
storage for locality and network efficiency. On distributed backends, semi-join reductions are paired
with partition summaries and locality-conscious layouts to curb cross-partition traffic. Recent
work includes large-scale query frameworks using Datalog-style interfaces and global operator
optimizations [46], relational DBMS extensions for graph computation [47], and scalable graph
analytics via storage- and workload-aware partitioning with pipelined parallelism [19]. Theoretical
algorithms such as Delta-BigJoin [3, 5] use worst-case-optimal multi-way joins to bound computa-
tion and communication. Other advances include hybrid cardinality estimation via sampling and
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synopses [18], benchmarks for subgraph matching cardinality [29], and pruning/equivalence-based
matching to reduce search space [16]. However, heuristic and theoretical optimizations often fail
to reach globally optimal plans for large or complex queries, leading to local minima and limited
adaptivity.

6.2 Learning-BasedQuery Optimization
Learning-based query optimization is increasingly common. In relational systems, ReJOIN [26]
and Neo [25] apply deep reinforcement learning to join order selection, using neural models to
capture plan–reward signals. Tree-LSTM and graph neural networks further improve join tree
representations [44], and Bao [24] uses learned hints to cut training data and system overhead.
These ideas extend to graph queries. Mhedhbi et al. [27] propose a hybrid optimizer for multi-way
joins, and Kim et al. [17] introduce TurboHOM++ to reduce RDF query intermediates via optimized
enumeration and pruning. RL-OVO [41] and ReJOOSp [42] apply reinforcement learning to join
order optimization for graph and SPARQL queries. Learned policies exploit signals (e.g., label
frequencies, degrees) and data skew to guide enumeration, yielding adaptive plans and fewer
intermediates under skewed workloads. In SPARQL, Aimonier-Davat et al. [2] combine dynamic
programming with cost sampling for property-path join ordering, improving path query efficiency
on datasets such as Wikidata. Despite this progress, prior work does not address both computation
and communication cost in distributed property graph settings. We propose a dual-layer learning
framework that integrates query rewriting and global ordering for adaptive optimization of complex
distributed queries.

7 Conclusion
This paper presents R2O, a dual-layer reinforcement learning framework for optimizing distributed
property graph queries. R2O applies partition-aware query rewriting to reduce intermediate results
and communication by leveraging cross-partition edge information, and uses node and edge
features that capture structural and semantic properties. By combining a GNN-based local rewriting
model with an RL-based global ordering model, trained jointly end to end, R2O produces efficient
distributed query plans. Experiments on large-scale benchmarks show that R2O outperforms
baselines, reducing query time and communication across partitioning methods and data scales.
R2O offers a scalable solution for distributed graph query optimization, and in future work we plan
to extend it to multi-modal property graphs and more complex patterns to support heterogeneous,
knowledge-intensive workloads.
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