2025 7th International Conference on Robotics, Intelligent Control and Artificial Intelligence (RICAI) | 979-8-3315-6934-1/25/$31.00 ©2025 IEEE | DOI: 10.1109/RICAI68060.2025.11384884

2025 7th International Conference on Robotics, Intelligent Control and Artificial Intelligence (RICAI)

Research on Cypher Expansion Order Optimization
Based on Deep Reinforcement Learning

Siqi Liu2, Chuan Hu'2, Zhihong Shen'*
Computer Network Infomation Center, Chinese Acadenty of Sciences', Beijing, China
University of Chinese Academy of Sciences®, Beijing, China
{sqliu, huchuan, bluejoe} @cnic.cn

Abstract—With the widespread adoption of graph databases,
Cypher has emerged as a predominant query language. Query
execution time is highly sensitive to the path expansion order,
where traditional rule-based and cost-based optimizers often fail
to find optimal plans for complex patterns. Although machine
learning has shown promise for SQL join order optimization,
these methods cannot be directly applicable to Cypher. To address
this gap, we introduce a novel approach that leverages Deep
Reinforcement Learning (DRL) to optimize the Cypher expansion
order. We formulate this task as a sequential decision problem
and train a Deep Q-Network (DQN) agent to select an efficient
expansion sequence. A key aspect of our work is the modeling of
Cypher query features into vector representations, which are then
used to train the model. We evaluated our method on a real-world
graph dataset, and the experimental results demonstrate that our
approach significantly reduces query execution times, validating
the effectiveness and efficiency of the proposed solution.

Keywords—Graph Database ; Reinforcement Learning ; Query
Optimization

I. INTRODUCTION

In recent years, the complex relationships within data have
become increasingly crucial across various domains, including
social networks, financial risk control, knowledge graphs, and
bioinformatics. Consequently, graph databases have become
pivotal for their natural ability to model, store, and query
these highly interconnected datasets. As a declarative query
language for property graphs, Cypher has emerged as the de
facto standard, enabling users to succinctly express complex
traversal queries [1]. However, this expressive power intro-
duces a significant performance challenge: the execution time
of a Cypher query is heavily dependent on the path expansion
order chosen in its execution plan. An optimized expansion
order can lead to performance improvements of several orders
of magnitude compared to a poor one. For a query involving
N expansions, the number of possible execution orders grows
factorially, creating a vast combinatorial search space that
makes finding the optimal plan an NP-hard problem [2].Figure
1 shows how a single Cypher query can be represented as a
query graph, which in turn can be translated into numerous
possible expansion orders. Traditional query optimizers, which
rely on hand-crafted rules and cost models, often struggle
with the inherent complexity and variability of graph queries.
Their performance is highly dependent on accurate cardinality
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Figure 1. Example of Cypher query Transformation.

estimation [3]—a task that is notoriously difficult in graph
databases due to complex topological structures, deep correla-
tions, and the prevalence of cyclic patterns. Although machine
learning techniques, particularly reinforcement learning (RL),
have achieved notable success in optimizing join orders for
SQL queries [4], these methods are not directly transferable
to the graph database domain. The fundamental differences in
data models and operational paradigms necessitate the devel-
opment of specialized methods for Cypher query optimization.
To address this gap, we introduce a Deep Reinforcement
Learning (DRL) approach for optimizing the path expansion
order in Cypher queries. Our method formulates query opti-
mization as a sequential decision task where an agent inter-
acts directly with the database environment to learn optimal
expansion strategies. The agent selects expansion actions at
each step based on the current state, progressively constructing
complete execution plans. Our approach centers on a novel
state representation scheme tailored for graph queries, which
combines a Graph Attention Network (GAT) [5] to capture
the global topology of the entire query and a Tree-Long
Short-Term Memory (Tree-LSTM) [6] network to dynamically
encode the hierarchical structure of partial execution plans.

Our main contributions are as follows:

e We design a unified feature representation scheme for
the fundamental elements in Cypher queries—nodes and
relationships—enabling a deep semantic awareness of the
graph structural elements.

¢ By combining a GAT-based graph structure embedding
with a Tree-LSTM-based plan tree embedding, we con-
struct a state representation method that captures both
node and edge features, providing a comprehensive basis
for the DRL agent to perceive query semantics and
execution context.

o We build an end-to-end framework for query optimization
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and rewriting, encompassing the entire process from orig-
inal query parsing and DRL-based decision-making to
the final query rewriting, thereby automating the pipeline
from query understanding to execution plan generation.

II. RELATED WORK

Query optimization, a core engine of database systems, has
consistently been a research hotspot in both academia and
industry. Traditional query optimization methods, typified by
the dynamic programming algorithm pioneered in System R
[7] and related heuristic approaches, primarily rely on cost
estimation to search for an optimal execution plan within a
vast plan space. While these methods have achieved great
success in relational databases, their performance is highly
dependent on the accuracy of cardinality estimation, often
leading traditional optimizers to select sub-optimal execution
plans. To address these challenges, researchers have begun to
explore the application of machine learning to build a new
generation of learning-based query optimizers.

In relational databases, modeling the Join Order Selection
problem as a sequential decision-making task and employing
Reinforcement Learning (RL) for end-to-end optimization has
become a fruitful research direction. Marcus and Papaem-
manouil introduced ReJOIN [8], using a simple encoding
scheme for join trees and employing proximal policy optimiza-
tion (PPO) to select joins iteratively. Later work built on this
foundation with significant enhancements. For instance, JOG-
GER [9] adopts a graph-based model, streamlining parameter
counts in deep neural networks through graph convolutional
networks and custom tree-based attention modules, which
enables JOGGER to achieve state-of-the-art performance with
reduced optimization time and computational resources.

Beyond individual learning components designed for join
order selection, several more comprehensive learning-based
optimizers have been developed. These systems incorporate
functionalities such as join operator selection, index selection,
plan generation, and plan search into their architectural design.
Bao [10] employs a Tree-CNN to estimate query execution
time and utilizes Contextual Multi-Armed Bandits (CMABs)
to model hint sets, rather than reconstructing the entire opti-
mizer using a learning model. LOGER [11] aims to simultane-
ously generate high-quality join orders and physical operators.
It leverages a Graph Transformer to encode relationships be-
tween tables and predicates and adopts beam search to explore
the plan space. COOOL [12] follows a similar principle as Bao
but incorporates a learning-to-rank mechanism to compare and
select query plans.Although these methods show considerable
advances, their design remains bound to the relational model.
Their feature engineering typically depends on a fixed vector
space comprising all tables and columns in the database,
making them difficult to apply directly to graph databases with
complex and varied topological relationships.

Compared to SQL, graph query optimization presents
unique challenges and has developed its own research trajec-
tory. Early optimization techniques were primarily drawn from
distributed systems and graph theory, including methods such

as data partitioning, query decomposition, and incremental
processing [13]. These approaches provided a foundational
basis for handling large-scale graph data but primarily focus
on physical-level optimizations or specific query types. Re-
cently, inspired by the success of learning-based optimizers
in relational databases, such methods have begun to gain
traction in graph query optimization. For example, Eschauziere
et al. [14] proposed a learning-based optimizer that iteratively
constructs optimized join plans for SPARQL queries on RDF
graphs. The subsequent ReJOOSp [15] framework extends this
approach by accommodating various join types between triple
patterns and supporting complex SPARQL queries incorpo-
rating operations beyond basic joins. Wang et al. developed
April [16], an automated graph data management system based
on reinforcement learning, which encompasses optimization
across storage structure selection, index selection, and query
processing. Collectively, these studies have advanced the field
of database query optimization and offer valuable insights for
future research endeavors.

III. METHODS

In this section, we describe the overall framework of the
proposed approach. We first provide an overview of the frame-
work, followed by detailed specifications of each component.

A. Framework

As shown in Figure 2, our proposed optimization framework
follows the classic agent-environment interaction model of
reinforcement learning. The system receives a raw Cypher
query and parses it into graph-structured data. At the beginning
of each episode, the environment is reset to an initial state.
During each decision step, the agent selects an action from
a set of legal expansion operations based on its evaluation
of the current state. The environment executes the action,
updates its internal state (i.e., the partial execution plan),
computes a new state representation, and feeds it back to the
agent. Ultimately, when all edges are processed, the system
outputs a complete expansion sequence and calculates the final
reward. The transition tuples (state, action, reward, next state)
generated during the interaction are stored in an experience
replay buffer. The agent progressively optimizes its decision-
making policy by continuously updating the parameters of
its internal neural network through batch sampling from this
buffer.

B. Element Representation

In graph databases, the basic constituents of queries are
nodes and relationships. To effectively capture the schema
information and semantic details of the query, we design
specialized feature representation methods. We create multiple
learnable embedding tables for atomic components of the
graph: node labels E;, € R(Vr+1)xdr relationship types Er €
R(Vr+Dxdr node properties Ep € RNP*4F  filter operators
Eo € RNoxdo "and expansion directions Ep € R?*> Here,
N and d represent the number of elements and the embedding
dimension for each category, respectively.
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Figure 2. Framework Overview.

+ Node Feature Representation: For a node v in the query query into a query graph G, = (V,, E,). Each node

graph, its feature vector X, is determined by its label
information and filter conditions. Let the label index of
node v be idz(l,), and the set of attached filter conditions
be F, = {f1, f2,---, fr}, where each filter f; consists of
a property index idxz(p;) and an operator index idx(0;).
We first compute the aggregated predicate representation
epred(v) by averaging the sum of property and operator
embeddings for all filters:

_ ﬁ S (Eplida(p:)] + Eolida(0,)))
Ul fieF,
(D

The final node feature vector is obtained by projecting the
concatenation of its label embedding and the aggregated
predicate embedding through a two-layer multi-layer per-
ceptron (MLP):

X, = MLP,oae ([E [idx(1,)] @ €prea(v)])  (2)

€prea(V)

Relationship Feature Representation: For a relation-
ship r, its feature vector X, is determined by its type
index idz(t,) and the selected direction d at the current
expansion step. Its feature vector is projected by an MLP
after concatenating the corresponding embeddings:

X, = MLPedge ([ER [idx(tr)] ® Ep [d]]) (3)

v € V, is initialized with its feature X, generated via the
method in Section B, and each edge e € E is initialized
with feature X,.. We employ a graph attention network
(GAT) to encode G,. Through its message-passing and
self-attention mechanisms, the GAT can learn the impor-
tance of different nodes and their neighborhoods. The
update rule for the representation of node 7 at layer [ is
as follows:

h(.l) =0 Z

JeEN ()i}

awOnl—v (4)

where «;; is the attention-based weight coefficient. After
two layers of GAT propagation, we apply global average
pooling to the final node representations to obtain a
fixed-dimensional query graph embedding vector e,. This
vector remains constant throughout the decision-making
process for a single query, serving as static context.

Local Plan Embedding(e,, ): To dynamically encode the
progressively generated execution plan, we introduce a
Tree-Long Short-Term Memory (Tree-LSTM) network.
We recursively construct a left-deep, ternary tree from a
sequence of t expansion operations. Each internal node
represents an expansion operation, with three children
corresponding to: (1) the partial plan subtree from the
previous step, (2) the relationship used in the current

C. State Representation
expansion, and (3) the newly added node in the current

expansion.We use an N-ary Tree-LSTM cell to encode
the tree bottom-up. For any node j, its hidden state h;
and cell state c¢; are computed as:

. Global Query Embedd.ing(eq): To capture the structural ij = o(Wix; + Z Uirhy,) 5)
information of the entire query, we parse the Cypher KeC(j)

The agent’s state S; comprises a global query embedding
eq and a local plan embedding e,,, generated by distinct
neural network modules to capture static global information
and dynamic local information required for decision-making.

785

Authorized licensed use limited to: University of Chinese Academy of SciencesCAS. Downloaded on March 04,2026 at 09:55:35 UTC from IEEE Xplore. Restrictions apply.



fjr = o(Wyx; + Ujshy), Ve C(j)  (6)

0; = oc(Wox; + Z Uorhy) Q)
keC(j)

w; = tanh(Wx; + Y Uurhy) ®)

keC(4)

=0+ Y froc ©)
keC(4)

h; = 0, ® tanh(c;) (10)

where x; is the input feature of node j (generated
as per Section B, depending on whether it is a node,
relationship, or internal expansion node), and C(j) is
the set of its children. The hidden state of the root node
h,, aggregates the structure and order information of the
entire partial execution plan, forming the dynamic plan
representation vector e, .

D. Reinforcement Learning Model

We formulate the expansion order selection task as a
Markov Decision Process (MDP), with the core elements
M = (S, A, P,R,~) specified in this context as:

o State Space S: As described in Section C, the state is

St =eqDep,.

o Action Space A: An action a € A is an expansion
operation (r,d), where r is a relationship in the query
and d € {0, 1} indicates the direction. The set of legal
actions A; at state S; is constrained by graph traversal
logic, allowing only expansions from a node already in
the partial plan to a new node via an unused relationship.

o Reward Function R: A sparse reward is used, where
Rfinal = log(Toriginal/T}ewritten) is giVen Only at the
terminal state, and intermediate rewards are 0.

We employ a Deep Q-Network (DQN) [17]to approximate
the optimal action-value function Q*(s,a). Both the policy
network (Jp and target network Qy: utilize a four-layer fully
connected network with Layer Normalization at the input to
stabilize training and prevent issues arising from varying input
vector scales. The network takes the concatenated state vector
S; as input and outputs Q-value predictions for all possible
actions. During action selection, we use an Invalid Action
Masking mechanism, setting the Q-values of illegal actions
to negative infinity, ensuring the agent only chooses from A;.
The algorithm is based on the Double DQN [18] framework to
mitigate the overestimation of Q-values common in standard
DQN. The target Q-value is computed as follows:

= S ! 11
o =arg max Qo(Sty1,a") (1D
Y: = Riy1 +7Qo (Se41,a™) (12)

The network parameters 6 are updated by minimizing the
Huber loss (Smooth L1 Loss) between the predicted Q-value
Qo (St, A;) and the target Q-value Y;.

E. Query Rewriting

To apply the optimal action sequence learned during re-
inforcement learning to actual database queries, we design
and implement an automated query rewriting module. This
module systematically converts the agent’s output expansion
sequence into a Cypher query that enforces the execution order
in Neo4j. The expansion sequence is decomposed into a series
of single-step expansion operations, leveraging nested CALL
subqueries to receive variables matched in the previous step,
execute a new expansion, and pass newly matched variables to
the next block. This approach decomposes a complex MATCH
pattern into a strictly ordered chain of subqueries, enforcing
the optimized plan at the database level. Algorithm 1 outlines
the query rewriting process.

Algorithm 1: Query Rewriting Algorithm
Input :

Original parsed query object P, Expansion
sequence Sp = [(11,d1), ..., (rn,dN)]
Output: Rewritten Cypher query string
Initialize cypher_blocks = [], visited_nodes = {}
Determine the starting node vy, from Sg[0]
block = GEN_MATCH (vyar)
cypher_blocks.append(block)
visited_nodes.add(vgr)
for (r;,d;) in Sg do

Determine the known node vy,own and the new
node vy for the current expansion

s | block = GEN_EXPAND (Uxnown, Unew, Ti, i)

9 cypher_blocks.append(block)

10 visited_nodes.add(vnew )

11 end
12 return JOIN(cypher_blocks) + GEN_RETURN(P)

N N R W N -

IV. EXPERIMENT ANALYSIS

This section presents a comprehensive empirical evaluation
of the proposed DRL-based Cypher query optimization frame-
work. The objective is to quantify and validate the performance
advantage of our method over native optimizers in mainstream
graph databases on a standard graph query benchmark.

A. Experimental Setup

a) Dataset: Our evaluation utilizes the Graph Join Or-
der Benchmark (G-JOB) dataset, a specialized benchmark
for graph databases derived from real-world IMDB data. It
comprises 113 distinct Cypher queries generated from 33 tem-
plates, showcasing diverse graph patterns with complexities
(number of relationships) ranging from 2 to 13. For our experi-
ments, these original 113 G-JOB queries constitute our test set,
used to rigorously assess our model’s performance on standard
workloads. To train our DRL model, we generated a separate
and extensive training set by programmatically instantiating
parameters from the G-JOB templates. This methodology
ensures a varied learning environment and a clear separation
of parameter values between the training and test queries.
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b) Baseline: To objectively evaluate the performance
of our method, we selected the native query optimizer of
Neo4j database (version 4.2) as the primary baseline. We
recorded and compared actual execution times between queries
rewritten by our framework (Rewritten Query) and original
queries executed directly on Neo4;.

¢) Evaluation Metrics: We employed two standard met-
rics to evaluate query optimizer performance:

o Average Query Latency (AQL): Defined as the total
time required to execute a single Cypher query, measured
in milliseconds (ms), averaged over all queries. This is
the most direct and crucial indicator of query execution
efficiency.

o Average Performance Gain Ratio (APGR): Quantifies
the average speedup achieved by our method relative
to the baseline. For each query ¢; in the test set,
its individual performance gain ratio is calculated as
PGR; = Tiiginal,j/Trewriten,;- The overall Average Per-
formance Gain Ratio is then computed as the arithmetic
mean across all M queries in the test set:

M
APGR — i Toriginal,j

(13)
M j=1 Trewritlen,j

where Toriginal,j and Trewrien,j Tepresent the latency of
executing the original and rewritten query g;, respec-
tively. An average ratio greater than 1 indicates overall
performance improvement by the proposed method.

d) Implementation Details: Our DRL model is imple-
mented using the PyTorch and trained on a server equipped
with an NVIDIA Tesla T4 GPU (16GB). Training consisted
of 5000 episodes. Key DQN hyperparameters included: Adam
optimizer with learning rate 1 x 10, the discount factor 7 is
0.99, the experience replay buffer capacity of 10,000, and the
training batch size of 64. All queries were executed on Neo4;j
Community Edition 4.2 instances. Database cache was cleared
programmatically before each query execution to ensure fair
and reproducible results.

B. Experimental Results and Analysis

To illustrate the learning process and convergence of our
DRL agent, Figure 3 presents the training loss curve over 5000
episodes. We observe a consistent decrease in loss, indicating
that the agent effectively learns to approximate the optimal Q-
values and stabilize its policy. The curve’s gradual flattening
suggests that the model has largely converged, achieving stable
learning performance towards the end of the training process.
This convergence demonstrates the robustness of our DRL
architecture and training methodology.

We evaluated our trained DRL model (Our Method) against
the Neo4j native optimizer (Neo4j Native) on the G-JOB
test set. The experimental results clearly demonstrate that our
method achieves significant performance improvements across
the majority of test queries.

As shown in Table 1, our method reduces the average
query latency from 13675.88 ms to 9627.45 ms, yielding an

018

016

Average Loss

13 1000 2000 3000 4000 5000
Episode

Figure 3. Model Training Loss Curve.

Table 1. Average Performance Comparison on G-JOB Test Set

Method AQL (ms) APGR
Neo4j Native 13675.88 1.00x
Our Method 9627.45 3.51x

APGR of 3.51x.This result empirically demonstrates that the
proposed DRL framework can effectively learn and generate
superior query execution plans than the database’s built-
in optimizer, thereby substantially enhancing Cypher query
execution efficiency.

Figure 4 illustrate the performance advantage of our method
becomes more pronounced with increasing query complexity.
For queries involving a higher number of relations, the re-
duction in AQL is particularly significant, aligning with the
overall trend of improved optimization efficacy for complex
patterns.

To further illustrate the per-query performance improve-
ments, Figure 5 presents the performance gain ratio achieved
for each query template in the G-JOB test set. We observe
that our method consistently outperforms the native optimizer
across most templates, with varying degrees of accelera-
tion.Specifically, the performance gain ratio exceeds 1.0x (the
horizontal line at APGR= 1) for the vast majority of query
templates, indicating that our DRL-based approach effectively
shortens query execution times. For several templates, the
improvements are notably significant, underscoring the DRL
agent’s strong capability in learning optimal expansion orders
for complex graph queries.

While a few templates exhibits limited optimization gains,
highlighting specific improvement opportunities rather than
fundamental constraints. These cases typically occur when the
native Neo4j optimizer generates already-efficient execution
plans, or where the specific patterns within these templates
may benefit from more extensive or targeted exploration during
the DRL training phase. Future work will address these
edge cases through adaptive training strategies and enriched
structural representations to enhance model generalization.

V. CONCLUSION

In this paper, we introduced a novel DRL framework for
optimizing the Cypher expansion order in graph databases.
We formulate this complex query optimization task as a se-
quential decision problem, where a DQN agent learns to select
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optimal expansion sequences through environment interaction.
We effectively combine a GAT for capturing global query
topology and a Tree-LSTM network for encoding the dynamic
progression of the execution plan. We conducted extensive
experiments on the G-JOB dataset, comparing our DRL-based
approach with the native Neo4j optimizer. The results demon-
strate that our method significantly reduces query execution
times across a wide range of queries. This validates the
effectiveness and efficiency of our proposed DRL framework
in generating superior query execution plans, particularly for
complex graph patterns where traditional optimizers often
underperform.
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