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Abstract

This paper presents the Graph Engine Service (GES), an advanced
graph database management system characterized by its compos-
able architecture and highly factorized query executor. This design
enables GES to manage a substantial volume of concurrent queries
with remarkable efficiency. GES currently holds the top position in
the authoritative LDBC-SNB-DECLARATIVE benchmark rankings,
showcasing its superior performance - exceeding the throughput
of the second-place system by over three orders of magnitude,
which provides its customers with exceptional cost-effectiveness
and extraordinary user experiences.

CCS Concepts

« Information systems — Database management system en-
gines; Database query processing.
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1 Introduction

Graph data is increasingly ubiquitous in Huawei’s products, pro-
viding an intuitive and powerful means of modeling complex rela-
tionships and interconnections across diverse entities. A multitude
of graph database management systems (GDBMS) [1, 12, 14, 18,
22, 28, 40, 42] have emerged as essential tools for processing such
data. Their ability to efficiently traverse relationships and perform
deep analytics on interconnected information makes them vital
for a wide range of applications, including social networks, recom-
mendation engines, fraud detection, and supply chain management
[5, 41, 46, 47]. These application scenarios require handling di-
verse graph query workloads, such as transactional, analytical, and
business intelligence tasks, which place high demands on system
performance. Key requirements include high throughput, robust
concurrency, data consistency, and low latency to ensure optimal
performance and reliability.

Existing graph databases, such as Neo4j [28], AgensGraph [1],
TigerGraph [40], TuGraph [42], and GraphDB [14], use relational
query engines that handle and map graph-specific query language
to relational operators, such as vertex expansion to join and prop-
erty access to projection [18]. Their executors process graph data in
a relational manner, with operators digesting inputs and generating
results as sets of tuples, also referred to as a flat representation. As
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demonstrated in our experiments, such relational tuples can con-
sume several gigabytes of RAM for a single query. The extremely
high memory overhead makes it hard for intermediate results to re-
side in the Last Level Cache (LLC). Additionally, the data movement
when piping these tuples between operators incurs inefficiencies.

Factorization [29] is an effective method to address the volume
issue of intermediate tuples and is widely used in RDBMS. It in-
volves decomposing complex data structures into simpler, more
normalized forms, representing them in a factorized format to re-
duce redundancy and ensure data integrity. Few graph database
products apply factorization in their query engines, with Kuzu [18]
being the only one to explore its usage, primarily focusing on opti-
mizing the performance of many-to-many (m-n) joins by modifying
the hash join operator.

However, existing graph databases that utilize factorization have
several limitations. First, complex query workloads in graph databases
are typically evaluated by cooperating different operators, not just
joins. Current systems handle other operators on a case-by-case
basis, which introduces additional overhead [15, 18, 19]. Second,
during the evaluation process, flat and factorized data are frequently
mixed and transformed, leading to significant overhead in process-
ing time and computational resources, making them less suitable
for large-scale or real-time applications. Third, in an execution
plan, operators can be piped in various orders. Optimizing factor-
ization manually for each operator order and combination incurs
significant complexity in programming, engineering, and testing.

To address these challenges, we have developed an efficient and
generic factorized query engine in Huawei Graph Engine Service
(GES). The key technical approach is to design a practical factorized
representation based on factorization theory [32] by developing
efficient in-memory tree-like structures that reduce redundancy in
intermediate results. The core components of our data structures
are designed to be compact and succinct, maximizing cache effi-
ciency even for billion-level graphs in more complex queries. Based
on this new representation, the query engine can natively support
the execution of most frequently used operators in a factorized
manner without introducing significant additional overhead. The
new GES engine is also designed to be compatible with existing
query optimization techniques, such as operator fusion, which is ef-
fective in shortening execution plan pipelines and further reducing
the cost of generating and passing intermediate results.

With the factorized query engine, GES achieves substantial per-
formance improvements, enabling fast query execution, extremely
high throughput, and low latency for complex query processing
tasks. Extensive experiments have been conducted to demonstrate
the effectiveness and efficiency of factorized GES, solidifying its
leading position among popular graph database products. Addition-
ally, the significance of the performance gains has been validated by
the authoritative LDBC-SNB-DECLARATIVE benchmark !, where
GES outperformed competitors by over three orders of magnitude.

2 Background

In this section, we begin by describing GES’s composable architec-
ture. Next, we examine the various graph query workloads that
GES is designed to handle.

!https://ldbcouncil.org/benchmarks/snb-interactive
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Figure 1: Composable GES architecture

21

Architecture. The architecture of GES, as shown in Figure 1, con-
sists of three disaggregated layers: a frontend layer, an execution
engine layer, and a graph storage layer. This architecture follows a
composable design [33]. Each layer of GES accommodates multi-
ple components, and each component comprises multiple modules.
Modules within the same component share some commonality
but are functionally diverse. To accommodate the increasing diver-
sity of workloads, GES can be configured as a specific graph data
management system by selecting modules from different layers and
registering them during development to achieve reusability and flex-
ibility. Currently, GES has been extensively developed in Huawei
Cloud to facilitate the querying and analysis of graph-structured
data based on various relationships.

Graph Model. GES adopts the Label Property Graph (LPG) model
[35]. LPG is a graph data structure that extends the basic graph
model by allowing nodes (vertices) and edges (relationships) to be
labeled and annotated with properties. In this model, nodes and
edges can each have one or more labels, which provide a way to
categorize them, and properties, which are key-value pairs that
store additional data.

Execution Engine. Upon receiving the intermediate representa-
tion (IR) of a query from the frontend layer, the GES execution
engine generates a corresponding physical execution plan based on
the configured modules. The execution engine consists of four major
components. The Primitives specify the data representation during
query execution and are currently configured to prefer factorization
through APIs in the Intermediate Data Structure Interface. In cases
where factorization does not provide a performance benefit due
to complex processing logic, the executor seamlessly switches to
block-based execution, continuing the processing until completion.
The Runtime manages the query workload parallelism, including
sequential, inter-query parallel, and intra-query parallel execution,
and also specifies the amount of computational resources invested.

System Overview
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The Executor handles individual operator evaluation based on the
determined primitives and data structures. Through a unified stor-
age access interface, the Executor runs operators against graph
storage backends, which have diverse storage formats and remain
transparent to the execution engine.

Our focus in this work is on the query executor. The other mod-
ules utilized in this system are highlighted in Figure 1.

2.2 Graph Query Workloads

General Graph Workload. The graph community classifies query
workloads into three primary categories [22]: Online Analytical
Processing (OLAP), Online Serving Processing (OLSP), and Online
Transaction Processing (OLTP). OLAP workloads are typically com-
plex, involving large-scale graph traversal for risk management and
pattern detection, often accessing a significant portion of data with
a high amplification rate and requiring parallelism and scalability to
reduce latency and errors. OLSP workloads focus on real-time data
fetching and processing, particularly for applications like recom-
mendation systems, involving frequent updates from user actions.
These workloads handle massive read and write query throughput
and require high elasticity to manage peak load bursts and dynamic
property changes. OLTP workloads, on the other hand, are transac-
tional in nature, ensuring data consistency and atomicity, especially
for updates across multiple vertices and edges, while maintaining
high throughput with lightweight read and write operations.
LDBC SNB Interactive Workload. The LDBC Social Network
Benchmark (SNB) Interactive workload simulates a real-world graph
processing scenario involving complex read queries that access the
neighborhood of a given node, alongside update operations that
continuously insert new data into the graph. Specifically, the work-
loads in LDBC SNB interactive v1 consist of 29 different queries,
which can be categorized into three types: 14 interactive complex
read queries (IC), 7 interactive short read queries (IS), and 8 up-
date queries (IU). IC queries involve complex interactions with the
graph, such as exploring relationships between entities, aggregat-
ing data, or finding specific patterns in the network. IS queries
focus on short and quick reads that retrieve specific pieces of infor-
mation, such as user profiles, friends, or posts. IU queries simulate
updates to the social network graph, such as adding new users, rela-
tionships, or posting content. Different queries are mixed based on
their frequencies, which are determined by the workloads. Detailed
descriptions of the workloads can be found in [21].

LDBC workloads are designed to comprehensively cover a wide
range of graph processing tasks, including OLAP, OLTP, and OLSP.
Additionally, our practical use of these workloads shows that they
align closely with GES application scenarios that require querying
rich relationship data, such as social relationship analysis, recom-
mendations, information communication, and anti-fraud. Therefore,
we test our system using these workloads to identify opportunities
for optimization and conduct fair comparisons with other systems.

Typically, a complete run of the benchmark is conducted on
two machines, where the system under test (SUT) is developed
on one instance, and the driver implementing LDBC workloads
runs on the other. The driver initializes queries and fires them to
the SUT for evaluation. Upon receiving the query results from the
SUT, the driver logs the results based on multiple metrics. Once
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Figure 3: Operator-level analysis of long-running queries

the benchmark is complete, the driver audits the correctness and
latency of the queries to ensure the benchmark is valid. It then
computes a score based on the throughput of the SUT and generates
a full report. An important parameter in the benchmark is the scale
factor (SF), which refers to the size of the graph data in gigabytes
and determines the amount of data used to run the benchmark.

3 LDBC Workload Execution Analysis

Among the three types of LDBC workloads, we focus on analyzing
and optimizing the performance of the GES execution engine on IC
queries, as they typically incur higher computational and memory
costs during evaluation.

3.1 Execution Analysis

The benchmark results of a single run of GES under LDBC SNB
workloads on SF100 are depicted in Figure 2. Here, we focus solely
on the query execution stage on a single core and omit the effects
of network latency, query planning, and parsing. We also exclude
IS and IU queries, as the costs associated with them are negligible.
As shown in the figure, the total and average running times of
different queries vary significantly. Several queries take hundreds
of times longer to execute than others. In the entire benchmark
test, these long-running queries contribute to prolonged resource
monopolization, complicating task scheduling. As a result, system
performance deteriorates as numerous short queries are blocked
and delayed.

Operator-Level Analysis. Note that the GES execution engine
evaluates a query based on its physical plan, which is provided
by the optimizer. The evaluation process passes through multiple
operators, with each operator consuming inputs from its child
operator and sending the generated output to its parent operator. To
analyze the evaluation cost of these long-running queries in greater
detail, we break down the runtime by operators and present the
results in Figure 3. Figure 3(b) highlights the most costly operators
for each query. It is evident that the Expand operator dominates
the runtime, accounting for nearly half of the total execution time.
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Expand typically processes a set of vertices, accesses the edges of a
specific relation for each vertex, and generates outputs consisting
of all neighboring vertices. Other operators, such as Select and
Project, also contribute a significant portion of the runtime.

To understand why the Expand operator is so costly, we con-
ducted profiling on its implementation. The results reveal that a
significant amount of time is spent on a loop that materializes a
flat table of tuples, where each row consists of a combination of
the source vertex and one of its neighbors. This inefficiency arises
because, in most graph database engines, each operator processes
data in a flat format, where the intermediate results (both inputs and
outputs) are fully materialized as multiple tuples. An example illus-
trating this process is shown in Figure 4. In this example, for a given
source vertex po and its property, the tuple is replicated many times
during the two-hop expansion, resulting in a large intermediate
result. Consequently, the vast amount of data is passed through and
processed by operators, leading to significant increases in memory
consumption. Our experimental results further reveal that the peak
size of intermediate results can reach several gigabytes, making
them difficult to fit in the last-level cache (LLC).

Relational database management systems (RDBMS) have adopted
factorization techniques to optimize the size of intermediate data.
In graph databases, as far as we know, only Kuzu [15, 18] has made
attempts to reduce this size by representing intermediate results
in a factorized format, supported by theoretical foundations [32].
In these works, significant effort has been put into optimizing the
performance of the join operator (which functions similarly to
the Expand operator), while considering the execution of other
operators on a case-by-case basis and demonstrating that addi-
tional overhead may arise during their processing. As shown in
Figure 3(b), other operators also consume a large portion of the
total runtime and should be handled efficiently. Moreover, the flat
and factorized representations in existing systems are currently
mixed and interconverted frequently throughout the evaluation, in-
curring additional computational overhead and reducing the overall
performance gains achieved through factorized representations.

3.2 Executor Design Goals
To address these issues, we set out to design a highly factorized
query executor capable of handling complex, real-world graph
workloads efficiently. We summarize the design goals as follows:
o Generalizability. To optimize the size of intermediate re-
sults, the factorized representation should be adopted in
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GES’s execution engine. Additionally, GES’s executor should
natively support the execution of most operators in a factor-
ized manner.

o Cache-efficiency. The factorized representation designed
in our engine should be concise and compact to significantly
reduce the size of intermediate results. The construction of
the representation and the processing of its data should be
performed within the LLC to fully utilize data locality.

e Integrability. Many optimizations have been proposed for
graph database query processors. GES’s query executor should
aim to accommodate these techniques and integrate them
seamlessly and effectively.

¢ Robustness. For complex operators, such as blocking op-
erators that require global information across all tuples, the
executor should efficiently de-factor the representation into
the standard flat format when necessary.

4 Query Executor

We next present GES’s query executor — a highly factorized pro-
cessor which executes the most (if not all) parts of a physical plan
in a factorized manner (i.e., organizing the intermediate results
produced by each operator in a compact, factorized data structure
while preserving the factorization relationship). When encounter-
ing complex processing logic where factorization offers no benefit,
the processor seamlessly reverts to block-based execution and con-
tinues processing until completion. Several optimization techniques
have been developed and applied to address efficiency issues. We
begin with a brief introduction to factorization theory, then illus-
trate the data structures adopted in our design, and subsequently
discuss the end-to-end query execution process.

4.1 Background: Factorization

Conceptually, factorization is a way of representing a relation sym-
bolically as relational algebra expressions consisting of Union (U),
Cartesian Product (x), and Singletons? [29]. It employs the Distribu-
tivity of Cartesian product over Union and factors out useless data
values (and hence the name "Factorization") to achieve succinctness.

Factorized representations utilize a form known as the f-tree
[29, 32], which exhibits several advantageous properties:

¢ Redundancy elimination. Data redundancies inherent in
traditional tabular representations can be eliminated through
a lossless yet more succinct factorized representation. Figure
5 shows an example where a relation represented in tabular
form necessitates the repeated storage of attribute a by k
times. In contrast, the factorized representation eradicates
data redundancy, as each attribute value is stored only once.

e Direct computation. Some processing logic can be directly
performed over the factorized representation without "de-
factoring”. For instance, suppose the f-tree shown in Figure
5(c) is adopted to "encode” the relation in Figure 5(a), and we
want to filter out some tuples based on the value of attribute
b. Without "decoding”, we can directly scan the leaves (which
store b) of the f-tree and mark the nodes that passes the
filtering condition as valid. The subsequent computation can
continue with the same f-tree.

2A singleton is a unary relation with only one tuple.
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Figure 5: Factorization eliminates data redundancies by its compact representation

e Constant-delay enumeration (Theorem 4.11. of [32]). The
enumeration of tuples in a factorized representation incurs
a time delay proportional to the size of each tuple, while
remaining independent of the overall number of tuples.

In other words, the factorization technique significantly en-
hances query processing. Firstly, factorized intermediate results
can be exponentially smaller than their flat representations [32],
thereby reducing memory overhead and minimizing data move-
ment between operators. Secondly, computations can be performed
directly on the factorized results, resulting in fewer predicate and
expression evaluations. Lastly, all tuples can be reproduced from
the factorized representation with the same time complexity as
generating the entire table.

4.2 Data Structures

Guided by factorization theory, we devise efficient in-memory data
structures to accommodate intermediate results and facilitate graph
query computations. The core component of our data structures
is a cache-friendly, column-oriented structure termed "Factorized
Block" (f-Block, denoted by ¥g), which stores the Union of tuples
over its own schema. A relation can be decomposed into the Carte-
sian Product of several f-Blocks. To maintain this "product” relation-
ship, we construct a tree (f~Tree, denoted by F7-), where each node
v € ¥ manages an f-Block, and each edge (u,v) € ¥ indicates
the Cartesian Product relationship between the f~-Blocks contained
in u and v respectively. The details of the aforementioned data
structures are illustrated below.

f-Block (Fg). An Fg is defined as a set of columns. It also posses a
schema, denoted as S (Fg), which is the set of attributes depicted
by each column. The following explains some basic properties:

e Column-oriented storage: each column stores a set of
Singletons (with the same data type) in a consecutive chunk
of memory.

e Cardinality restriction: each column has the same cardi-
nality, denoted as Ngg.

o Relation representation: given an index i € [1, Nﬂ;]: we
can generate a tuple t = Tg[i] by collecting all the values
stored in the i-th position of each column. Then for an index
range [i, j],

Flt1 = 7l U i1l |y ]

Specially, 5 [1’NTB] represents all the tuples (over the schema
S (F8)) encoded by Fg.
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Example 4.1. Figure 6 illustrates an f~Block comprising two columns.
S (Fg) = {personld, firstName}, N¢, = 3, and 773[2] exempli-
fies a tuple {p2, Rahul}. m]

f-Tree (F7). The f-tree form, as introduced in [32], holds theoret-
ical significance but lacks practical applicability due to efficiency
concerns. To remedy this, we modify it to a tree that can be effec-
tively deployed practically. An ¥4 is a rooted tree where each node
u € Fq contains:

e an f-Block, denoted as ‘Fug.

e a selection vector S where

u [i]
] , S[l] — 1 lf TB

0 otherwise

foranyi € [l, Nu is valid
Fa
e a set of child pointers where each of them points to a spe-
cific child v of u. The directed edge (u,v) is associated with
an index vector I(, .. Each element I(,, ) [i] = [J, k] rep-
u [i]
resents an index range, which indicates that g
o [kl
to the Cartesian Product rule with g
u [l] ] I(u,u) [l]
ently, fg X g

u [
schema S (7"3 uS (7"3

adheres
. Phrased differ-

defines a set of tuples over the

,where i € [1,Nu },j < k and
Fs

i,k] € |1,N o |.
[j, k] 2

Note that the last bullet applies only if u is an internal node of F-.
Given a node u € Fq and let C;, be the children of u. Fix an

i€ [1, Ngg ], we use R, to symbolize the relation "induced” by u
8
and i in the sub-tree of ¢ rooted at u (denoted as ¥¢-,,), where
u li]
if u is a leaf node

i (1

X | X U Ry,| otherwise
vECy je€lyv) il
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Denote by r the root of a given -, then the relation R, fac-

torized by ¥4 can be calculated as follows:
Ry =

- U =

i€

@

LN »
78

Example 4.2. Figure 7 demonstrates an - rooted at r. By equa-
tion (1), R} = {c1,6}, R = {c3,5}, R} = {my, 140}, RZ = {my, 123}
and R3 = {m3, 120} since u and v are both leaf nodes. R? and R}
are invalid as indicated by the selection vector of u. Additionally,

Ry = {p1} x Ry x Ry = {{p1,¢1,6,m1,140}}
R = {p2} x RS x (R UR3)
= {{p2, 3,5, mz, 123}, {p2, 3,5, m3, 120} }
Thus by equation (2), we can show that:
Ry =R} UR?
= {{p1, c1, 6, m1, 140}, {p2, c3, 5, ma, 123}, {p2, c3, 5, m3, 120} }

namely, R#, encodes 3 valid tuples. O

Denote by S (Rg.) the schema of Ry . It is important to note
the following disjoint schema partition property:

« U S 5%):3(7@,,.),

uefr

.S (?ug) ns (f}%) =0,V e Fi.

In other words, the proposed f-Tree decomposes the schema of a
relation into disjoint subsets and utilizes its nodes to cover each sub-
set. The internal structures (e.g., f-Block) and the metadata (e.g., the
index vector) stored therein collectively manage the relational alge-
bra relationships (i.e., Union and Cartesian Product of Singletons),
thereby constituting the entire factorization logic.

-
Example 4.3. For the 7 shown in Figure 7, S (Tg) = {pId},

u [
S (7”3 = {comId, comLen}and S 5‘73) = {postId, postLen}.
r u
Clearly, they are disjoint and S (R(F7)) = S 7:;3) usS (7"3 U
[
S (?3) ={pId, comId, comLen, postId, postLen}. o
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The following lemma manifests an important property of an Fo-.

LEMMA 4.4. The tuples factorized by a given Fq- can be enumerated
inO (|S (Re) |) delay and space.

The above lemma implies that the proposed f-Tree structure
retains the constant-delay enumeration property with respect to data
complexity (where the schema size will be regarded as a constant),
which is crucial for efficiency in case we need to materialize all the
tuples in R . The proof is provided in our technical report [16].
Flat-Block. The intricate computational logic, such as group-by op-
erations involving multiple attributes that span different nodes of a
f-Tree (F7), diminishes the efficiency of factorization. Consequently,
the ultimate solution involves de-factoring the 4 and storing the
enumerated tuples into a flat data structure - specifically, the flat-
block. A flat-block is essentially a fundamental, row-oriented data
structure widely adopted in a typical database executor where each
row corresponds to a distinct tuple.

4.3 Query Processing

We are now ready to discuss the processing of a graph query by our
highly factorized executor. Our discussion begins with an overview
of the frequently used operators in a typical graph database. It then
continues with a detailed presentation of the factorized execution
process, using an end-to-end example. Finally, we examine the
primary optimization technique, known as operator fusion, which
effectively reduces the overhead introduced by the de-factoring
process when the ultimate solution has to be adopted.
Operators. A typical interactive graph query starts with a given
vertex s of the data graph G and performs a multi-hop traversal to
obtains a set of neighbors within certain distance from s. Meanwhile,
properties of neighbors are obtained for further processing (e.g.,
filtering, statistics calculation). The final results presented to a user
are often sorted and limited to a certain cardinality. This process
involves the following frequently used operators.

e Expand. Similar to the Join operator in relational databases,
the Expand operator is the most data-intensive. It extends
a set of starting vertices to their (multi-hop) neighbors, po-
tentially generating an exponentially large number of in-
termediate results (i.e., a substantial volume of "start-vertex,
neighbor" pairs). To eliminate duplicates, source vertices can
be stored in an f-Block, while their neighbors are recorded
in another f-Block. These two factorized blocks are inter-
connected through the nodes of the corresponding f-Tree,
with neighbor relationships specified by the index vector
associated with each f-Tree edge. Essentially, each execution
of the Expand operation adds f~Tree nodes to a factorization
tree (F7), progressively expanding it into a larger structure.

e Projection, Filter.Due to the columnar storage struc-
ture of the f~Block, it is straightforward to append new columns
(e.g., for storing vertex or edge properties) or retrieve specific
columns from an Fg. Consequently, Projection operations
can be efficiently managed. Regarding Filter operations,
the disjoint schema partition property of an F¢- allows for the
rapid identification of the f~Tree nodes encompassing the fil-
tering attributes. Subsequently, the corresponding selection
vector can be updated by evaluating the filtering expressions.
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Figure 8: An example of factorized query processing

e Order-By, Aggregation. The simplest case of Order-By
(or Group-By) involves attributes that are confined to the
same f-Tree node. In this scenario, we traverse and identify
the corresponding f-Tree node, subsequently appending a
special column to the g to indicate the orders (or groups)
of each tuple. Enumeration thus follows by scrutinizing this
special column. However, when Order-By (or Group-By) at-
tributes span multiple f~Tree nodes, the process becomes
significantly more complex, rendering factorized structures
less advantageous. In such cases, the ultimate solution is to
de-factor the Fq- into a flat-block and the subsequent down-
stream tasks (e.g., aggregation) will resort to the traditional
block-based execution.

Factorized Execution. We present an end-to-end example to elu-
cidate the factorized execution process. Consider the following
Cypher query, which shares a query pattern similar to IC9 as de-
picted in Figure 10(b), executed over the data graph in Figure 8(a):

MATCH (p:PERSON)-[:KNOWS*1..2]->(f) WHERE id(p) = po
WITH f

MATCH (f:PERSON)<-[:HAS_CREATOR]-(msg)

WHERE msg.len > 125

RETURN id(f), id(msg), msg.len

ORDER BY msg.len DESC, id(f) ASC

LIMIT 2

The query will be passed to the GES’s parser and optimizer, ulti-
mately generating a physical plan which will be handed over to the
executor. One possible plan and its execution process for the afore-
mentioned query is demonstrated in Figure 8(b) and illustrated as
follows: a NodeByIdSeek operator first locates the vertex with the
identifier pg in G and stores it in the root r of an ¥4 (Figure 8(b)(i)).
Subsequently, by following "KNOWS" edges, a 2-hop expansion is
performed to find all friends of py within a distance of 2 (in terms
of the number of edges). The friends’ IDs are stored in another f-
Block contained within an f~Tree node u, whose parent is r, with the
Cartesian Product relationship between pg being specified by the
index vector I, ,,) (Figure 8(b)(ii)). Similarly, another Expand oper-
ator identifies messages created by those friends, extends the Fo-

0
by adding a child node v to u, and stores the messages’ IDs in Fg.
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The index vector I(u, v) is attached to the f-Tree edge (u,v) for fac-
torization purposes (Figure 8(b)(iii)). Subsequently, a Projection
[

operator appends a new column to ¥g to accommodate the mes-
sage length (Figure 8(b)(iv)), and a Filter operator updates the
selection vector of v by evaluating the filtering condition "msg. len
> 125" (Figure 8(b)(v)). Observing that the attributes involved in
the Order-By operation span two different nodes of ¥, our query
executor thus automatically de-factors 4 by enumerating the valid
tuples with a constant delay while maintaining and outputting the
final top-2 results in the form of flat-block (Figure 8(b)(vi)).
Applicability and Trade-offs. As mentioned before, complicated
computations diminish the efficiency of factorized data structures.
For instance, handling cycles or loops in a query requires perform-
ing joins between different f~Blocks. In such cases, all tuples have to
be materialized, causing GES’s executor to revert to the traditional
flat-block-based execution. Although Lemma 4.4 theoretically guar-
antees a fast de-factoring process, practical implementations still
incur non-negligible overhead due to f-Tree traversals, memory
copies and data movements.

Operator Fusion. To maximally reduce overheads and exploit per-
formance advantages of factorization, we use operator fusion — an
optimization technique used in database systems to improve query
performance by merging multiple operators into a single, more
efficient operator [25]. This process minimizes the overhead asso-
ciated with materializing intermediate results and passing tuples
between operators. By fusing operators together, the system can
execute complex operations more efficiently, reducing the number
of intermediate steps and memory accesses, leading to better CPU
and cache utilization.

It has been observed that certain computation patterns frequently
occur in interactive graph queries. For instance, Aggregation fol-
lowed by Projection and Top-k is commonly seen not only in
LDBC benchmarks (e.g., IC5 and IC6) but also in queries from
GES’s customers. However, complex aggregations are operations
that our factorized executor is not well-suited for, and therefore
must be processed by first de-factoring the f-tree. This process may
introduce overhead and counteract the benefits of factorization.
This is precisely the scenario where operator fusion can have a
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significant impact. GES’s optimizer effectively identifies the afore-
mentioned pattern based on predefined heuristic rules and fuses
them into a single operator. In addition to the AggregateProjectTop
fusion, other commonly used fusion rules can also be efficiently im-
plemented using our f-Tree. For example, the VertexExpand fusion
combines the NodeSeek and Expand operators to directly retrieve
the set of neighbors of a given vertex without enumerating its adja-
cent edges. The FilterPushDown fusion pushes the predicates of the
Filter operator down to the appropriate pattern matching, reduc-
ing intermediate results. For instance in Figure 8(b), the Filter in
step (v) can be moved behind step (ii) and fused with the Expand op-
erator in step (iii), avoiding the listing of unused neighbors my and
ms3 along with their properties. Many other operator fusion rules
can also be applied to the factorized representation we propose,
without introducing additional overhead.

5 Implementation Details

Graph Storage. Our system stores the entire graph using an adja-
cency list representation implemented as an array adjMeta of arrays
(adjArray) as shown in Figure 9, where adjArray stores neighbors
of each vertex and adjMeta of size |V| indexes the metadata of ad-
JArray, including the RAM address and length. The adjMeta can
be refered in a hash table where the key is encoded as a tuple
(srcLabel, edgeLabel, dstLabel, direction). Since the size of the hash
table is quite small in the real-world applications and adjArray can
be directly accessed by adjMeta, therefore, the cost to identify an
adjacency array is minor. It is known that adjacency array is not
that flexible for the update of graph topology, here we adopt a
widely-used technique, marking for deletion and allocating larger
space once insertions take all slots in adjacency arrays, to address
this issue. For vertex properties, we organize them in a columnar
table, with each row corresponding to a vertex and each column
representing a property. Our graph storage shows practically ef-
ficiency based on the truth that read queries are dominant in the
real-world applications.

Concurrency Control. To coordinate query execution and ver-
sioning, the system employs a version manager initialized to zero.
Because write queries update the graph with known write sets in
advance, we coordinate them using the classical Multi-Version Two-
Phase Locking (MV2PL) protocol to ensure serializability. MV2PL
allows for non-blocking reads. To support this concurrency control
method, we maintain coarse-grained versions at the vertex level
rather than at the edge level. Specifically, a write query creates a
new snapshot for the vertices it modifies using a copy-on-write
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Table 1: Datasets and statistics

[ #Edges [ Graph Size

l Scale Factors [ #Persons [ #Vertices

SF1 11K 4.0M 23.0M 1 GiB
SF10 73K 36.4M | 231.4M 10 GiB
SF30 182K 106.7M | 701.4M 30 GiB
SF100 499K 337.4M 2.3B 100 GiB
SF300 1.25M 969.9M 6.7B 300 GiB

person: Person

person: Person Kknows*1..2

otherPerson: Person

hasMembey,  hasCreator

$minDate < hasMepsfSer.creationDate i

s

count 3
containerOf lid hasCreator
poonaner .
id |:| lcontent/imageFile
title creationDate<$maxDate
(a) IC5 (b) ICY

Figure 10: Visualization of sample interactive complex read
queries. Keywords in bold italics represent input parameters.

strategy, while read queries construct a graph snapshot by com-
bining the snapshots of these vertices. Additionally, our system
employs a memory pool to facilitate the copy-on-write strategy,
reducing the overhead caused by frequent memory allocation and
deallocation by the operating system.

Vectorization. Our factorized executor is well-suited for incorpo-
rating vectorization as a general optimization technique, primarily
due to the column-oriented design of f-Block. During the genera-
tion of a physical plan, the f-Tree (and consequently, the f-Blocks) is
pre-allocated in advance. This pre-allocated f-Tree is subsequently
reused across different processing batches, thereby avoiding the
overhead associated with dynamic memory allocation and deallo-
cation. Additionally, we leverage SIMD instructions provided by
modern CPU architectures to further accelerate query processing.

Pointer-based Join. In essence, pointer-based join is a technique
used to efficiently process join queries by leveraging pointers or
references to link related records [38], bypassing the need for full ta-
ble scans or nested loops, which can be computationally expensive.
This can lead to significant performance gains, especially for large
datasets and complex queries. For graph queries, finding neighbors
for a given set of vertices is an ubiquitous operation, commonly
appearing in an Expand operation (i.e., the Join). This typically
necessitates copying neighbor IDs into the data structure accom-
modating intermediate results (e.g., a column of an f-Block), which
incurs additional overhead. Fortunately, for a given vertex, we can
directly access its neighbors by scanning the corresponding adjAr-
ray, thanks to our graph storage design (see Figure 9). Therefore,
in our practical implementation, instead of materializing neighbor
IDs into a column, we can store only (1) the pointer to the memory
address of adjArray and (2) the size of adjArray to avoid expensive
data scan and copy. Those neighbor IDs are accessed or lazily copied
via the stored pointer and size information only if we have to do so
(e.g., during de-factoring of an f~Tree). This approach dramatically
accelerates the join processing.

6 Evaluation

Experiment Setup. The experiments are conducted on two ac8.48-
xlarge.4 instances in Huawei Cloud, where one runs the system
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under test (SUT) and the other runs the driver, which fires queries
against the SUT based on the workloads, collects and logs the re-
turned results, and generates statistical reports. Each instance, run-
ning Ubuntu 20.04 LTS, is equipped with 96 AMD vCPUs at 2.4
GHz, 384 MB of LLC cache, and 768 GB of DDR5 RAM.

Graph Datasets and Workloads. All experiments are conducted
following the LDBC SNB benchmark auditing policies, as the bench-
mark covers a comprehensive set of graph processing scenarios.
The datasets used in the experiments are generated using the LDBC
SNB Hadoop-based Datagen [20]. Table 1 presents the statistics for
five graphs of varying scales, with the graph size calculated based
on the storage required for both the topologies and the properties of
the vertices and edges. The workloads, including the query genera-
tion method, the number of each type of query, and the frequency
of query submissions, align with the benchmark. We ensure that all
results are reported under the best Time Compression Ratio (TCR),
which means that the number of delayed queries does not exceed 5%
of the total. Two example queries and their corresponding tasks are
illustrated in Figure 10. More details about the datasets, workloads,
and auditing can be found in [21].

System Under Test (SUT). We compare our system with multiple
leading competitors. For GES, we consider three variants: GES, GES 7,
and GES?,.. The versions GES and GES f represent intermediate results
in flat and factorized forms, respectively. The version of GES with
the best performance, denoted by GES;‘C, is obtained by applying
operator fusion to GES . To evaluate competitors using the LDBC
SNB interactive benchmark, each system must implement the LDBC
driver interface. Although our goal was to include a diverse array of
graph database systems in this comparison, several systems, such as
Kuzu, lack the required implementation and are therefore excluded
from this experiment. Nevertheless, the comparison includes six
widely adopted systems: Neo4j v5.25.1 [28], PostgreSQL v17.1.0
[34], GraphDB v10.7.6 [14], TigerGraph v2.5.1 [40], TuGraph v1.4.4
[42], and AgensGraph v2.1.2 [1].
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Figure 12: P99 and P99.9 tail latency on SF300

6.1 Ablation Study

To study the effects of factorization and optimizations, we first
compare the performance of three variants of our executor: GES,

GESf, and GES;}.

Latency of Individual Queries. Figure 11 presents the average
response time of each query on four graphs. As we can clearly
see, GES f, equipped with the factorized executor, outperforms the
baseline GES for all queries across all datasets. The speedups for
queries like IC10 and IC14 reach one to two orders of magnitude,
even on the large-scale graph SF300. Moreover, the operator-fusion-
based version GES}Qc further reduces the runtime by several orders of
magnitude for queries that are not efficiently handled by GES¢. For
instance, on SF10, the optimization achieved through factorization
alone may be less pronounced. This could be attributed to the
simplicity of query patterns in short-running queries, which involve
small, already compact flat blocks, resulting in limited benefits from
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Table 2: The peak RAM usage of intermediate results and the reduction ratio (R.R.) of GES
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*

compared to GES, with R.R. above

f
90% highlighted
Query SF10 _ SF30 _ SF100 . SF300 .
GES GESf GESf RR. GES GESf GESf RR. GES GESf GES} RR. GES GESf GES} RR.
IC1 30MB 11MB 91.9KB[96.9%| 7.0MB 2.7 MB 211.0KB|97.0%| 16.0 MB 5.9 MB 361.2KB|97.7%| 31.9 MB 12.1 MB 940.5 KB|97.1%
1C2 8.5 MB 936.3 KB 460.5 KB|94.6%| 9.3MB 1.2 MB 448.6 KB|95.2%| 125 MB 1.7 MB 569.7 KB|95.4%| 125 MB 2.1 MB 476.6 KB|96.2%
1C3 6.7MB 67MB 6.6 MB| 0.7%| 22.1 MB 22.1 MB 22.0 MB| 0.3%| 61.8 MB 61.7 MB 61.7 MB| 0.1%|186.0 MB 186.0 MB 185.9 MB| 0.1%
1C4 33MB 19MB 18MB|46.5%| 6.6MB 39MB 3.6MB|455% 6.6MB 38MB 3.6MB|457% 95MB 55MB 52MB|452%
IC5 |58.0MB 15.1MB 1.7KB|99.9%|530.4 MB 183.3 MB 1.9 KB|99.9%|879.3 MB 286.8 MB 1.6 KB({99.9%| 1.4 GB 435.2 MB 1.6 KB(99.9%
ICe 21MB 20MB 14MB|33.4%| 42MB 41MB 27MB|36.1% 94MB 93MB 54MB|43.0%| 21.1 MB 21.0 MB 10.4 MB|50.7%
1c7 93KB 80KB 7.7KB|16.7%| 28.8KB 20.4KB 19.9KB|30.8% 78.4B 67.2B 67.2B| 14.3%| 24.2KB 17.0KB 16.6 KB|31.3%
1C8 93KB 83KB 7.0KB|253%| 4.2MB 7353 KB 600.9KB|85.6%| 105KB 7.7KB 6.6KB|37.6%| 17.2KB 94KB 8.4KB|50.9%
1C9 1.0 GB 106.3 MB 57.8 MB|94.5%| 1.6 GB 170.9 MB 86.1 MB|94.6%| 2.4 GB 254.9 MB 127.2 MB|94.6%| 3.0 GB 346.9 MB 151.0 MB|94.9%
IC10 | 36.8 MB 36.8 MB 36.6 MB| 0.6%| 56.0 MB 56.0 MB 55.8 MB| 0.4%| 76.1 MB 76.2 MB 759 MB| 0.2%| 93.1 MB 933 MB 92.9 MB| 0.2%
IC11 |430.1 KB 418.6 KB 406.7 KB| 5.4%| 611.8 KB 600.3 KB 588.5 KB| 3.8%| 796.2 KB 784.7 KB 772.8 KB| 2.9%| 1.1MB 11MB 1.1MB| 2.0%
IC12 | 254 MB 254 MB 14.5 MB|43.1%| 33.8 MB 33.8 MB 19.2 MB|43.2%| 48.6 MB 48.6 MB 27.6 MB|43.2%| 58.6 MB 58.6 MB 33.2 MB| 43.3%
IC13 192.0B  192.0B 192.0B| 0.0%| 192.0B 192.0B 192.0B| 0.0%| 192.0B 192.0B  192.0B| 0.0%| 192.0B 192.0B  192.0B| 0.0%
IC14 | 12.7 MB 110.1 KB 107.0 KB|99.2%| 11.7 MB 10.3KB 9.9 KB|99.9%| 16.6 MB 955.4 KB 928.4 KB|94.4%| 28.9 MB 798.6 KB 776.1 KB|97.3%
Table 3: Comparison of throughput and speedup across three & 70K I o
GES variants & 00K | m- SF30 = ggég A
:501{ g%gg 6 SF100 . A
[SFs | GES |  GESf GES’; 2 40K 2 g sFs00 M
§030K a 4 B
SF10 3,866 | 18,527 | 4.8x | 65,718 | 17.1x 2 20K - “ o, &
SF30 | 3,492 | 15,690 | 4.5x | 59,376 | 17.0x RS I = 1ie
SF100 | 3,160 | 13,017 | 4.1x | 51,986 | 16.4x 12 ;VCSPUé() 32 64 12 1\,&)0516 32 64
SF300 | 2,849 | 11,527 | 4.1x | 45,513 | 16.1x (a) Throughput (b) Speedup

factorization. However, optimizations like operator fusion can be
seamlessly integrated into our well-designed f-tree, allowing these
workloads to be processed very efficiently as well. Additionally,
the improvement on long-running workloads (e.g., IC5, IC9, IC10,
and IC14) is more pronounced. In these cases, our compact f-tree
plays a more significant role, as the larger query sizes and more
complex patterns benefit from reduced computational complexity.
As aresult, the f-tree leads to more substantial performance gains,
particularly in terms of execution time and resource utilization,
compared to shorter-running queries. Another notable observation
is the consistent and impressive speedup of GES®. over GES across

various graph sizes, achieving speedups of 22.1x, 48.4x, 78.2x, and
109.7x on four datasets for IC5.

Tail latency is depicted in Figure 12. The experimental results
demonstrate that GESy and GES} generally achieve much lower

tail latencies compared to the baseline GES across most workloads,
particularly at the 99th and 99.9th percentiles. Notably, for high-
latency queries such as IC5, IC9, IC10, and IC14, both GESf and
GES}‘, dramatically reduce latency—IC5 drops from over 2,000 ms

with GES to under 20 ms with GES*., and IC9 decreases from approx-

imately 17,930 ms to 286 ms. This trend highlights the effectiveness
of GESy and GES?, in mitigating extreme latency spikes. However,

f

some variations exist; for instance, in IC4 and IC6, GESf and GES*

f

do not consistently outperform GES, and the reason is similar to
the explanation provided above.

Memory Footprint. Table 2 shows the memory usage of interme-
diate data for each query. Note that the RAM usage for traversal op-
erators, such as ShortestPath in IC13, is not counted since these
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Figure 13: Scalability test with varying the number of threads
configured for SUT

operators typically perform complex graph traversals by prede-
fined subgraph patterns and are implemented as stored procedures,
where intermediate data is hard to factorize. The experimental re-
sults show significant memory reductions in GES®. compared to GES

across various graph sizes, with reduction ratios (R.R.) frequently
exceeding 90%, especially for more complex queries like IC1, IC2,
IC5, ICY, and IC14, where memory savings are as high as 99.9%.
Notably, for smaller graphs (SF10), queries IC1 and IC2 achieve a
reduction ratio (R.R.) of over 96%, with IC1 reducing from 3.0 MB to
91.9 KB and IC2 from 8.5 MB to 460.5 KB. As graph size increases,
the reduction remains impressive, particularly for larger graphs
(SF300), with IC9 reducing from 3.0 GB to 151.0 MB. However, for
queries like IC3 and IC10, the reduction is negligible. This is be-
cause these query patterns involve enumerating 4-cycles, and as
discussed earlier, such cases require materializing all intermediate
results, causing the executor to revert to flat execution. Overall, the
results highlight the potential for significant performance gains
in most scenarios using our optimized executor, especially when
scaling to larger datasets.

Overall Throughput. We compare the overall performance in
throughput of the three GES variants in Table 3 using the official
LDBC SNB benchmark. The experimental results clearly indicate
that both GESy and GES’, substantially enhance overall through-
put compared to GES across all graph scales evaluated. Specifically,
GES ¢ with the factorized query engine achieves an approximate
4-fold speedup, increasing throughput from 3,866.8 queries per
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Figure 14: Throughput trace of GES} across the full bench-

mark duration on SF300

second to 18,527.7 (SF10), and maintaining similar proportional
improvements across larger scales. Remarkably, by fusing oper-
ators in the factorized engine, GES*. delivers an even more sig-
nificant performance boost, attaining up to a 17-fold speedup by
elevating throughput from 3,866.8 queries per second to 65,718.6 at
SF10, and consistently around 16 to 17 times faster across larger
scales. This consistent scalability in speedup underscores the ro-
bustness and efficiency of GES ¢ and GES} in handling increasing
workloads. The results demonstrate that adopting GES and espe-
cially GES* can lead to substantial performance gains in throughput,
making them highly effective choices for applications requiring
high-performance graph processing.

6.2 Scalability and Stability

Scalability The results shown in Figure 13 highlight the impres-
sive scalability and robust performance of GES*. across varying

workloads and computational resources. As the number of virtual
CPUs (vCPUs) increases from 1 to 64, throughput consistently rises
on graphs with all scale factors. For instance, at SF10, throughput
escalates from 1,740.57 queries per second with a single vCPU to
60,125.86 queries per second with 64 vCPUs, achieving a speedup
of approximately 34.54x. Similar trends are observed across larger
scale factors, where higher workloads benefit proportionally from
increased vCPUs, with speedups reaching up to 43.68x at SF300. As
observed, for smaller graphs such as SF10 and SF30, increasing the
number of vCPUs results in only moderate throughput improve-
ments—for example, scaling from 32 to 64 vCPUs. This limited gain
is because the bottleneck shifts to other resources, such as network-
ing and disk I/O bandwidth. Additionally, we notice that throughput
continues to increase when bandwidth is enhanced, indicating that
optimizing these resources can further improve performance for
smaller graph workloads.

Stability We plot the throughput trace of GES; on SF300 after a
complete run of the LDBC SNB benchmark in Figure 14. This figure
reports the IC, IS, IU, and overall throughput over the entire 2-hour
period. Note that the query frequency of each type is determined
and controlled by the benchmark driver to simulate real produc-
tion workloads. The results demonstrate that the throughput for
every type of query remains highly stable over time, despite minor
short-term fluctuations. This indicates that GES®. maintains consis-
tent performance under sustained workloads, ensuring reliable and
predictable processing.
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Figure 15: Performance of graph database systems on indi-

vidual LDBC SNB workloads

Table 4: Throughput evaluation based on LDBC SNB Bench-
mark. OOD: out of disk space

‘ SFs ‘ Neo4j ‘ Postgre ‘ GraphDB ‘ AgensGraph ‘ TigerGraph ‘ TuGraph ‘ GES} ‘

[sF1 [ 82 [ 433 [ 329 | 525 |
[sFle[ 62 | ooD | 14 | 52 \

10012 [ 29,405 [ 113,687 |
3739 [ 9952 [ 65718 |

6.3 Performance Evaluation with Existing
Graph Database Systems

In this subsection, we compare the performance of GES with that
of popular graph database systems.

Average Latency for IC, IS and IU. In Figure 15 we compare the
average latency for each query on two small graphs SF1 and SF10
since the other systems performs badly on larger datasets as we
will show later. PostgreSQL runs out of 5TB disk space (OOD) on
SF10 and larger graphs where the results are not presented since
it may flush the intermediate results to disk. The other results are
consistent with another benchmarking study [43]. The experimen-
tal results demonstrate that GES?. significantly outperforms other

I
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graph database systems across various workload types. On SF1,
GES™. consistently achieves the lowest average latency for complex

read (IC) queries, often reducing execution time by up to three or-
ders of magnitude compared to GraphDB, Neo4j, and TigerGraph.
For instance, the latency on IC1 drops from 987 ms in GraphDB to
just 1.5 ms in GES;}, and IC14 shows a reduction from 43,341 ms in

AgensGraph to 1.25 ms in GES}. Similarly, in short read (IS) and
update (IU) queries on SF1, GES} maintains superior performance,

with latencies rarely exceeding 2 ms compared to much higher
values in other systems. On the larger SF10 graph, GES®. continues

to excel where other systems exhibit significantly higher latencies.

Throughput under LDBC Benchmark. We use the LDBC SNB
benchmark to ensure a fair performance comparison with other
systems. The throughput results shown in Table 4 clearly showcases
GES’s superior performance compared to existing graph database
systems across two datasets. At SF1, GES achieves an impressive
throughput of 113,687.1 queries per second, significantly outper-
forming the next best system, TuGraph, which records 29,405.4.
This exceptional performance is maintained on the larger SF10,
where GES delivers a robust throughput. In contrast, other systems
such as Neo4j (62.3 q/s) and GraphDB (14.3 g/s) exhibit markedly
lower performance. Additionally, TigerGraph and TuGraph show
considerable drops in throughput from SF1 to SF10, with their
performance consistently falling well below that of GES.

7 Related Work

Factorized Databases. Factorized databases aim to optimize query
processing and data storage by representing data and query results
in a compact, factorized form. This approach leverages redundan-
cies and shared substructures within data to reduce the size of
query outputs and improve computational efficiency. Bakibayev et
al.[7] introduced foundational techniques for factorized representa-
tions of query results, demonstrating significant reductions in data
size without loss of information. Olteanu and Schleich[30] further
explored size bounds for these representations, providing theo-
retical guarantees and practical algorithms for their construction.
Factorization has also been applied to probabilistic databases [31],
enhancing the scalability of uncertain data management. Recent ad-
vancements include the development of factorized join algorithms
that improve the performance of multi-way joins by avoiding re-
dundant computations [37]. Additionally, factorized representa-
tions have been integrated into machine learning workflows to
efficiently handle large datasets [36], enabling faster model train-
ing and inference. The integration of factorized databases with big
data technologies has opened new avenues for scalable data ana-
lytics [27]. An vision of Kuzu [18] that has been proposed to use
factorization in graph databases under m-n joins. Among them, GES
is the first graph database that support evaluating most operators
in a factorized manner.

Graph Databases. Graph databases are specialized systems de-
signed to store, manage, and query graph-structured data, which
is prevalent in domains like social networks, bioinformatics, and
knowledge graphs. Systems such as Neo4j [28], Amazon Neptune [3],
and JanusGraph [17] provide native graph storage and query capa-
bilities, supporting languages like Cypher, Gremlin, and SPARQL.
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Research has focused on optimizing graph query processing [4],
indexing [48], and distributed graph processing frameworks [24],
enabling efficient analysis of large-scale graphs. Recent studies have
explored challenges in graph data management, such as dynamic
graph updates [13] and privacy-preserving graph analytics [44].
Graph embedding techniques [9] have gained significant attention,
facilitating machine learning tasks on graph data by transforming
nodes and edges into vector spaces. The emergence of graph neural
networks [45] has further advanced the capability to perform deep
learning on graph-structured data, enabling applications in recom-
mendation systems, fraud detection, and more. Most application
scenarios demand high-performance query processing, a capability
that GES effectively provides.

Graph Database Workload and Benchmarks. Benchmarking
is crucial for evaluating the performance and capabilities of graph
database management systems (GDBMS). Unlike traditional rela-
tional databases, graph databases workload could be diverse [22].
Several benchmarks [2, 6, 8, 10, 26, 39] have been developed to
address the unique challenges. Linked Data Benchmark Coun-
cil (LDBC) Social Network Benchmark (SNB) [11] is an industry-
neutral benchmark designed to facilitate the quantitative compar-
ison of different graph data management solutions. It simulates
user activity in a social network, providing a realistic and complex
dataset for testing. Waterloo SPARQL Diversity Test Suite (Wat-
Div) [2] aims to evaluate the diversity of SPARQL queries over
RDF data. It allows users to define custom schemas and generates
datasets accordingly. While WatDiv provides valuable insights into
system performance across different query types, it is limited to
RDF data and SPARQL queries. The Large-Scale Subgraph Query
Benchmark (LSQB) [26] focuses on testing GDBMS performance
on global, unseeded subgraph matching queries. LSQB is designed
to stress the query processing engine, particularly multi-way joins,
by executing complex pattern matching queries without starting
from specific nodes. While LSQB addresses an important class of
queries, it lacks the breadth of workloads and choke-point analy-
sis provided by LDBC SNB. Other benchmarks, such as the Train
Benchmark (TB) [39] and the Graph Micro Benchmark [23], address
specific use cases like validation scenarios and transactional opera-
tions, respectively. These graph database benchmarks are limited in
scope, focusing on particular query types, data models, or use cases,
whereas the LDBC SNB stands out for its comprehensive design.

8 Conclusions

The composable architecture of the GES query engine, combined
with a factorized representation and operator-fusion optimizations,
addresses the performance limitations of existing graph databases.
By leveraging compact, tree-like in-memory structures, GES re-
duces memory overhead and enhances cache efficiency, allowing for
efficient handling of billion-level graphs. The factorized execution
and operator fusion further minimize data movement and process-
ing latency, resulting in high throughput and low latency. Bench-
mark results, including those from the LDBC-SNB-DECLARATIVE,
confirm that GES outperforms leading graph databases, establishing
it as a powerful solution for large-scale, real-time graph processing.
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