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ABSTRACT

Graph database management systems (GDBMSes) are widely adopt-
ed for their efficient handling of graph traversal queries that capture
complex relationships. Recently, a class of modern GDBMSes ap-
peared that were designed to offer explicit support for schemaless
property graph models (PGMs), providing users with a high degree
of flexibility. However, GDBMSes in this class often suffer from
performance bottlenecks in analytical database queries—typically
involving operations such as group-by and aggregation. We argue
that a major cause is that schemaless processing is not treated as a
primary design requirement across the storage, query-processing,
and optimization layers. To address this, we propose TurboLynx, a
novel graph analytics engine that holistically integrates the schema-
less property at every layer of the system—f{rom storage to query
processing and optimization. TurboLynx organizes graph data into
cost-based clusters, called graphlets, and stores them in a colum-
nar format. By adopting a graphlet-aware query optimizer and
processor, TurboLynx efficiently handles both graph traversal and
analytical workloads in a single system. Our comprehensive evalua-
tion on LDBC SNB Interactive, TPC-H, and DBpedia demonstrates
that TurboLynx outperforms state-of-the-art GDBMSes by up to
183.9% and leading RDBMSs by up to 41.27X%.

PVLDB Reference Format:

Taesung Lee, Jaehyun Ha, Byungchul Tak, and Wook-Shin Han. TurboLynx:
Schemaless Graph Engine Strikes Back for General-Purpose Analytics.
PVLDB, 19(6): 1250 - 1263, 2026.

doi:10.14778/3797919.3797932

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
https://github.com/postechdblab/TurboLynx.

1 INTRODUCTION

Graph database management systems (GDBMSes) offer advantages
over conventional RDBMSes by enabling natural and efficient han-
dling of highly connected data and relationship-centric queries,
including path expansion, variable-length pathfinding, and shortest-
path computation. Among various graph data models, the property
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graph data model (PGM) has emerged as one of the most popular ap-
proaches [27, 37, 74], often preferred over graph data models such as
Resource Description Framework (RDF) [62, 68]. It is supported by
major GDBMSes, such as Neo4j [49], TigerGraph [66], and Amazon
Neptune [50]. In the PGM, edges and vertices can be labeled and
have an arbitrary number of associated key-value pair attributes.
Since these attributes need not be predefined, the model is often
referred to as schemaless [34, 41, 67, 70, 72]. This flexibility is particu-
larly beneficial in agile development environments and in scenarios
where the data model is not fully understood at the outset. However,
GDBMSes supporting schemaless PGMs often experience signifi-
cant performance bottlenecks in general analytics, such as group-by
and aggregation [16]. We attribute these bottlenecks to the fact that
schemaless processing is not treated as a primary design require-
ment across the storage, query processing, and optimization layers.

Concretely, we identify three main reasons why performance
degrades in schemaless PGM-supporting GDBMSes when perform-
ing such complex analytic queries, each corresponding to a missing
integration of schemaless processing in the storage structure, the
query processing engine, or the query optimizer. First, regard-
ing storage structure, native GDBMSes (e.g., Neo4j and Memgraph
[46]) adopt a row-based layout that embeds schema information
directly into each tuple. While this approach provides great flexi-
bility by allowing each tuple to hold distinct attributes, it also leads
to considerable runtime overhead due to the need for per-tuple
schema interpretation. Second, in query processing, because data
with varying schemas is intermixed, these systems tend to rely
on Volcano-style operators without vectorization. Even Neo4j’s
batched processing [56] cannot fully exploit SIMD-based vector-
ization. Fixed-schema stores—as used by engines like Kuzu—can
easily apply the vectorization, whereas schemaless stores strug-
gle as they do not natively maintain a columnar layout or a fixed
record layout; consequently, physical operators in graph database
engines that process schemaless data have difficulty in leveraging
SIMD for vectorization. Third, at the query optimization stage, most
native GDBMSes lack advanced optimization techniques in their
custom-built optimizers. For instance, Neo4j uses heuristics for car-
dinality estimates (covering equality, range predicates, and distinct
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operations) and has only limited memoization for join ordering.
Moreover, it includes only about 20% as many query rewrite rules
as state-of-the-art optimizers such as Orca [60] and Calcite [10].

An alternative to building a native GDBMS from scratch is the
build-on-top approach, which layers a graph interface over an ex-
isting RDBMS engine [29, 61, 62, 65]. Graph queries are translated
into SQL and executed on relational data, thereby reusing mature
RDBMS components—storage engines and query compilers among
them. However, it usually does not offer the same degree of schema
flexibility since this method depends on an RDBMS [40, 65]. Further-
more, such build-on-top GDBMSes either struggle with extremely
sparse tables (i.e., many null columns) or must manage a multitude
of distinct schemas. Conversely, native GDBMSes implement graph
functionality from the ground up [46, 49, 66], delivering deeper
integration and faster traversals. However, achieving a level of ma-
turity comparable to established RDBMS query optimizers requires
substantial effort and time. Consequently, we face a dilemma: build
a native GDBMS to maximize graph-traversal performance but risk
slower, less-optimized analytics, or build on top of an RDBMS and
sacrifice some schema flexibility and graph-traversal performance.

To address this dilemma, we propose a new graph analytics
system called TurboLynx, designed to handle schemaless data end-
to-end—encompassing storage, query processing, and query op-
timization. TurboLynx integrates several techniques to tackle the
aforementioned challenges. At the storage layer, TurboLynx em-
ploys a columnar format for PGM data and groups similar schemas
into coarse-grained units, called graphlets, via a cost-based merg-
ing process. This design obviates per-tuple schema interpretation,
enables vectorized execution, and speeds up attribute accesses. In
addition, our system can accelerate queries that filter on specific at-
tributes by leveraging intersection and union operations on inverted
indexes built over metadata (i.e., attribute names).

For query processing, TurboLynx extends each operator to enable
handling of vertices and edges from multiple graphlets. For instance,
the Cypher query MATCH (n:Course) in Figure 1 is executed via
a scan operator over multiple graphlets because Course-labeled
nodes vary significantly in their attributes. This scenario poses
two main challenges: (1) operators must process inputs spanning
multiple schemas, and (2) each binary join between vertices labeled
R and edges labeled S can lead to a combinatorial explosion of in-
termediate schemas, proportional to |N'(R)| X |E(S)| *. To address
the first challenge, TurboLynx enhances each operator to natively
consume multi-schema inputs. For the second challenge, we intro-
duce the Shared Schema Row Format (SSRF) with a unified header
scheme. By storing schema definitions separately from the actual
data, SSRF reduces schema management overhead and maintains
low null-data handling costs. SSRF also selectively combines colum-
nar and row-based layouts—attributes that are mostly null reside in
a row-based format—so that each row references a shared schema
metadata entry rather than embedding a full schema. Collectively,
these techniques mitigate both the overhead of null values and the
combinatorial blowup of managing many intermediate schemas.

At the query optimization layer, TurboLynx adapts the Orca [60]
optimizer, originally developed for relational databases, to leverage

*We define N'(R)/E(S) for the set of vertexlets/edgelets labeled R/S in §4.1.2, where
“vertexlets/edgelets” are graphlets storing vertices/edges, respectively.
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its established optimization techniques. TurboLynx augments Orca
with graph-specific cost models, rules, and operators to accommo-
date its graphlet-based design. However, treating each graphlet as a
separate table can cause the plan search space to grow overwhelm-
ingly large. To address this, we propose an “early merging” strategy
based on the Greedy Operator Ordering [25] that merges graphlets
before join enumeration, thereby reducing the overall plan search
space to manageable levels while still preserving graphlet flexibility.

In addition, like other analytical engines such as ClickHouse [57]
and Apache Druid [71], TurboLynx supports batch updates, making
it well-suited for big data analytics scenarios that prioritize high-
throughput read performance while consolidating updates in bulk.
Just as Delta Lake [8] provides transactional guarantees for Spark,
TurboLynx could be extended to offer similar capabilities; however,
exploring this potential is out of our scope.

We make the following contributions. First, focusing on GDBM-
Ses with schemaless graph data support, we identify inadequate
handling of schemaless graph data as a primary cause of underper-
formance across storage, execution, and query optimization. Based
on this, we present the key design factors of a novel graph analytics
system that overcomes this problem. Our design comprehensively
covers the storage layer, query processing engine, and query opti-
mizer to deliver a drastically improved performance. Second, we
provide a fully functional prototype, TurboLynx, that implements
the proposed design. Third, we demonstrate the efficacy of TurboL-
ynx through comprehensive evaluations against diverse systems.

2 BACKGROUND

2.1 Property Graph Model

We formally define the property graph model [4, 6, 9, 11, 18, 27, 28,
38]. A property graph is a tuple G = {N,E,L,K,V, p, A, 0} where
N and E are finite sets of nodes and edges, respectively, and L, K, V
are sets of labels, property keys, and property values, respectively.
The functions are as follows:
e p:E — (NXN) is a function that maps edges to ordered pairs
of nodes
e 1:(NUE) — P(L) is a function that maps nodes or edges to
their associated label set, where P (L) is the power set of L
e 0: (NUE) XK — V is a function that maps a property key of
a node or edge to a property value

2.2 Query Language for PGM

TurboLynx supports Cypher [27] as the query language for PGM,
since it is the official and widely adopted query language for Neo4j,
a leading GDBMS, and provides strong support for graph pattern
matching as its primary feature. This focus on pattern matching
not only makes Cypher effective for expressing complex graph
queries, but also facilitates understanding and potential extension
towards the international standard ISO/GQL [36], which is also
heavily based on graph pattern matching principles. Although other
influential languages predating ISO/GQL, such as Gremlin [55],
GSQL [20], and G-Core [5], also utilize graph pattern matching,
Cypher serves as a clear and illustrative example of this approach.
For example, the query in Step 2 of Figure 2 finds people whose
first name starts with ‘Fran’ and who live in cities with an area
greater than 100, returning both the person and the city.
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(a) System Architecture of Turbolynx

(b) Workflow Example

Figure 2: Overview of TurboLynx architecture illustrating interactions between various components and a workflow example.

2.3 Storage Architectures for PGM

Figure 3 shows sample input data and Neo4j’s storage architecture,
focusing on how node properties are organized. It stores nodes,
relationships, and properties in fixed-size records for offset-based
access. Each node record holds its unique ID, associated label(s), and
pointers to its first property and relationship records. A property
record has up to four 8-byte “property blocks,” each encoding a
property key (e.g., age), its data type, and the corresponding value.
Variable-length values (e.g., strings) may span multiple consecu-
tive blocks. Node properties form a doubly linked list of property
records, allowing a variable number of properties per node. A re-
lationship record stores pointers to its start and end nodes and
links to the previous and next relationship records in each node’s
adjacency list, forming bidirectional linked lists.

Memgraph is an in-memory GDBMS that, unlike Neo4;j’s fixed-
size record approach, stores node and edge properties in variable-
size records. As in Neo4j, each record embeds its schema informa-
tion, so both systems track metadata alongside data values.

2.4 Query Optimization for PGM

Neo4j employs a cost-based optimizer based on dynamic program-
ming with a memo table. It relies on simple statistics [43] (e.g.,
node/edge counts per label) and heuristic selectivities (e.g., 0.05 for
equality). Lacking attribute-level metadata (e.g., which attributes
exist, their types, or average widths), the optimizer cannot model
tuple sizes and thus often misestimates I/O and memory costs.
Memgraph uses an even simpler custom cost-based optimizer
than Neo4j’s and likewise lacks attribute-level statistics. Join order-
ing begins by selecting a single start node from the query graph
and then performing a random walk along connected edges, incre-
mentally extending the plan. This strategy naturally produces only
left-deep join trees and fails to explore bushy or zig-zag alternatives,
which can lead to markedly sub-optimal plans in complex queries.

3 OVERVIEW OF TURBOLYNX

Figure 2 presents TurbolLynx’s architectural overview (Figure 2a)
with a representative workflow (Figure 2b) that spans bulk ingestion,
query optimization/execution, and bulk updates.
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(v@:Person {ID:@, age:20, FN:“John”, LN:“Doe”, Job:“Chef”})
(vl:Person {ID:1, FN:“Frank”, LN:“Hill”}) h
(v2:Person {ID:2, FN:“Franz”}) \

(a) Input vertices data [

- FN: FirstName
- LN: LastName

next prev

ID(uint):@ Age(int):2@ [ FN(str):“John” [ LN(str):“Doe”
Job(str):“Chef”

ID(uint):1 FN(str):“Frank” LN(str):“Hill”

ID(uint):2 FN(str):“Franz”

17 25
(b) Neo4j storage architecture

Figure 3: Sample input data and the corresponding storage
architecture in Neo4j for the given input data.

33 41

System Overview: During ingestion, the Graphlet Manager
runs cost-based graphlet chunking (CGC) (§4.1.2) to partition PGM
vertices and edges into columnar graphlets; these are persisted by
the Storage Manager in graph-native storage. The manager also
constructs two auxiliary structures, maintained by the Index Man-
ager: (i) compressed-sparse-row (CSR) indexes for rapid neighbor-
hood traversal and (ii) a schema index (SI) for locating graphlets
whose attribute sets match a query. In Index Manager, CSR indexes
and a schema index enable rapid traversal and lookup of relevant
graphlets at query time. Meanwhile, the Catalog Manager stores
statistics such as label metadata and histograms that the query opti-
mizer can use to estimate query costs. The Catalog Manager records
label cardinalities, histograms, and other statistics consumed by the
optimizer’s cost model. When a Cypher query arrives, the Graph
Query Optimizer, built on Orca, applies graph-aware transformation
rules, cost models, and the Graphlet Early Merge (GEM) heuristic
(§4.3.2) to prune the plan search space and produce an efficient exe-
cution plan. Finally, the Vectorized Graph Query Processor executes
the chosen plan with specialized, vectorized operators, including
the shared schema row format (SSRF) (§4.2.2), to accommodate het-
erogeneous graphlet schemas efficiently. Figure 2b illustrates a
typical data lifecycle in TurboLynx, including bulk insertion of new
data, query processing, and bulk updates to existing graphlets.

Step 1: Bulk Insert. New vertices and edges (e.g., Person or City
labeled data) are ingested in batches. The Graphlet Manager creates
columnar graphlets via CGC, grouping nodes and edges based on
similarity. For example, four incoming vertices (v@—v3) are grouped
into three distinct graphlets (gl; —gls). It also constructs an SI and
CSR indexes to support fast lookups and traversals.



Step 2: Query Optimization & Processing. Upon receiving a Cypher
query, the Graph Query Optimizer performs two preprocessing steps.
(2.1.1) Leveraging the Schema Index, it identifies the graphlets that
hold the required labels (e.g., gl; and gl; for FN, gl;; and gl;, for
area). (2.1.2) It applies Graphlet Early Merge to curb the explosion
of the plan search space. (2.1.3) Orca then produces an optimized
plan featuring graph-aware operators (e.g., AdjIdxJoin) and, when
advantageous, chooses different join orders for separate graphlets.
For example, the optimizer chooses a plan with a UnionAll whose
two children are symmetric IdxNLJoin sub-plans that differ only in
the order of their joins. In the left branch, the engine first scans the
unioned graphlet gl = gly; W gl;; to read City vertices, filters them
with the predicate area > 100, follows the 1ivesIn edge set gly;
via an AdjIdxJoin to reach candidate Person vertices, and finally
probes their attributes through an IdxSeek on gl, applying the
regular-expression Filtergy =~ <fran.«’. The right branch performs
the symmetric sequence: it scans gl, to obtain Person vertices,
applies the name filter, traverses gl,; to the associated cities, and
concludes with an IdxSeek on gl’ to enforce the predicate area >
100. Merging the results of these complementary orders with the
unioned graphlet allows the engine to exploit indexes on both the
Person and City graphlets while keeping the plan search space
small. (2.2) Finally, the query processor executes the physical plan:
during binary joins, data from gl; and gl; remain in columnar for-
mat, whereas gl;; and gl;; are materialized in the SSRF, illustrating
how multiple physical layouts coexist within a single query.

Step 3: Bulk Update. When additional City and Person vertices
(v10-v13) arrive after the initial graphlets are built, TurboLynx
(3.1) examines each new tuple’s schema and appends the tuple to
the most compatible existing graphlet. (3.2) If no graphlet meets
the schema requirements, a new graphlet is created. Although the
illustration focuses on inserts, TurboLynx also supports deletions
and updates (§4.1.5); each batch can therefore interleave all three
operation types while preserving the columnar, graphlet-based
storage layout.

4 TURBOLYNX SYSTEM DESIGN

4.1 Storage Design for Schemaless PGM Data

A central challenge in property-graph storage is that nodes and
edges can carry arbitrary attribute sets. Row stores such as Neo4;j
and Memgraph embed a full schema in every record, but the per-tuple
interpretation cost drags down query speed. TurboLynx resolves
this by clustering records with similar attributes into columnar
graphlets, retaining column-store performance while remaining
schemaless, and by adding a lightweight schema index that lets
attribute-only predicates jump directly to the relevant graphlets.

4.1.1  Challenges of Designing Columnar Storage. A naive columnar
design assigns one schema to each label, treating unlabeled elements
as having a special NONE label. This approach produces a single,
extremely wide table in which most columns are null, wasting space
and slowing scans. At the opposite extreme, creating a separate
table for every unique schema [69] explodes the number of tables,
overwhelming both the optimizer and the execution engine.

4.1.2  Our Approach: Cost-based Graphlet Chunking. Our objec-
tive is to strike a balance between two extremes: proliferating too
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many schemas, each tailored to a distinct set of attributes, and a sin-
gle, monolithic schema that lumps all attributes together. Coarser
schemas reduce catalog size but increase null density significantly
in the presence of non-uniform data, resulting in wasted space and
slower scans. However, a unified, single schema remains practical
for highly uniform data, where null overhead is small. The right
granularity, therefore, hinges on clustering records by attribute
similarity while weighing heterogeneity against the cost of nulls.

Definition 1. Graphlet, Vertexlet, and Edgelet. To formalize
our clustering approach, we define a graphlet, the basic storage unit
in TurboLynx. We partition a property graph G into vertexlets (for
N) and edgelets (for E). A vertexlet, denoted vl, is a set of vertices
partitioning N (i.e., N = |J; vl;), and all vertices in a vertexlet share
the same label set, thus accelerating queries that filter by label.
Let AV denote the total set of vertexlets. For any label R, we define
N(R) € N to be those vertexlets with label R. Edgelets are defined
analogously, with & the full set. Vertexlets and edgelets together
constitute the collection H of graphlets, written H = N U &.

Our clustering technique is called Cost-based Graphlet Chunking
(CGC). For two graphlets gl;, gl; € H, the cost-aware similarity
between the two graphlets is defined as:

casim(gl;, glj, H) = c¢(H) — c(H’). (1)

where ¢ (defined below) specifies the query cost function and H’
is (H —{gli, gl;}) U {gl; ® gl;} formed by replacing two graphlets
with a newly merged one. Operator @ implies a merge operation
of two graphlets. Here, the schema of the newly merged one is the
union of the schemas of gl; and gl;. The function c is defined as a
linear combination of these three components.

e The number of graphlets |#|.

e The number of null entries Xyc4T (gl) where T' counts the
number of null values.

e Total query processing overhead X 4/¥ (|gl|) where ¥ models
the slowdown from underutilized vectorization, inspired by
Boncz et al. [13], who showed performance degrades as the
vector size decreases. Concretely, ¥(|gl|) = J—” for |gl| < Kk
(and 0 otherwise), with k = 1024 as the vector size used in
TurboLynx.

The first two components aim to find a balance between the
total number of schemas and the number of null entries. The third
component reflects our intention to treat vectorizability as a major
factor. Ideally, we want to form the set of schemas such that tuples
in the tables are in sufficient quantity to populate the vectorization
pipeline. Let us introduce three linear coefficients, Cscp, Cpyir, and
Cyec, for three factors above, respectively. Using these three factors
and coeflicients, we can express c(H) as:

C(?‘{) = Csch - |(}{| + Chunl - Zgl&’}"(r(gn + Coec - ZgIE’H\II(lg”) (2)
We can also expand H’ in a similar fashion and rewrite casim().
casim(gl;, glj,H) = Csch + Cpunr - (T(gli) +T(glj) = T(gl; ® gl;))

+ Coec - (¥(lgli]) +¥(IgL;1) — ¥(lglil + IgL;1))  (3)

Using this metric, we determine that it is beneficial to merge two

graphlets when casim(gl;, gl;, H) > 0.
In TurbolLynx, CGC clustering for a label I runs in two passes.
In the first, the system scans the data once to record each tuple’s

schema and count how many tuples share that schema, assigning ev-
ery distinct schema to its own provisional graphlet. These graphlets
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Figure 4: Example input graph and corresponding storage layout in TurboLynx’s storage architecture. To clarify the mapping,
we color-code vy, ey, and v3 in both the input graph and the storage layout.

Algorithm 1: Cost-based Graphlet Chunking

Input: N! (Nodes under label 1)
Output: Corresponding CGC results Res
Function CostBasedGraphletChunking(Nl)
H! — ExtractGraphlets(N');
{’Hf}ig[l,p] « SplitIntoMultipleLayers(H*);
Res «— {};
foreach i € [1,p] do
‘ Res < AgglomerativeClustering(Res U ‘7‘(5);
return Res;
Function AgglomerativeClustering(H)
while |H| > 1 do
(gl.gl') =arg max  s(gli,gl;);
gli.glje

1
2
3
4
5
6
7
8
9

H
if s(gl,gl’, H) < 7 then break;
H e~ H—{gl, gl'}U{gl®gl'};

return H;

are then sorted by size and divided into p “layers,” each containing
graphlets whose tuple counts differ by no more than a threshold
t. Starting with the largest layer, TurboLynx performs size-aware
agglomerative clustering, repeatedly merging the most similar pair
of graphlets, until the similarity score falls below a user-defined
threshold 7. The procedure is repeated for the remaining layers in
descending size order, which prevents CGC from prematurely fus-
ing many tiny graphlets and degrading cluster quality. The second
pass re-reads the dataset to materialize the final graphlet assign-
ments. Both the layer width ¢ and the similarity cutoff r (default 0)
are tunable parameters.

4.1.3  Schema Indexing for Query Processing Acceleration. Label-
agnostic queries—those mentioning only attribute names without
label—are ubiquitous in GDBMS workloads because users often
lack detailed knowledge of a graph’s schema. The naive response is
to scan every vertex and edge for the requested attribute, which is
prohibitively expensive. In row stores that embed a schema inside
each record, the absence of an index forces the engine to parse
every tuple’s schema block even if the tuple does not contain the
attribute. In contrast, our CGC clustering lets us maintain a light-
weight schema index that restricts the search to graphlets known
to contain the attribute, eliminating full scans.

Schema Index We introduce a Schema Index (SI), an inverted
index that tracks which graphlets contain each attribute. SI enables
fast processing of attribute-only queries by quickly identifying the
relevant graphlets. Each keyword in the SI represents an attribute
name augmented with the concatenation of its type, and a posting
list corresponds to a list of graphlet IDs that contain the attribute.
For each entry, we also store the attribute’s position within the
graphlet to avoid recomputing it. SI is formally defined as:

SI(H,a) ={i|3gl € H s.t.a € sch(gl) Ni=id(gl)} (4)
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where id(gl) is a function that returns the unique id of a given
graphlet gl and sch(gl) returns the set of gl’s attributes. We use
the prefix operation to find the posting list corresponding to a
given attribute in SI. (Recall that a SI keyword is a concatenation
of an attribute name and its type.) When accessing more than one
attribute (ay, az, ..., a,), we retrieve the IDs of graphlets that contain
all these attributes using set intersection with (I_; SI(H, a;).

In addition to the SI, we maintain for each label a list of graphlet
IDs, allowing quick identification of graphlets by label. For queries
with both label and attribute predicates, we intersect the label-based
IDs with the SI's attribute-based IDs to find the relevant graphlets.

4.1.4 Storage Architecture. Figure 4 shows our detailed storage
design with sample data. A graph dataset is stored in a partition set
that includes both vertex and edge partitions, each for a particular
label set. Each partition is subdivided into one or more vertexlets or
edgelets, where attributes are stored in a columnar format.

ID scheme. We assign each partition a 16-bit identifier, concatenate
it with a 16-bit local offset to obtain a 32-bit graphlet ID, and then
create a tuple’s 64-bit physical ID (PID) by appending a sequence
number. The PID lets us compute a tuple’s file offset directly, elimi-
nating the need for a separate index.

CSR (Compressed Sparse Row) index. Vertex connectivity is stored
in CSR form as extra columns within each vertexlet. Every chunk
contains an offset array that marks the start of each vertex’s ad-
jacency list and a value array holding ((neighbor vertex PID, edge
PID)) pairs, allowing direct access to both neighboring vertices and
their edges without maintaining a separate index.

4.1.5 Handling Updates. We support batch-style updates, wherein
modifications are applied together without interleaved queries.
The operations we consider are: 1) insert, 2) delete, and 3) up-
date (= delete & insert). Inserts rely on the SI. Given a tuple with
schema {ay, a, ..., a, } and label [, we identify a set of graphlets with

" SI(H, a;). The tuple is then appended to the graphlet whose
schema most closely matches the tuple’s schema (arg min,; |sch(gl)
—sch(tuple)|, where sch returns the schema). If no existing graphlet
meets the conditions, we create a new one with the same schema
as the tuple and append the tuple to it. When a new graphlet
gl’ is created, for each attribute a; € sch(gl’), we insert id(gl’)
into SI(H', a;). To prevent an accumulation of numerous small
graphlets, newly created ones are periodically checked, and a full
CGC recomputation is triggered once the query processing over-
head term (Zge#'¥(|gl]): the 3rd term in Equation 2) exceeds a
configurable threshold (see §5.2.2). For deletions, each graphlet
maintains a deletion vector marking removed tuples. During exe-
cution, tuples with the deletion bit set are ignored.
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Figure 5: Challenges in the query processing of binary operators and TurboLynx’s Shared Schema Row Format (SSRF) technique.

4.2 Schemaless Graph Query Processor

Our adoption of a columnar storage format influences the design of
the query processing. While it brings us two key benefits, ‘the ability
to introduce an inverted index’ and ‘vectorization friendliness, it
raises a few other issues from the introduction of the graphlet
concepts. First, query operators must now handle multiple schemas
as input, because a single label in the query (e.g., :City) can map
to multiple graphlets, each with its own schema. A more serious
issue is the intermediate schema explosion in binary joins, since the
operator needs to handle all combinations of graphlet pairs from
two sets. This may worsen as the degree of multi-join increases.
4.2.1 Challenges.

(1) Processing Overhead from Multiple Schemas. Although CGC
reduces the number of schemas per label at the storage level, the
resulting graphlets can still be numerous during query execution.
One major overhead is managing the expression tree. Each schema
variant demands its own tree with adjusted column references. For
binary operators, we must maintain mappings that specify how
columns from each input map to the output schema, further increas-
ing memory usage. As a result, query processing overhead often
grows with the number of schemas involved. In our evaluations, a
single label can have up to 1410 graphlets in a real-world dataset.

(2) Explosion of Intermediate Schemas: The Schema Bloating Prob-
lem. Beyond per-schema overhead, TurboLynx must address the
exponential explosion of intermediate schemas in binary joins. The
number of intermediate schemas for the join operation can be
at most n X m schemas, where n and m are the graphlet sizes of
the two join operands. Consider the simple multi-hop traversal
query ‘MATCH (a:A)-[]->(b:B)-[]->(c:C)’. The number of pos-
sible schema combinations can grow exponentially, up to |H (A)| =
|[H (B)| = |H(C)| in the worst case. We refer to this issue as the
schema bloating problem. Since multi-hop traversals are common
in graph queries and are often emphasized as a key strength of
GDBMS, it is crucial to address this issue in TurboLynx.

4.2.2  Our Approaches.

(1) Mitigating the Schema Processing Overheads via Unified Schema.

To handle a large number of graphlet schemas efficiently, we intro-
duce a unified schema with a validity vector. The unified schema is
formed by the union of fields from all the schemas, while the valid-
ity vector indicates which fields are valid for the current schema
under processing. Figure 5d depicts the concept. This design offers
several advantages. First, it avoids wasted memory from columns
that a given schema does not actually require, since the validity
vector can skip them rather than storing null entries. Second, fixed
field positions within a unified schema enable both a single ex-
pression tree and straightforward columnar processing: operators
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can execute without worrying about correct column positions in
each graphlet’s schema. In addition, the validity vector can acceler-
ate operations such as filtering, aggregation, column copying, and
hashing, since column nullity checks reduce to a single bit test.

(2) Shared Schema Row Format for the Schema Bloating Problem.
While a unified schema reduces per-schema overhead, it is insuf-
ficient for binary joins. Figure 5b shows the schema combinations
generated from one Person graphlet vl, and all City’s graphlets
(the set using vl; is omitted for conciseness). For multi-hop joins,
maintaining all schema combinations quickly becomes excessive.
Moreover, applying the unified schema in these joins is also in-
sufficient, because columns can remain mostly null (e.g., ¢y, c3, ¢4
in Figure 5c). The validity vector is of little help in reducing null
entries here since these sparse columns are still considered valid.

To address the issue, we introduce a Shared Schema Row Format
(SSRF). SSRF adopts a partial row format representation for the
data in the columns that belong to either operand (Figure 5d). Only
the columns c;-c4 are stored in the row format, eliminating nulls
from sparse columns in the intermediate data. Since tuples in row
format may differ in schema, we keep schema definitions in a sep-
arate ‘schema infos’ table (Figure 5d), allowing all tuples with the
same schema to share one entry. This method mitigates the schema-
bloating problem because it avoids materializing an exhaustive
set of schema combinations. Instead, only the schema lists of one
operand are maintained separately. The SSRF technique that com-
bines these ideas follows our principle of separating the schema infor-
mation and tuples, rather than embedding the schema in each tuple.

Figure 5d shows how these concepts are put together into action.
The offsetArr stores the byte offsets of each tuple in TupleStore,
and each tuple points to its schema information. The information
stores i) the size in bytes of the tuple belonging to the correspond-
ing schema (total_size) and ii) offset_infos that indicates the
offset of the attributes in each tuple. By combining 0ffsetArr and
offset_infos, we can access each tuple’s attribute. A value of —1
in offset_infos[i] indicates that the i-th attribute is null.

4.3 Schemaless Graph Query Optimizer

Our strategy in building TurboLynx’s query optimizer is to apply
as few modifications as possible to a mature open RDBMS query
optimizer, Orca [60]. Existing query optimizers developed primarily
for RDBMS need to be adapted on multiple fronts to be integrated
into the schemaless graph query processing pipeline of TurboLynx.

4.3.1 Challenges. There are two main challenges in building a
query optimizer for the schemaless PGM graph data.

(1) Mismatch of RDBMS Query Optimizers for the Schemaless
Graph Query. RDBMS optimizers assume that all tuples in a table
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follow the same schema, whereas vertices or edges in PGM may not.
Further, unlike SQL queries that specify the tables explicitly, graph
queries allow users to omit labels. This necessitates graph query op-
timizers to identify target nodes or edges (and graphlets for TurboL-
ynx) from the limited information (e.g., accessed attributes) avail-
able within the query. Lastly, many RDBMS operators, rules, and
cost models do not directly translate to graph query optimization.

(2) Plan Search Space Bloating Problem. The plan search space for
the PGM data can become intractably large if many graphlets are in-
volved. Each node pattern in a Cypher query is translated into scans
of multiple graphlets combined via UnionAll (&), while each edge
pattern is translated into two joins (source-edge and edge-target).
During Orca’s exploration phase, the PushJoinBelowUnionAll rule
converts a ‘join of UnionAll’ into a ‘UnionAll of joins’ (red arrows
in Figure 6), distributing the join across each branch of the UnionAll
and increasing the number of joins (the right-most plan in Figure 6).
Consecutive joins at multiple levels are then further transformed
by the associativity and commutativity rules, leading to an explo-
sion of logically equivalent plans and excessive compilation time.
Disabling the rule forces a single join order across all graphlets,
eliminating opportunities for more efficient plans.

4.3.2  Our Approaches.

(1) Adapting Operators, Rules, and Cost Model for the Graph Query.
We extend Orca for TurboLynx by adding graph-aware operators,
transformation rules, cardinality estimators, and cost functions. Sim-
ple operators map onto existing relational counterparts (e.g., Scan
— UnionAll+TableScan, AdjIdxJoin — IndexNLJoin). For graph-
specific operators, we introduce six logical operators (VarlenJoin
and ShortestPath, etc.) that encapsulate traversal metadata (e.g.,
hop bounds, labels) and four physical operators (PhysicalVarlenAd;j-
IdxJoin, PhysicalShortestPath, etc.). Logical operators are imple-
mented by adapting Orca’s four existing logical operators (e.g.,
IndexApply). We introduce two logical transformation rules, extend-
ing Orca’s XrorMJOIN2INDEXAPPLY, so that the optimizer can generate
index-based plans for variable-length traversals and graphlet scans.
We also add four physical transformation rules that lower these log-
ical operators to their physical counterparts. The traversal metadata
is preserved through these mappings and utilized by the cost model.

Given the difficulty of accurate cardinality estimation for path
expression queries as well as shortest path queries (i.e., recursive
queries in relational databases), an area where research has yielded
limited success, systems often employ heuristics. For instance, Post-
greSQL assumes 10 recursive steps and scales recursive term cardi-
nalities by this factor. Similarly, we adopt the methodology used
in Kuzu implementation, which multiplies the estimated one-hop
cardinality by the maximum hop count to approximate the overall
cardinality for path expressions. Despite this coarse heuristic, Tur-
boLynx still outperforms other engines on these queries thanks to
its efficient columnar graphlet storage and graph-aware operators.

We base our cost model on Orca’s Greenplum formulation [45]
but refine relevant operators, including the scan, so that its I/O
cost is computed per graphlet, using each graphlet’s actual average
tuple width instead of a single global row width. This adjustment
captures the heterogeneity of the schema and yields more accurate
estimates. We further adjust the IndexNLJoin cost model to omit
random-I/O penalties when probing CSR indexes, because these
indexes are kept entirely in memory and incur no disk seeks.

(2) Managing Plan Search Space with Graphlet Early Merge (GEM).
To mitigate the plan search space explosion from a large number
of graphlets, we introduce an early merge of graphlets to reduce
the number of input tables to the optimizer. This phase groups and
merges graphlets into coarse-granular virtual graphlets in a way
that graphlets with similar join orders are grouped during the query
optimization. A virtual graphlet is purely conceptual, merging mul-
tiple graphlets so the optimizer sees fewer input tables without
altering the physical data. For example, merging all graphlets under
a UnionAll operator into one virtual graphlet forces a uniform join
order across all graphlets. By contrast, partitioning graphlets into
multiple groups allows different join orders to be explored for each
group, providing more optimization opportunities. Increasing the
number of groups further expands the plan search space, potentially
yielding better plans but at the cost of additional time.

Determining the optimal grouping of graphlets is a major chal-
lenge. We introduce heuristics with a time-out to make the search
manageable. The sketch of GEM is as follows.

(1) Form random groups of graphlets, with each group merged into
a virtual graphlet (two groups by default).

(2) Enumerate logically equivalent plans using the PushJoinBelow-
UnionAll rule and selectively evaluate a subset of these plans.

(3) Determine the optimal join order for each alternative plan using
Greedy Operator Ordering [25] and then compute costs.

We repeat this process within a predefined time limit for each
node pattern present in the input logical plan. As a result, the lowest-
cost plan is passed to Orca, which further optimizes it without the
PushJoinBelowUnionAll rule. This enables us to explore a broader
search space at a manageable computational cost.

4.4 Implementation

We implemented a prototype of TurboLynx by partially reusing
existing codebases (including DuckDB [53] and Orca), totaling
about 246k LOC. Specifically, we adopted DuckDB’s expression
evaluator, built-in functions, and major data structures (e.g., Vector
and DataChunk). These components are already well-optimized
and thoroughly tested, so reimplementing them would require
considerable effort with little benefit to our contributions. On top of
this foundation, we instead added about 57k LOC that implement a
native graph-centric storage layer, extend operators for schemaless
queries, and retrofit Orca with graph-aware rules and cost models.
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Although Kuzu likewise reuses some core functions (e.g., arith-
metic and string operations) and parts of its type system (e.g., date
and timestamp) from DuckDB, TurboLynx significantly outper-
forms it by up to 106.89%, showing that DuckDB’s read-optimized
internals alone cannot solve the core challenges of graph databases:
heterogeneous schemas, graph-specific operators, graph query op-
timization, and plan space bloating problems.

5 EVALUATION

We evaluated TurboLynx in the following aspects.

e Sensitivity analysis of TurboLynx’s components: The effect of
CGC (§5.2.1), SSRF (85.2.3), and GEM (§5.2.4).

e End-to-end analytic query performance on the schemaful data
(§5.3.1, §5.3.2): We evaluated end-to-end query time on LDBC
and TPC-H. TurboLynx showed up to 183.9% better performance
on the LDBC and 44.63% on the TPC-H against competitors.

o End-to-end query performance on schemaless graph data (§5.3.3):
On DBpedia, TurboLynx showed up to 86.14x better perfor-
mance against competitors.

5.1 Experimental Setup
5.1.1  Workloads. We used the following three workloads in our
evaluations. For LDBC SNB Interactive and TPC-H, we applied
the scale factors of 1, 10, and 100.

e Social network benchmark LDBC SNB Interactive [23]: We
evaluate all fourteen complex queries. The complex queries
execute multi-step graph pattern matches that span several
entities and relationships.

Decision support benchmark TPC-H: It is a well-known decision-
making OLAP benchmark. To evaluate it in GDBMSs, we con-
verted each table to vertices or edges according to whether it
represents an entity or a relationship. Entity tables became ver-
tices, while PARTSUPP, as a relationship table between PART
and SUPPLIER, was converted to edges with its attributes. We
also converted PK-FK relationships into edges. All SQL queries
were translated into Cypher via SqlTranslator from Neo4j.
DBpedia: A real-world knowledge graph with highly diverse
schemas (2796 unique attributes, 282764 unique attribute sets).
We used the 2016-04 Core release of DBpedia, whose com-
pressed size is about 48 GB (~9.5 billion RDF triples). Following
Sun et al. [62], we converted DBpedia into the PGM format. The
resulting graph has unlabeled nodes and edges with exactly one
label. For RDBs, unlabeled nodes were loaded into a single large
table, while each edge label was loaded into its corresponding
table. We then used the 20 queries introduced in [62], converting
them from SPARQL to Cypher via existing works [2, 73].
Table 1 summarizes the dataset statistics (e.g., vertex and edge
counts). Although LDBC and TPC-H have predefined schemas, we
include them to demonstrate that TurboLynx can handle both fixed-
schema and schemaless workloads effectively.

5.1.2  Competitors. We compared TurboLynx to five GDBMSs (Gra-
phScope, Memgraph, Neo4j, Kuzu, DuckPGQ) and two RDBMSs
(Umbra, DuckDB). GraphScope [24, 59] and Memgraph are ana-
lytical graph engines, while Neo4;j is a widely used, stable GDBMS
baseline. Kuzu [26] and DuckDB are read-optimized systems target-
ing analytical workloads, while Umbra is an HTAP DBMS that also
provides strong support for analytical queries. We also evaluated
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Table 1: Dataset statistics. “Rel” and “PGM” are the sizes of
the preprocessed relational and PGM representations.

Dataset SF V] |[E|] | Rel. (GB) | PGM (GB)
1 3.2M | 17.3M 0.7 1.3

LDBCSNB | 10 | 30.0M | 177M 7.2 14
100 | 283M | 1.78B 75 140

1 8.66M - 1.1 1.7

TPC-H 10 | 86.6M - 11 14
100 | 866M - 106 141

DBpedia - 77M | 227M 213 19

DuckPGQ, which is a DuckDB extension for SQL/PGQ property
graph queries. Although some systems have enterprise or advanced
editions, we use publicly available community versions in line with
common research practice. Thus, our results do not imply an abso-
lute ranking but rather show how TurboLynx compares to these rep-

resentative baselines in analytical scenarios. See Table 2 for details.
5.1.3  Execution Environment. We used a machine with two In-

tel Xeon Gold 6130 @2.1 GHz CPUs and 512 GB RAM, running
Ubuntu 20.04 (Linux 5.4.0-205-generic). TurboLynx was compiled
with GCC 17 and G++ 17. We used OpenJDK 15.0.10 for Neo4j. All
systems were executed in a single-threaded mode for fair compar-
ison. For memory setting, we configured TurboLynx, Memgraph,
GraphScope, Kuzu, Umbra, DuckDB, and DuckPGQ each to use
up to 500 GB of memory. Neo4j was configured according to its
official guidelines, with the initial and maximum Java heap size set
to 30 GB, a page cache allocation of 470 GB.

5.14 Measure. For each query, we measured the geometric mean
of five end-to-end query execution times after three warm-up runs.
We set a timeout of 1 hour and reported the query execution time
of 1 hour for timeouts. Queries that failed were excluded from the
comparison. In the end-to-end query performance graphs, we mark
T (time-out), F (fail to load), or X (other reasons) for failed queries.

5.2 Sensitivity Analysis

We conducted various sensitivity analyses of TurboLynx’s perfor-
mance using the DBpedia dataset. The goal of these experiments
was to assess the impact of the techniques applied to support the
schemaless workload in TurboLynx.

5.2.1 The efficacy of CGC. To evaluate CGC, we compared it with
two extremes from §4.1.1 — i) merging all graphlets into one large
graphlet (MA), and ii) creating a distinct graphlet for every unique
attribute set (SA, for “separating all”). We also evaluated GMM-
Schema [15], a state-of-the-art schema discovery method for prop-
erty graphs. For each approach, we clustered the DBpedia data
accordingly and loaded each cluster into TurboLynx as a graphlet.
CGC involves tunable weights Csch, Chull, and Cyec that control its
clustering behavior (See Eq. 2). Intuitively, the larger Cp, favors
merging graphlets with dissimilar schemas. The larger Cyun pe-
nalizes layouts with many NuLLs (favoring denser layouts when
memory or scan bandwidth is tight). Increasing Cye. encourages
forming larger graphlets that are more amenable to vectorized scans
in OLAP-style workloads. On DBpedia, setting Cpyy too high could
result in up to 282K graphlets, many of which were small, impacting
vectorization performance and increasing the optimizer’s overhead.
Thus, we use a single reasonable default weight set empirically
chosen to work well across our experiments, Csepy, = 100, Cpyp = 0.3,
and Cyec = 10000. We then ran 30 randomly generated queries,
focusing on core storage operations (scan and scan with selection),
and measured compilation and execution times for each method.



Table 2: Details of competitor database systems used in the evaluations.

Data Storage Data Supported | Evaluated Note
Model Format Scheme Language Version
v2025.03.0 | e followed the same settings as the reference impl* (unique constraints on the id or PK
Propert & P d
Neo4j GrI; hy Row-based | Schema-free Cypher Community | attribute(s)), while omitting property indexes to maintain fairness across systems
P Edition o used the "aligned’ store format, which is the default
Property ® used identical setting as Neo4;j
Memgraph Graph Row-based | Schema-free Cypher v3.0 o used IN_MEMORY_ANALYTICAL mode
o evaluated with Graph Interactive Engine (GIE) of GraphScope
Property . o used queries written in Cypher instead of C++ (stored procedure)
GraphScope Graph Columnar | Single Schema Cypher V0310 o excluded LDBC C1, C5-C6, C10, and C12-C14 queries since GIE only partially supports Cypher
o excluded all TPC-H queries since GIE crashes on most of them
Property Pre-defined ® added PK constraints on the id or PK attribute(s)
Kuzu Graph Columnar Single Schema Cypher V082 o specified the multiplicity (e.g. many-to-one) for each edge
Property Pre-defined © used the same experimental settings as DuckDB
DuckPGQ Graph Columnar Single Schema SQL/PGQ 947ebsd ® queries not yet supported in DuckPGQ’s SQL/PGQ (e.g., optional match) were executed in SQL
— - —— - - -
Umbra Relational | Columnar lPre defined SQL V25.07.1 o followed the same settings as the reference impl* (PK constraints on the id or PK attribute(s),
Single Schema and PK-FK constraints)
DuckDB Relational | Columnar ?re-deﬁned SQL v1.20 o followed the same settings as the reference impl* (PK constraints on the id or PK attribute(s),
Single Schema and PK-FK constraints)
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Figure 7: CGC performance effects and periodic update.

Figure 7a shows normalized execution times relative to CGC. The
scan with selection achieves up to 5319X improvement, and scan
sees up to 28X speedup from reduced null overhead. MA produces
about 212 billion null entries for 77 million nodes, while SA leaves
many tiny graphlets unmerged, causing overhead (§4.1.2). GMM-
Schema selects the n most frequent properties (n=1 by default) as a
“base schema” and computes similarity among schemas by counting
how many properties lie outside it. Hence, even unrelated schemas
with a similar number of properties that are not in the “base schema”
may be merged, leading to suboptimal performance. In terms of
compilation time, MA (a single schema) and GMMSchema (fewer
overall schemas) are only 15% and 6% faster than CGC, whereas
SA’s large number of schemas yields a 2.22Xx slower compile time.

5.2.2 Update. We evaluate CGC under an update workload on
DBpedia that accumulates many small graphlets. Starting from a
10K-tuple snapshot, we apply 100 updates of 1K tuples; each update
contains about 200 distinct attribute sets (schemas), all sampled
from DBpedia. We compare three policies: INc-CGC (incremental
placement with no merges), FuLL-CGC (full recomputation after
every update), and VP-CGC (vectorization-penalty triggered: run
a full CGC when the penalty exceeds a fixed threshold 0; we set
0 = 200 empirically). For each update version, we measure query
execution time using the same queries used in §5.2.1.

Figure 7b shows that average query time increases as updates ac-
cumulate, with INc-CGC steadily slowing relative to FuLL-CGC. The
main reason is the proliferation of small graphlets, which produces
under-filled vectors and reduces vector utilization. By contrast, VP-
CGC runs a full CGC once the penalty exceeds 0. After a merge, sub-
sequent updates mostly append to existing graphlets rather than cre-
ating new small ones, so the penalty grows slowly and performance

ihttps:// github.com/ldbc/ldbc_snb_interactive_v1_impls

remains close to FuLL-CGC. If a stream of genuinely new attribute
sets arrives, small graphlets accumulate again; once the penalty
crosses 0, another merge is triggered, restoring the layout. For
VP-CGC, the average update time is 5.1s and the merge takes 10.4s.

5.2.3 The efficacy of SSRF. To present how much impact the SSRF
technique has, we measured the speed-up gained by employing
SSRF compared to i) using a straightforward approach of a full
combination of intermediate schemas (Figure 5(b)) and ii) using a
simple unified schema (Figure 5(c)). They are denoted as SS and US
in Figure 8, respectively. We evaluated SSRF in two scenarios.

(i) Increasing hop count in graph traversals. First, we demonstrate
that SSRF reduces null overhead and mitigates schema bloating in
graph traversal queries without forfeiting columnar benefits. To
this end, we generated random traversal queries on DBpedia with
hop counts ranging from 1 to 5, followed by additional aggregation
steps. As shown in Figure 8a, SSRF’s traversal cost remains up to
2.1x lower than the baselines as the number of hops increases.
Moreover, it incurs no notable penalty on subsequent aggregations.

(ii) Varying the number of returned attributes. Next, we exam-
ined whether SSRF’s performance gains grow more pronounced
as queries return more attributes—i.e., if reduced null overhead be-
comes more advantageous when additional attributes are involved.
To evaluate this, we selected DBpedia queries that involve traver-
sal and varied each to return between 1 and 5 attributes (chosen
at random). We then measured execution times for these queries.
As shown in Figure 8b, US accumulates more null entries when
returning many attributes, slowing subsequent processing. SS also
shows suboptimal performance due to the overhead of processing
all schema combinations. By contrast, SSRF avoids storing these
large, sparse columns entirely, achieving up to a 2.6X speedup.
5.2.4 The efficacy of GEM. To evaluate the effectiveness of GEM,
we derived several scenario queries based on DBpedia queries (Q7,
Q10, and Q13). We measured query compilation and execution
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Table 3: Efficacy of GEM.

Time (ms) || Compilation | Execution Sum Speed-up
w/o GEM 845.7 ms 2596.9 ms 3442.6 ms 1.0
w/ GEM 898.5 ms 1904.3 ms 2802.8 ms 1.23

times for these queries with and without GEM. The output of GEM
may favor a greater number of virtual graphlets among candidate
plans which would increase the compilation time. However, we
expected that the gain from the execution stage would be enough
not only to compensate for this loss but also to deliver better overall
performance. Table 3 shows that while the compilation overhead
increased by 6.2%, the query execution time was reduced by about
26.7%, demonstrating the efficacy of GEM.

DBpedia data is suitable to demonstrate the utility of GEM be-
cause itis an evolving knowledge graph whose schemas vary greatly
for the same entity type (e.g., persons, companies). These varia-
tions stem from factors like time, popularity, and domain-specific
trends, leading to shifts in the distribution of connected nodes. For
instance, in the domain of video games, schema differences are no-
table based on popularity. As a result, when the data is partitioned
based on schema, different join orders will likely yield better query
performance for each graphlet.

5.3 End-to-End Query Performance

We evaluated end-to-end query execution latencies on LDBC SNB
Interactive, TPC-H, and DBpedia. The ‘end-to-end’ includes both
the query compilation time and the actual execution of the plans.
Table 4 summarizes the average relative performance of TurboLynx
compared to its competitors across all evaluated benchmarks.

5.3.1 LDBC SNB Interactive. Overall, TurboLynx outperformed the
best competitor, Umbra, by 2.53% and 7.74x at SF10 and SF100, re-
spectively (Table 4). Figure 9 shows per-query end-to-end execution
times. Among the queries, TurboLynx showed the largest speed-
up of 4142 for the C8 query at SF100. The largest performance
gap was observed with Kuzu, primarily due to join order selection,
which introduced about 1.82 million times as many intermediate re-
sults. On the other hand, the performance superiority of TurboLynx
was not as dramatic for C11. Because C11 applies filters to most of
its graph patterns, even poor join orders yield small intermediate
results, making performance less sensitive to plan quality.

Neodj was slower than Turbolynx in all queries by 2.27x to
135.8x, particularly struggling with C3, which generated about
15.6M intermediate tuples requiring attribute accesses for a subse-
quent filter—nearly 181X more than other queries on average—and
accounting for roughly 84% of the query’s total cost. We observed
that this performance difference was primarily due to the ineffi-
ciency of Neo4j’s volcano query processing model and high storage
access costs. Memgraph was also slower than TurboLynx for simi-
lar reasons as Neo4j but slightly outperformed Neo4j thanks to its
in-memory optimized storage. However, it performed worse than
Neo4j on some queries, generating inefficient plans that incurred
more storage accesses (e.g., in C9, it required 424KX more accesses).

GraphScope shows poor results compared to other systems in
queries like C3, which involved a large number of tuples to process.
In contrast, GraphScope’s performance was similar to or better than
Neo4j for queries C2 and C11, which involved few tuples to process.
We note that GraphScope supported only half of the queries, which
hinders clear conclusions about its overall efficacy.
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Kuzu showed lower performance, even though it targets graph
query acceleration via worst-case-optimal joins (WCOJs) and factor-
ized execution. It performed well for simple graph pattern matching
but struggled with complex patterns due to suboptimal query opti-
mization. For example, C3 and C6 can benefit from early filtering
of 1-2 nodes, but Kuzu postponed filters until after costly pattern
matching, resulting in execution times 1683x and 403x slower than
TurboLynx (Figure 9 (D). These results underscore the central role
of query optimization and the practical difficulty of matching the
maturity of established optimizers. At the same time, the gap is not
inherent: systems like Kuzu could narrow it by leveraging mature
relational-optimizer techniques, rather than building an optimizer
entirely from scratch. Note that Kuzu was unable to process C1 and
C7 due to current limitations in its Cypher language support.

DuckDB exhibited the second-worst performance among com-
petitors, primarily due to extensive use of hash joins for graph
traversal [1], resulting in inefficient plans that scanned large data
volumes. For example, in query C7, DuckDB scanned the entire
likes edge table with 340 million tuples for building a hash ta-
ble, whereas TurboLynx scanned only 60 tuples from adjacency
lists. This was because the number of connected edges to traverse
was small since the query started from a specific person node. Ad-
ditionally, DuckDB did not work well for queries that required
graph-specific operations (e.g., C12 and C13 (Figure 9 (2))).

Among all competitors, Umbra demonstrated the best overall
performance. However, it was on average 7.74X slower than Turbol-
ynx under SF100. This gap exists despite Umbra’s data-centric code
generation and its versatile join implementation, including WCQO]Js,
designed to push relational performance to the limit. The difference
is most pronounced in C13 and C14, where the shortest-path com-
putation benefits from TurboLynx’s specialized graph operators.
5.3.2 TPC-H. TPC-H queries typically scan large data volumes with
only a subset of attributes and perform complex analytical op-
erations (e.g., group-by, aggregation), making them amenable to
vectorized processing and columnar storage. The benchmark can
highlight the strength of TurboLynx’s columnar design over the
row-based storage. We are also interested in evaluating the efficacy
of query optimizers in the GDBMSs, as the impact of suboptimal
plans is more pronounced in long-running analytical queries.

Figure 10 presents individual query execution times. Overall,
TurboLynx outperformed three GDBMSs by an order of magnitude
(see Table 4), except for Kuzu at SF1 (8.37%). Compared to two
RDBMSs, TurboLynx exhibited competitive performance (0.58%
against Umbra, 1.53% against DuckDB at SF100). The largest per-
formance difference was a 2528 slowdown on Kuzu’s Q19 at SF10.

Neo4j and Memgraph suffered significant slowdowns due to
row-based storage with embedded schemas. For instance, Q1 scans
LINEITEM (7 of 16 attributes) followed by filter and aggregation, yet
both systems incur substantial overhead due to runtime schema
interpretation (Figure 10 (D). To pinpoint the cause, we profiled
four representative queries (Q1, Q16, Q18, Q19) [42]. Since only
Memgraph offers operator-level profiling, we analyzed it in depth.
Memgraph’s filter and group-by/aggregation operators were 132.6X
and 27.1x slower than TurboLynx. Notably, these operators account
for 34-98% of each query’s total runtime. These results show that
schemaless GDBMSs incur significant overhead from embedded
schemas and inefficiencies in complex filter and aggregation.



Table 4: End-to-end benchmark results as TurboLynx’s average speed-up over competitors. Each entry is the geometric-mean
execution time (ms), shown as competitor / TurboLynx (unit ‘ms’ omitted). Within each scale factor, denominators vary because
TurboLynx is averaged over only the queries each competitor successfully ran to make a fair comparison.
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Figure 11: End-to-end query execution time comparisons on DBpedia data.

Kuzu uses a columnar format with predefined schemas, often
outperforming row-based designs. However, certain queries (e.g.,
Q5 and Q7) experienced performance issues associated with join
order selection, while another query (Q19) showed inefficiencies re-
lated to filter pushdown, leading to more expensive join operations
between PART and LINEITEM. Additionally, Q15 was not supported
due to limitations in its current coverage for Cypher language.

Umbra exhibited the best performance among competitors. It
employs data-centric code generation that fuses complex expres-
sions and operators into compact, low-latency execution pipelines.
This approach has been shown in prior studies [42, 51] to outper-
form vectorized execution in many analytical workloads, enabling
Umbra to reach near hand-optimized performance. DuckDB, while
highly optimized for analytical workloads, showed the second-best
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performance among competitors. Nonetheless, TurboLynx outper-
formed DuckDB in most TPC-H queries (15 out of 22, at SF100). This
advantage arose from adjacency-based lookups (e.g., Q19) where
TurboLynx avoided scanning much of LINEITEM, lowering the scan
volume by a factor of 105x (Figure 10 ().

5.3.3 DBpedia. The queries in the DBpedia workload were gen-
erated by analyzing logs from the official DBpedia query endpoint,
selecting frequently executed queries, and clustering them based on
query similarity [48]. Thus, the queries represented typical usage
patterns for graphs with a highly diverse schema. Through evalu-
ations with the DBpedia workload, we seek to verify how well Tur-
boLynx can handle not only schemaful workloads but also schema-
less PGM workloads. Note that we excluded Memgraph and Graph-
Scope because they failed during data loading. For Umbra, the same



single-table loading as with DuckDB led to a crash during loading.
Thus, we loaded only the ‘id’ column (shared by all vertices) as a
dedicated attribute and stored the remaining attributes as JSONB.

Our analysis highlighted two key factors. First, without labels
on nodes, leveraging edge labels becomes critical. The best strategy
is to scan edges with low cardinality and traverse the connected
nodes from them. Second, queries that filter on node attributes must
locate specific columns, which favors our graphlet-based storage.

Overall, TurboLynx outperformed the best competitor, Kuzu, by
18.88% (Table 4). Figure 11 provides end-to-end individual query ex-
ecution time on DBpedia. TurboLynx achieved the largest speed-up
of 7377x on Neo4j’s Q14, which filters nodes by specific attributes.
TurboLynx efficiently processes such queries by leveraging the SI to
identify graphlets containing the target attributes quickly. On the
other hand, TurboLynx showed the least performance improvement
(1.40%) on Q6 because it is a simple one-hop traversal query that
all other competitors can handle reasonably.

Neo4j showed the worst performance overall. Neo4j generated
reasonable plans by leveraging edge label information to traverse
the graph. However, in most cases, its performance was significantly
degraded by high storage access costs. This issue was particularly
apparent in DBpedia, which contained many attributes as Neo4;j
could not locate the attributes efficiently (e.g., Q14, Q16, Q17 etc.).

6 RELATED WORK

For storing graph data, modern GDBMSs employ diverse stor-
age backends. Some adopt key-value stores [21, 35, 58], document
stores (7, 30, 54], or wide-column stores [19, 33, 39] as their back-
ends. They benefit from well-tested, mature NoSQL databases but
suffer in complex graph queries because these storage systems and
optimizers—initially designed for generic NoSQL use—lack graph-
specific structures and operators. In contrast, TurboLynx’s storage
is designed to be a graph-native storage with graphlet concepts and
CGC optimization along with novel indexing schemes.

Several GDBMSs have been developed based on RDBMS [29, 61,
62, 65], aiming to maximize the utilization of RDBMS techniques
developed over decades. IBM DB2 Graph [65] receives a Gremlin
query, converts it to SQL, and performs the query within DB2. SQL-
Graph [62] stores graph data using the JSON capabilities provided
by RDBMS to store vertex properties and adjacency information.
However, they rely on relational operators and storage, provid-
ing neither native graph features (e.g., CSR-based indexing) nor
addressing the null-overhead problem arising from the PGM. In
comparison, the storage and query processor of TurboLynx are de-
signed for the PGM. Although we utilize Orca [60], we modified it
to be graph-aware, optimizing it to handle graph queries effectively.

Several recent studies aimed at better supporting graph queries
by directly modifying the internals of RDBMS [32, 40, 64]. GRainDB
[40] extends DuckDB by integrating the adjacency index and imple-
menting various join operators optimized for graph data. DuckPGQ
[64] extends DuckDB to facilitate querying property graphs. How-
ever, none of these systems accounts for PGM’s schemaless nature.
In contrast, TurboLynx supports the schemaless PGM via CGC and
an SI, enabling fast querying over schemaless data.

Several techniques have been proposed for efficiently storing
and querying semi-structured data [22, 63, 69]. JSON Tiles [22] or-
ganizes raw JSON into an optimized binary format and materializes
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frequent keys as columnar tiles to accelerate analytical queries. For
log data, pSlope groups identical-schema tuples into per-schema
tables and maintains a schema map of schema definitions. At query
time, it scans this map to identify schemas that match the KQL
predicates, quickly pruning the subsequent log search. This design
aligns with the “separating-all” configuration evaluated in §5.2.1.

Schema discovery improves data quality and query formula-
tion by exposing user-facing schemas over unstructured property
graphs. Various approaches have been proposed [14, 15, 44]. Lbath
et al. [44] present a framework for inferring node/edge types, their
hierarchies, and edge multiplicity constraints (e.g., many-to-one).
GMMSchema [15] applies hierarchical clustering over labels and
properties, recursively splitting label-based groups with a Gaussian
Mixture Model to produce subtypes and a schema graph. Their goal
is to expose the schema to users while TurboLynx keeps the schema
internally to optimize performance. They are complementary to
TurboLynx since they can be adopted in our CGC.

A substantial line of work [3, 12, 31, 47, 52] improves path-query
performance by limiting the explosion of intermediate results, most
notably through WCQ]J and factorized query evaluation. WCQO]J
executes multiway joins in time proportional to the AGM bound,
avoiding the large intermediates of binary joins, as demonstrated
in EmptyHeaded [3] and in parallel settings [17]. Graphflow [47]
introduces a cost model (intersection-cost), generates hybrid plans
that mix binary joins with WCOJ-style intersections. More re-
cently, Umbra’s diamond hardened joins [12] split join process-
ing into Lookup and Expand phases to pre-empt diamond-shaped
blow-ups while preserving robust performance across relational
and graph workloads. Complementarily, factorized representations
compress repeated structure in intermediates and outputs. Graph-
flow’s list-based processing [31] keeps factorized style adjacency
lists, and F-IVM [52] maintains compressed views under updates.

7 CONCLUSION

In this paper, we presented TurboLynx, a novel graph database en-
gine designed to enhance the performance of property graph data
workloads. Our hypothesis was that state-of-the-art GDBMSs suf-
fered from poor performance on complex queries, mainly due to the
lack of proper handling of the schemaless nature in the PGM data.
Addressing this challenge required us to rethink the architecture
of the storage system, query processor, and query optimizer with
schemaless as a primary design component. We introduced graphlet
concepts to tame the high variability of schemas in PGM data and
developed techniques for the query processor and optimizer to suc-
cessfully mitigate the issues that followed. Our evaluation revealed
that TurboLynx, integrating all our techniques, was highly effective
and could deliver up to 183.9x improved performance.
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