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Abstract
In recent years, knowledge graphs (KGs) – in particular in the
form of labeled property graphs (LPGs) – have become essen-
tial components in a broad range of applications. Although the
absence of strict schemas for KGs facilitates structural issues
that lead to redundancies and subsequently to inconsistencies
and anomalies, the problem of KG quality has so far received
only little attention. Inspired by normalization using functional
dependencies for relational data, a first approach exploiting de-
pendencies within nodes has been proposed. However, real-world
KGs also expose functional dependencies involving edges. In this
paper, we therefore propose graph-native normalization, which
considers dependencies within nodes, edges, and their combina-
tion. We define a range of graph-native normal forms and graph
object functional dependencies and propose algorithms for trans-
forming graphs accordingly. We evaluate our contributions using
a broad range of synthetic and native graph datasets.

Keywords
Knowledge Graphs, Labeled Property Graphs, Knowledge Graph
Quality, Normalization, Redundancy

1 Introduction
Labeled property graphs (LPGs) have emerged as a prominent
form of knowledge graphs (KGs), seeing extensive use in a va-
riety of contexts, ranging from data integration [22] to fraud
detection [23], and are a central abstraction in modern graph pro-
cessing systems [32]. Especially with their recent popularity as a
source of reliable knowledge in machine learning (ML) and artifi-
cial intelligence (AI), e.g., to mitigate hallucinations in large lan-
guage models (LLMs) [21], ensuring the quality of KGs becomes
more and more essential [19]. As a first step towards achieving
this goal, new standards and schema-level approaches have been
proposed, e.g., the Graph Query Language (GQL) [16, 20], PG-
Schema [3], PG-Keys [4], and transformations or alignments
between them [2, 31]. However, being able to define schemas
is only the first step. We still need to fully understand what a
good schema is and how we can improve the schema of a KG. In
relational databases, normalization [6, 10, 11] is a well-known
technique to transform a database schema into a schema that is
commonly perceived as better with respect to a number of desir-
able properties. Such transformations are traditionally guided by
exploiting functional dependencies (FDs) and are described by
normal forms, which generally increase data quality by reducing
redundancy; the latter not only unnecessarily inflates storage
space but also serves as a source of error since all redundant
information needs to be kept in sync to ensure consistency.

Originally introduced for the relational data model in the
1970s [10, 11], normalization has recently been adopted to the
LPG setting by Skavantzos and Link [36, 37]. In these works,
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nodes are considered similar to relations that are being normal-
ized. However, graphs are subject to additional types of redun-
dancies. Consider, for example, the graph depicted in Figure 1a,
which captures information about courses and lecturers. In this
graph, we see that it might be worthwhile to enforce that each
course is taught using exactly one book. However, this is difficult to
achieve in the current graph because the information is modeled
as a property of edges with label teaches that connect teachers
to courses. This way of modeling the information might have
historical reasons but as the graph keeps on growing and evolv-
ing, it might lead to errors. In Figure 1a, redundancy is indicated
by . . . . . . . .dotted. . . . . . .lines. Hence, to reduce the degree of redundancy and
therefore the potential for inconsistencies, the graph should be
normalized so that the information about the book is stored to-
gether with the course instead of the teaches edges (see Figure 2).
In this paper, we build upon the work proposed by Skavantzos
and Link [37], which focuses on dependencies within nodes, and
extend it to support also dependencies within edges, and depen-
dencies between nodes and edges. Since our approach focuses
on both, nodes and edges, we call it graph-native. In summary,
the contributions of this paper are as follows:

(i) We propose a new dependency type, Graph Object Func-
tional Dependencies (GO-FDs), that expresses dependen-
cies within and between nodes and edges.

(ii) Building upon the state of the art, we provide graph-native
generalizations of existing normal forms, which we call
Graph-Native Normal Forms (GN-NFs).

(iii) We identify redundancy patterns for LPGs and transfor-
mations to remove them. Based thereon, we introduce
graph-native LPG normalization algorithms that trans-
form a given graph into our GN-NFs.

(iv) Our experimental evaluation shows how graph-native nor-
malization guided by GO-FDs reduces redundancy and
affects query performance.

This paper is structured as follows: Section 2 introduces basic
concepts and a running example; Section 3 reviews related work;
Section 4 defines GO-FDs for LPGs; Section 5 analyzes redundan-
cies and defines GN-NFs; Section 6 presents our normalization
algorithms; Section 7 reports evaluation results; and Section 8
concludes with a summary and future work.

2 Preliminaries and Running Example
Since this paper relies on notions from the relational data model,
including functional dependencies (FDs), and applies them to
labeled property graphs (LPGs), we provide preliminary notions
for these based on the literature [1, 3, 8, 16].

Labeled Property Graphs. We assume pairwise disjoint count-
able sets of labels L, property keys P, constants C, and (graph)
object identifiers O. We often refer to object identifiers as (graph)
objects: they represent either nodes or edges. A labeled property
graph 𝐺 is a tuple (𝑁, 𝐸, lab, src, tgt, prop) with:
• mutually disjoint finite subsets 𝑁, 𝐸 of O that represent

the nodes and edges respectively;
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Redundancy and Anomalies in LPGs

n1 : Company

name: "Acme Inc."
taxId: 08154711

n2 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "A12BC3"

n3 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "D45EF6"

e1 : OWNS

since: 2026-03-09
e2 : OWNS

since: 2025-12-18

The car model determines the

width and length of the car.

A car is identified by its Vehicle

Identification Number (VIN).

n4 : Car

model: "Fiat Grande Panda"
widthInMm: 1563

lengthInMm: 3999
VIN: "GH78IJ"

Photos: Alexander Migl – CC BY-SA 4.0
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Redundancy and Anomalies in LPGs

n1 : Company

name: "Acme Inc."
taxId: 08154711

n2 : Car
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widthInMm: 1963

lengthInMm: 3999
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Redundancy and Anomalies in Relational Data

Original relational table:

CompanyName CompanyTaxId CarOwnedSince CarVIN CarModel CarWidthInMm CarLengthInMm

Acme Inc. 08154711 2025-12-18 D45EF6 Fiat Grande Panda 1763 3999
Acme Inc. 08154711 2026-03-09 A12BC3 Fiat Grande Panda 1763 3999

Normalized relational tables:

CompanyName CompanyTaxId CarOwnedSince CarVIN

Acme Inc. 08154711 2025-12-18 D45EF6
Acme Inc. 08154711 2026-03-09 A12BC3

CarVIN CarModel

D45EF6 Fiat Grande Panda
A12BC3 Fiat Grande Panda

CarModel CarWidthInMm CarLengthInMm

Fiat Grande Panda 1763 3999

Anomalies are avoided!
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Normalization for LPGs

Scoping: What to consider?
n2 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "A12BC3"

n5 : Motorcycle

model: "KTM 1290 Super Duke GT"
widthInMm: 818

lengthInMm: 2149
VIN: "K89LOP"

n8 : Manufacturer n9 : Customere3 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "A12BC3"

Meaning of Keys: What means what?

n3 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "D45EF6"

n10 : FashionShow

model: "John Doe"
venue: "The Hotel"
date: 2026-08-31

Photos: Mihnea Lazar and Alexander Migl – CC BY-SA 4.0
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Functional Dependencies for Graphs

Q︸︷︷︸
Scope

:: A ⇒ B︸ ︷︷ ︸
Descriptor

Dependency Type Scope Descriptor

Graph Functional Dependencies
(Fan et al., 2016)

Pattern Predicates referencing property keys

Graph Entity Dependencies
(Fan et al., 2017)

Pattern Predicates referencing property keys or graph objects

Graph-tailored Functional Dependencies
(Skavantzos et al., 2023)

Nodes Property keys

Graph Functional Dependencies
(Egger et al., 2026)

Pattern Property keys

Graph Object Functional Dependencies
(Schrott et al., 2026)

Pattern Property keys and graph objects
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Graph-Native Normalization
Core Idea – Redundancy reducing transformations
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Legend: ⟨⟩ angle brackets denote new node IDs, underline denotes fresh labels, patterns also exist for edges of the other direction

n: node, np: node property, e: edge, ep: edge property
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Normalization Process:

1. Compute minimal cover

2. Sort dependencies by scope – more specific first!
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Result: Normalized graph + transformed dependencies
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Graph-Native Normalization
In Practice

n1 : Company

name: "Acme Inc."
taxId: 08154711

n2 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "A12BC3"

n3 : Car

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
VIN: "D45EF6"

e1 : OWNS

since: 2026-03-09
e2 : OWNS

since: 2025-12-18

The car model determines the

width and length of the car.

→
within-n!

A car is identified by its Vehicle

Identification Number (VIN).

→
Already a key!

n4 : CarModel

model: "Fiat Grande Panda"
widthInMm: 1763

lengthInMm: 3999
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Evaluation

• Per-graph metrics:

• Number of graph objects increases
• Average number of property records decreases

• Per-dependency metrics:

• Redundancies are eliminated, anomalies avoided

• Query performance:

• Increase and decrease possible,
depending on dependencies and queries

EDBT ’27, 6-9 April 2027, Lille (France)

Table 8: Overview of the evaluation scenarios. Durations are in s and are rounded to two decimal places.

Scenario Provided GO-FDs Minimal cover of GO-FDs Applicable Normalization duration
ID Graph 𝑚#Dep.sW.-Node 𝑚#Dep.sW.-Edge 𝑚#Dep.sBetween 𝑚#Dep.sW.-Node 𝑚#Dep.sW.-Edge 𝑚#Dep.sBetween transformations Note Memgraph Neo4j

𝑆Lon
London Public
Transport 3 2 0 2 1 0𝜓within-n,𝜓within-e 0.11 1.33

𝑆Nw Northwind 2 0 0 2 0 0𝜓within-n as in [37] 0.04 1.14
𝑆No-1 No Socks 4 0 0 4 0 0𝜓within-n as in [37] 0.03 1.17
𝑆No-2 No Socks 4 0 0 4 0 0𝜓within-n as in [37] 0.03 1.41
𝑆No-3 No Socks 5 0 0 5 0 0𝜓within-n as in [37] 0.02 1.45
𝑆Off-1 Offshore 3 0 0 2 0 0𝜓within-n as in [37] 9.18 24.77
𝑆Off-2 Offshore 5 0 0 5 0 0𝜓within-n as in [37] 33.92 116.28
𝑆Off-3 Offshore 10 0 0 5 0 0𝜓within-n as in [37] 25.15 63.26

𝑆Ts-1 Train Services 3 1 2 2 1 2𝜓w.-n,𝜓w.-e, 𝜓b.-np-ep,
𝜓b.-ep-n

60.89 130.27

𝑆Ts-2 Train Services 3 1 3 2 1 3𝜓w.-n,𝜓w.-e, 𝜓b.-np-ep,
𝜓b.-ep-n, 𝜓b.-ep-np

104.16 408.72

𝑆Uni-1 University 0 0 1 0 0 1𝜓between-n-ep cf. Figure 1a 0.01 0.19
𝑆Uni-2 University 0 0 1 0 0 1𝜓between-np-ep

adapted from
Figure 1a 0.01 0.61
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Figure 6: Percentual changes (log scale) to our per-graph metrics following graph-native LPG normalization grouped by
graph object, considering all dependencies and those leading to transformations with and without reification.

Table 9: The results of the per-GO-FD metrics before and
after graph-native LPG normalization

avg(𝑚MaxRed.Pot. ) avg(𝑚AvgRed.Pot. ) avg(𝑚Minim )
Scenario before after before after before after

𝑆Lon 112.60 1 ≈ 36.42 1 ≈ 0.41 1
𝑆Nw 16.00 1 ≈ 5.16 1 ≈ 0.55 1
𝑆No-1 1.25 1 1.25 1 0.75 1
𝑆No-2 1.25 1 1.25 1 0.75 1
𝑆No-3 1.20 1 1.20 1 0.80 1
𝑆Off-1 ≈ 264 881.33 1 ≈ 613.07 1 ≈ 0.00 1
𝑆Off-2 175 898.00 1 ≈ 513.25 1 ≈ 0.00 1
𝑆Off-3 239 572.20 1 ≈ 21 645.63 1 ≈ 0.00 1
𝑆Ts-1 ≈ 6790.33 1 ≈ 563.93 1 ≈ 0.68 1
𝑆Ts-2 11 631.00 1 ≈ 964.82 1 ≈ 0.59 1
𝑆Uni-1 3.00 1 3.00 1 0.00 1
𝑆Uni-2 3.00 1 3.00 1 0.00 1

the average number of properties per object. The exception is
𝜓between-n-ep, which “moves” a property from an edge to a node,
as in 𝑆Uni-1. There, 𝑚#Node and 𝑚#Edge remain constant while
𝑚AvgPropEdge decreases and 𝑚AvgPropNode increases. This reflects
the movement of the property values from edges to unique nodes.

With respect to runtime, we observed three influencing fac-
tors: the number of graph objects before normalization, the num-
ber of dependencies in the minimal cover of the GN-Schema to
consider, and the type of graph transformations applied during

normalization. The latter correlates with the number of graph
objects involved: transformations using reification are the slow-
est. For example, in 𝑆Lon on Neo4j, the transformation of type
𝜓within-ntakes ≈ 0.58 s on average, while the transformation of
type𝜓within-e takes ≈ 0.97 s.7

Effects on Query Performance. Normalization changes the
structure of an LPG and hence also affects query performance.
We define 17 lookup and update queries across 𝑆Lon, 𝑆Nw, 𝑆Off-1,
and 𝑆Ts-2 (cf. Table 8), classified along two axes. Direct queries
retrieve property keys 𝑘 ∈ 𝑋 ∪ 𝑌 of a single GO-FD 𝜑 : 𝑃 ::
𝑋 ⇒ 𝑌 , i.e., information that is redundant in the original graph
but unique after normalization; indirect queries consist of larger
patterns. For direct queries, the normalized graph allows for two
different query rewritings: an optimal rewriting that targets only
the newly created nodes, and a naive rewriting which is non-
optimal. Figure 7 reports𝑚Q.DBHit before and after normalization
for each query and its rewritings.

Direct queries with optimal rewriting show consistent reduc-
tions in database hits, independent of the type of transformation
(including reification), and the type of query (lookup/update).
Query runtimes (𝑚Q.Dur.) improve in a similar way as database
hits (𝑚Q.DBHit). Naive rewritings and indirect queries show a
7Detailed results can be found at https://github.com/dmki-tuwien/lpg-
normalization

71
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Figure 7: Comparison of query performance (𝑚Q.DBHit) be-
tween original and rewritten queries

Table 10: Comparison of per-graph metrics after normaliz-
ing using our approach and related work [37]

Scenario Approach 𝑚#Node 𝑚#Edge 𝑚AvgPropNode 𝑚AvgPropEdge

𝑆No-1 Graph-Native 6 6 ≈ 1.67 0

𝑆No-2
[37] 8 8 2 0
Graph-Native 8 8 2 0

𝑆No-3 Graph-Native 6 5 ≈ 2.33 0

𝑆Nw
[37] 1124 3969 ≈ 8.30 ≈ 2.71
Graph-Native 1124 3969 ≈ 8.30 ≈ 2.71

𝑆Off-1
[37] 2 017 381 3 681 864 ≈ 9.52 ≈ 2.95
Graph-Native 2 017 381 3 681 864 ≈ 9.52 ≈ 2.95

𝑆Off-2
[37] 2 021 602 4 854 231 ≈ 8.60 ≈ 2.24
Graph-Native 2 021 602 4 854 231 ≈ 8.60 ≈ 2.24

𝑆Off-3
[37] 2 017 388 4 367 058 ≈ 9.01 ≈ 2.49
Graph-Native 2 017 388 4 367 058 ≈ 9.01 ≈ 2.49

mixed picture: some benefit from reduced redundancy, others
incur a cost from the larger patterns. The takeaway is that direct
queries are a meaningful class since they represent exactly what
users are likely to query: dependencies typically mark important
information. Detailed queries and per-query results can be found
in the extended version of this paper [33].

Comparison to Related Work. To show that our approach
generalizes Skavantzos and Link [37], we compare the per-graph
metrics on the scenarios supported by both works: 𝑆No-2, 𝑆Nw,
𝑆Off-1, 𝑆Off-2, and 𝑆Off-3. As Table 10 shows, both approaches yield
identical metrics, experimentally corroborating that𝜓between-n is
equivalent to the LPG node normalization of [37].

Scenario 𝑆No-1 could in principle be covered by [37], but is omit-
ted due to a subtle difference in the treatment of keys. In [37],
gUCs are treated as dependencies that determine all property
values of a node (𝑆No-2), whereas we treat keys as dependencies
that determine a node’s identity, which in turn determines its
properties (cf. structurally implied dependencies, Section 4). As

discussed in Section 5, such key dependencies do not cause re-
dundancies and require no transformation, yielding a smaller –
yet normalized – graph (visible when comparing 𝑆No-1 and 𝑆No-2).
Scenario 𝑆No-3 is mentioned in [37] but without results, so it is
excluded from Table 10.

Discussion. As discussed above, we see that graph-native nor-
malization extends the existing approach to LPG normalization
and eliminates redundancies in LPGs. However, it also leads to an
increase in the number of graph objects, i.e., nodes and edges, as
Figure 6 shows. As an effect, the complexity of a graph’s structure
increases as well. While the total number of properties in a graph
is reduced as an effect of redundancy reduction, it can happen
that the average number of properties in nodes increases, due to
reification and the movement of properties, as discussed for 𝑆Uni-1.
Thus, we conclude that optimizing for redundancy reduction and
a minimal number of graph objects in a graph simultaneously is
not possible.

However, with respect to query performance, normalization
(and thus redundancy reduction) can lead to improvement. This
is an interesting insight compared to the relational data model,
where denormalized schemas are sometimes intentionally used
to ease and speed up querying of relations.

Another difference between the relational model and LPGs
concerns the definition of dependencies. LPGs provide a larger
number of possible modeling choices compared to the relational
model. Thus, LPG normalization depends more heavily on the
initial structure of the data. This means that, compared to the
relational model, more attention must be given to the design of
the GO-FDs.

8 Conclusion
Building upon related work and in analogy with relational data-
base systems, this paper proposes a graph-native approach to
labeled property graph (LPG) normalization. The novel process
employs graph transformation rules to normalize graphs into
GN-NF and subsequently reduces redundancy. Our evaluation
experimentally shows the applicability of our approach using a
variety of graphs and functional dependencies; it highlights the
tradeoff between having a simple structure and the reduction of
redundancies, and it emphasizes the possible impact on query
performance.

These observations open several avenues for future research.
First, while we assume the availability of GO-FDs, in practice
these dependencies may need to be determined automatically,
e.g., through mining. Another aspect of future work is to consider
a broader range of dependencies using complex graph patterns as
their scope. Based on our insights on query performance we see
the need for further research on rewriting queries for normalized
graphs as well. Finally, we plan to investigate to what extent our
work can be applied to knowledge graphs in RDF.
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Outlook

• Consider more complex patterns

• Practical tooling

• Large language models for labeling
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