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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.
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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 (Al), 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
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.

(i) 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:

o mutually disjoint finite subsets N, E of O that represent
the nodes and edges respectively;

10.48786/edbt.2027.06
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Figure 2: Normalized version of the LPG from Figure 1a

e a total function lab : N U E — 2 that maps objects to
(possibly empty) sets of labels;

e total functions src : E — N and tgt : E — N that map
each edge to nodes representing the edge’s source and
target respectively; and

e a partial function prop : (N U E) X P — C that assigns
constants to the property keys in objects.

This definition of LPGs is compatible with GQL [20] and common
graph database systems, such as Neo4j [26] or Memgraph [25].
The data model of these two systems is a subset of our definition,
where, contrary to GQL, edges can only have exactly one label,
which is called type.

Relation Schemas, Tuples, and Relations. We assume mutually
disjoint countable sets of relation names R and attributes A,
disjoint with any of the previous sets. When we assume a finite
set of attributes A € A with a relation name R € R, denoted by
attr(R) = A, we call R a relation schema with attributes A. A tuple
 for a relation schema R is a function that assigns constants from
C to attr(R). Formally, it is a total function y : attr(R) — C. An
instance I of a relation schema R is a set of tuples for R. Sometimes,
I is simply called a relation. We say that two tuples y, y, agree
on attributes A if for every a € A, p1(a) = pz(a).

Functional Dependencies and Keys. Essential to all techniques
related to normalization are so-called dependencies. A depen-
dency is a type of constraint that holds on multiple data records -
it can cover multiple data attributes [9]. The dependency type rel-
evant for normalization in the relational data model are functional
dependencies (FDs). FDs express “which attributes are functional
dependent on others” [11]. In other words, this means that the
values of a certain set of attributes X define the values of another
set of attributes Y. Formally, an FD over a set of attributes A is an
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Figure 3: Example of the graphical graph pattern notation

expression X = Y, with X, Y € A. AnFD X = Y is applicable
to a relation schema Rif X UY C attr(R). We say that an FD
X = Y is satisfied by a relation instance I for R, denoted by
I |= X =Y, if for every two tuples yy, piz € I, whenever they
agree on X, they agree on Y. Given a set of FDs X over A, and
another dependency X = Y we say that X = Y holds in X,
denoted by X |= X = Y, if for every instance I of a relation
schema R with attr(R) = A that satisfies all dependencies in 3,
we have I = X = Y. We assume for every relation schema R
a (possibly empty) set of FDs deps(R). A superkey of a relation
schema R is a set X C attr(R) such that deps(R) | X = attr(R).
A key for R is a (subset-)minimal superkey.

Graph Patterns. In the LPG literature, the notion of graph
patterns is often used to express queries. We adopt this notion for
our purposes and consider a semantics that corresponds to the
graph pattern calculus (GPC) [15]. We do not need the full power
of GPC, specifically, we do not consider repetitions. Throughout
this paper, we use two notations for patterns: (i) a graphical
notation and (ii) a concrete syntax.

The graphical notation consists of nodes and edges. Nodes are
circles, edges are arrows. Both nodes and edges have a variable
(typically x or y), an associated set of labels (typically denoted by
L), and a set of property keys (typically P = {ky, ks, ... }). Edges
are directed. Throughout the paper, we explicitly state when
edges in our notation represent both directions. Figure 3 illus-
trates the graphical notation with an example. Here, x; matches
nodes that have (at least) labels L and property keys k; and k.
Node x; has an outgoing edge y with (at least) labels L’ and prop-
erty key ks to another node x; without any requirements on its
labels. This graphical notation corresponds to the following GPC
expression:!

y:L’

(31:L) xy ey =1 ey Axy g =1 Ky —y.ks=y.ks (x2)
Additionally, we introduce a concrete syntax for a subset of GPC,
which we call basic graph patterns and often simply refer to
as graph patterns. We assume a countable set of object identity

variables V, disjoint from L U P U C. Let x € V. A property

'We use the filter condition x;.k; = x;.k; to ensure property k; is present.



Table 1: The evaluation [Q]€ of pattern Q in graph G
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Table 2: Characteristics of relational normal forms [1, 18]
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x> e
x.k — ky
for each k € P

y—e;
puUyk -k
for each k € P’

e € E,lab(e) C L, and}

(x:L:P) JLP 0

variable is then an expression of the form x.k with k € P. A
variable is either a property- or an object identity variable. Based
thereon, we define the syntax for basic graph patterns as follows:
y:L:P y:L":P’
Q:u=(x:L:P) | ) e () | (x:L:P) ¥—— ()
where < is either — or «<— x, y € V are object identity variables,
L,L’ C Lis a set of labels, and P, P’ € P is a set of keys. Given a
graph pattern Q, we define its output attributes attr(Q) as the set
of variables that occur in the pattern. We have:

attr((x:L:P)) := {x.k | k € P}U{x}
attr(() €= () = {yk | k € Pu{y)
attr(x:L:P) 555 () = {xk | k € PYU{yk | k € P'}U{x g}

For an LPG G and a graph pattern Q, the evaluation of Q in G
is the relation [Q]© for a relation schema Ry with attr(Rg) =
attr(Q), as defined in Table 1.

Graph Transformations. Finally, we adapt the notion of graph
transformations from Bonifati [7] for our purposes. A transfor-
mation is a pair (Qpefores Qafter) Where Qpefore is a graph pattern,
and Qqfer is a graph pattern that contains constructors. There
are two kinds of constructors: node identity- and label construc-
tors. Essentially, they are functions mapping sets of values to
newly created node identities and labels respectively.? We will
use the notation (x) and x to represent the creation of a new
node identity and a new label based on the value x. Consider
the first row in Table 4 (with ID={yithinn, disregarding the gray
arrows for now). The second column (T) represents Qpefore and
is a single node pattern. It matches nodes x with labels L where
the property keys k; and k, are present. Then, the pattern in
the third column (Tyew) is Qafter» which constructs a new node
identity based on L and the property key k;, and also constructs
a new label based on the same values. Furthermore, the property
keys (and associated values) k; and k; are moved from node x to
node (Lk;). The semantics of a single transformation is defined
by a creation phase in which new graph objects and values are
created, followed by a removal phase in which graph objects and
values are removed. For a set of graph transformations 7, first,
for each transformation T € 77, the creation phase is executed,
and then, for each T € 7, the removal phase is executed.

Running Example

To illustrate our concepts and contributions, we introduce a run-
ning example (cf. Figure 1). It captures an academic context,
where courses are taught by lecturers using certain books. Some

2These constructors are better known as Skolem functions [7].
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Relational

normal Characteristic

form

INF All values in the relation are atomic.

INF Non-key attributes of the relation schema are fully dependent on
keys.

3NF Non-key attributes are not transitively dependent on keys.

BCNF Every FD is trivial or contains a superkey on its left-hand side.

courses are taught once, others annually. The example also cap-
tures students who are taking courses and may form groups to
solve course assignments together.

In this example, we can formulate several dependencies:

“Courses are identified by their title and year”

“All lecturers teaching a particular course must use
the same textbook.

“The assigned number of a student group determines
its name.”

“Annual courses may only be taught in one of the
two semesters of a year””

PCourse*
®Book*

PGroupNo*

P Annual*

We can classify these dependencies on the graph objects they
use. Dependency ¢course is defined on nodes (Courses) and their
property keys (title and year). As this dependency only involves
node information, we call it a within-node dependency. Depen-
dency ¢pook involves nodes (Lecturers) but also property keys
from related edges (usingBook). We call gp,ox a between-graph-
object dependency, as it involves both, nodes and edges. The last
type of dependency involves only edges and their property keys.
Dependency ¢GroupNo is such an example, and we call it a within-
edge dependency. Dependency @annual is another example of a
within-node dependency.

3 Related Work

Before continuing, we review existing work on (non-)relational
normalization and (functional) dependencies for graphs.

3.1 Relational Normalization

The foundations of schema normalization are inseparably con-
nected to the relational model [10]. The first normal form (1NF)
has been proposed together with the relational model by Codd
[10] in 1970, followed by the second normal form (2NF) [11],
the third normal form (3NF) [11], and the Boyce-Codd Normal
Form (BCNF) [12] shortly thereafter. An overview of the charac-
teristics of each relational normal form is shown in Table 2.

The standard process of transforming a relation schema that
is not in some desired normal form into a set of relation schemas
is called decomposition. Decomposing a relation schema brings
advantages such as smaller relations, independent information
stored separately, and the omission of redundancies [1, 29]. For
the relational model, decomposition techniques are primarily
concerned with functional dependencies (cf. Section 2 and Table 2)
to achieve 3NF and BCNF schemas. For FDs, a sound and com-
plete set of reasoning rules, the so-called Armstrong’s Axioms,
is known and can be used, for example, to identify redundant
dependencies [1, 5, 13].

Normalization is the process of decomposing a given rela-
tion schema R in order to reach 2NF, 3NF, and BCNF, effectively
splitting R into n new relation schemas Ry, ..., R, based on its
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attributes, meaning attr(R) = |J, attr(R;). Algorithms that per-
form decomposition are the synthesis algorithm [1], which guar-
antees 3NF for the decomposed relation schemas, and the de-
composition algorithm [1], which ensures BCNF. Until today, nor-
malization remains a crucial task when designing (relational)
schemas [18], as it omits anomalies (cf. [1]), reduces redundan-
cies and the potential of inconsistencies, and it optimizes the
performance of databases [39].

3.2 Non-Relational Normalization

Normalization can be applied beyond the relational model. Thal-
heim [39] introduced normalization for the entity-relationship (ER)
model, led by the same objectives as relational normalization: op-
eration anomalies, inconsistent data, and redundancies should be
avoided. Unlike relational normalization, which considers only
single relations (local normalization), ER normalization can con-
sider whole diagrams or parts of diagrams (global normalization).

ER normalization considers the normalization problem, where
the goal is to determine whether a transformation (called “in-
fomorphism” in [39, 40])  exists that can be applied to an ER
diagram E such that it fulfills the properties of a particular nor-
mal form (cf. [39] for details on the properties). One important
property is that these transformations need to be reversible, i.e.,
Vinv (Y (E)) = E holds for ¢ and its inverse ipy.

Normalization for LPGs was first proposed by Skavantzos and
Link [36, 37]. LPGs are normalized using a decomposition pro-
cedure. In simplified terms, the principle is to first transform a
set of nodes with properties P and labels L into a relation with
attributes P. Then, this relation is decomposed, and, finally, the
obtained relations are transformed back into an LPG. This ap-
proach therefore reduces redundancy by resolving within-node
dependencies but does not consider the additional types of de-
pendencies that can occur within edges or graph patterns (i.e.,
between-graph-object dependencies). Hence, in this paper, we
propose a generalized approach to close this gap by considering
these types of dependencies as well.

3.3 Functional Dependencies for Graphs

In the context of LPG normalization, Skavantzos et al. [36—38]
proposed Graph-tailored Functional Dependencies (gFDs) to ex-
press FDs within nodes, and Graph-tailored Uniqueness Con-
straints (gUCs) to express keys. gFDs and gUCs are defined on a
subset of properties of a subset of nodes N that have assigned
a set of labels L C L and have defined values for property keys
P C P. The semantics of gFDs is similar to the semantics of FDs.
For example, the gFD

@gFD-Annual ‘={Course, Annual} : {title, year, semester} :

{title, year} = {semester}
expresses dependency @annual (cf. Section 2). Similarly, a gUC
@guc-Course := {Course} : {title, year} : {title, year}

expresses dependency @course, i-€., courses are identified by their
title and year. Notably, gFDs and gUCs are concerned with nodes.
In our terminology, they can only express within-node depen-
dencies.

Besides gFDs and gUC, a variety of other dependencies appli-
cable to LPGs has been defined. Including gFDs, Manouvrier and
Belhajjame [24] analyzed 13 types of dependencies. However, the
focus of most of these dependency types is on the identification
of graph objects, on the specification of integrity constraints
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involving constant values, or on inference of graph objects. Ex-
cept for the previously mentioned gFDs, none of the dependency
types was designed for the purpose of normalizing graphs [24].

Hellings et al. [17] defined Functional Constraints (FCs), not
for LPGs, but for arbitrary n-ary relations. They define an ax-
iomatic system to allow reasoning over FCs. In particular, FCs
can be used to define FDs over RDF-based graphs.

Since Section 6 defines a graph-native approach to normaliza-
tion based on dependencies involving nodes and edges, we need
a dependency type tailored to this task.

4 Graph Object Functional Dependencies

As a first step towards graph-native normalization, we define
Graph Object Functional Dependencies (GO-FDs) as a depen-
dency type for LPGs that goes beyond within-node dependencies.
A GO-FD ¢ is an expression of the form:

pu=0=2X>=>Y

where Q is a graph pattern and X, Y are sets of variables (i.e.,
object identity- or property variables; cf. Section 2). We refer
to the pattern Q of a GO-FD as its scope, and to X = Y as its
descriptor D. We call a GO-FD Q = X = Y trivial if Y C X.

Whether a dependency is a within- or between-graph-object
dependency simply depends on the number of graph object iden-
tity variables involved in the dependency. We make this more
precise:

Definition 4.1. We calla GO-FD ¢ = Q : X = Y a within-
graph-object dependency when the variables in X UY use exactly
one object identity variable x. If x occurs as a node (resp. edge)
in the scope Q, we call it a within-node (resp. edge) dependency.
Otherwise, when two object identity variables occur in X U Y,
we call ¢ a between-graph-object dependency.

Recall that graph patterns Q match subgraphs in a given
graph G, with the requirement that certain sets of labels L and
keys P must be present in the matched graph objects. The result
of evaluating a graph pattern in a given graph is a relation where
the relation schema consists of attributes that are given by the
variables mentioned in the pattern. Then, FD X = Y must hold
in this relation.

Formally, a graph G satisfiesa GO-FD Q :: X = Y if [Q]° |
X = Y. Furthermore, we call a set of GO-FDs ¥ a GN-Schema.
Therefore, more generally, we say a graph G satisfies a schema
3, denoted by G |= X if it satisfies each of the dependencies in X.

Example 4.2. By using GO-FDs, we are able to express all
textually described dependencies of the running example (cf.

Section 2).
@course: (x:{Course}:{title, year}) :: x.title, x.year = x
:{Teaches}:{usi
@Book: () M (x:{Course}:0) :: x = y.using
y:{inGroupWith}:{groupNo,name}
PGroupNo* 0 0=
y.groupNo = y.name

@Annual: (x:{Course, Annual}:{title, year, sem}) ::
x.title, x.year = x.sem

Dependency @course acts as a uniqueness (superkey) constraint
and shows how to express gUCs using GO-FDs. Dependency
®Book highlights our generalization of gFDs; we are able to express
dependencies between graph objects. Similarly, ¢Groupno Shows
how GO-FDs can express within-edge dependencies. Finally, ex-
ample @annual Shows how to express gFDs using within-node
GO-FDs.
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Axiomatization. Functional dependencies in the relational mo-
del have an axiomatization called Armstrong’s axioms. Analo-
gously, we also have reasoning rules for GO-FDs. First, we state
axioms that are intrinsic to LPGs. We call the following three
axioms structurally implied because they are given by the graph
structure of the data model. Let G be a graph.

Object Identity (Node) G |= (0:0:k) : 0 = 0.k

:0:k
Object Identity (Edge) G |= () — () =0 = 0.k
Edge Endpoint G = (x) 5 (y) me=>xande=>y
Before we continue with the associated reasoning rules, we need
to introduce the notion of pattern inclusion. Let Q, Q’ be basic
graph patterns. We say Q is more general than Q’, which we

write as Q 3 Q' if, for any graph G, [Q]° 2 maur(0) ([Q']°)
We characterize basic graph pattern inclusion as follows:

LEMMA 4.3. Q 3 Q' iff they are as shown in Table 3.

PRrROOF SKETCH. One can verify that the relations shown in
Table 3 hold. Furthermore, the remaining case is where an edge

. . y:L":P’
occurs in Q, but not in Q’. Suppose Q := (x:L:P) —— () and
Q" := (x":L"":P""). Then, evenif L” C L and P”” C P, pattern Q is
more restrictive since it requires the presence of an edge. O

Furthermore, Table 3 gives us a straightforward algorithm to
check whether Q' E Q by matching the patterns and checking
the subsets of property keys and labels.

We now state the reasoning rules for GO-FDs. Let Q, Q’ be
basic graph patterns.

Reflexivity If Y C X, thenQ = X = Y.
Augmentation If Q :: X = Y and Z C attr(Q),
thenQ =« XZ = YZ.
Decomposition If Q : X = ZY, thenQ = X = Y.
Restriction f Q : X = Y,and Q' C Q, then Q' :: X = Y.
Transitivity If Q : X = Y, Q' =Y = Zand Q C ',
thenQ' = X = Z.

THEOREM 4.4. The axioms above provide a sound and complete
axiomatization of GO-FDs.

PROOF SKETCH. In case Q = Q’ the soundness and complete-
ness of the axiomatization, within the scope Q, follows from
Armstrong’s Axioms. However, generally, the completeness of
the axiomatization is non-trivial. To show completeness, we
rely on the insight that GO-FDs can be encoded into Functional
Constraints (FCs) over n-ary relations, as defined by Hellings
et al. [17]. In their work, they provide a complete axiomatization
of FCs, which we can use to show the completeness of our ax-
iomatization. To this end, we must verify that (1) we can encode
LPGs in a n-ary relation; (2) we can translate GO-FDs into FCs;
and (3) our axioms correspond to theirs. O

3We assume the standard relational projection semantics for Tattr(Q)» 1-€., We project
on the attributes of Q.
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Obtaining GO-FDs. GO-FDs encode domain knowledge of their
scopes and are specified by a curator, typically with implicit
knowledge of the graph’s construction and the subgraphs rel-
evant to the application. Skavantzos and Link [37] report that
even for within-node dependencies, automated mining gives only
heuristics; mining GO-FDs over more complex graph patterns
is correspondingly harder, and automatic retrieval of GO-FDs
remains an open problem.

5 Redundancies in Labeled Property Graphs

Since one of the main objectives of normalization is to reduce
redundancy, we first identify different types of redundancies that
might occur in LPGs under GO-FDs and show how these can
be resolved in a graph-native way. Based on these insights, we
introduce Graph-Native Normal Forms (GN-NFs).

5.1 Redundancy Patterns

Graph data is called redundant if it represents the same piece of
information multiple times.

Example 5.1. Consider again the running example in Figure 1b
and dependency @GroupNo, Which states that a student group’s
number determines the name of the group they are in. The fact
that group 1 is named “Heroes” is represented twice, in edges e4
and e5. Figure 4a visually displays the redundancy of the group
name in these edges. Preferably, the group name “Heroes” should
only be represented once in combination with group number 1.

We can characterize these redundancies from a relational per-
spective. Consider the relation depicted in Figure 4b, which shows
the relation represented by the scope of dependency ¢G:oupNo,
including the source and target of the edges. Clearly, if we look
at the attributes used in the descriptor of pGroupNo, i.€., groupNo
and name, we can identify the repeated fact.

To simplify our discussion of redundancies, we assume that
the dependencies are strictly within or between objects, i.e., for
a descriptor X = Y at most one object identity variable may
appear in each, X and Y. We call such dependencies strict GO-
FDs. They capture natural dependencies, such as the ones used
in our examples.

To aid our discussion of redundancy, we discuss the shape of
a GO-FD: the shape is determined by inspecting the descriptor
X =Y. Specifically, our discussion of redundancy relies on the
types of variables that are present in X and Y (recall that variables
are either identity- or property variables, cf. Section 2).

First, as shown in Figure 5, we identify three groups of GO-
FDs for which no redundancies occur.* Each group contains a
number of dependencies of different shapes, using the graphical
notation. The source and target of the gray arrow indicate the
shape. For simplicity, only one direction is shown for the edges.
Still, the same classes also apply to the inverse direction.

THEOREM 5.2. No redundancies occur under dependencies that
follow the shapes shown in Figure 5.

PRroOF sKETCH. Groups (a)—(c) cover patterns for which the
same fact cannot appear twice: (a) follows from the structurally
implied rules (each edge has unique source/target; each property
has at most one value); (b) are superkey constraints, which, by
definition, do not allow for repetition; (c) constrains the out-
degree to one. O

“While only one property key k is depicted in these dependencies, this is only a
graphical simplification: generally, these can be sets of property keys.
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LgroupNo: 1 ( groupNo: 1
name: “Heroes” A name: “Heroes”

(a) Redundancy within the edges

N
x x.groupNo  x.name Xy  Xigt
e4 1. . Heroes n7  n8
e5 1 Heroes n9 n8

(b) Redundancy from a relational perspective

Redge -—— = - - —
s P RgroupNo TN
x x.groupNo  Xgc  Xigt >«
™ x.groupNo  x.name
e4 1 n7 n8
e5 1 n9 n8 1 Heroes

(c) Decomposed relations. The dashed line is a foreign key; the
gray line is the descriptor of the original dependency.

groupNo: 1
name: “Heroes”

(d) Transformed subgraph of Figure 4a without redundancies

Figure 4: Resolving redundancies in Figure 1 related to
@GroupNo: the original redundancy (a, b), its relational de-
composition (c), and the transformed subgraph (d).

@@ OH—®
OO OO
(a) Structurally implied GO-F]/);
O—® O—®
oo  9©0
(b) Superkey GO-FDs () Cardinality-limiting GO-FDs

Figure 5: GO-FDs of different shapes for which no redun-
dancies can occur. GO-FD descriptors are drawn in gray.
For simplicity, only one direction of edges is shown.

All other dependency shapes allow for redundancies to occur.
We call dependencies of such shapes redundancy patterns. They
are listed in the second column of Table 4 (T).

5.2 Redundancy Removing Transformations

Since our objective is to eliminate redundant graph data, we
propose a general technique that, for each possible redundancy
pattern, eliminates the redundancy by specifying a specific graph
transformation (cf. Section 2). This is similar to ER normaliza-
tion [39], where also transformations are employed to avoid
modeling that allows for redundancies. The transformations are
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Table 4: Graphical representation of the graph transfor-
mations that resolve redundancy patterns. The descriptor
of a GO-FDs is shown as a gray arrow. New nodes are con-
structed on values x matched in the redundancy pattern
(shown using the (x) notation), similarly, new labels are
constructed (shown using the x notation).

Redundancy

D pattern (T)

Resolved redundancy pattern (Thew)

Redundancies and transformations associated with within-graph object GO-FDs

@ 5@,

¢within-n ( kl T
Vi 1
k2
Ysrc Ytgt
ORUIDELO)
y: L, Lk
lp\vithin-e @ R L—

k
§ 1 S\
ko qﬂ!@ k1
K2

Redundancies and transformations associated with between-graph object GO-FDs

y
@

Yy Lk
lp‘belween-np-ep ks @ N2 1 ‘/:\
“ i
ka

ysrc ytgt
O = et
vk
S
:
k1
ysrc ytgt
O et
Tk
S
b

shown in Table 4, which depicts the redundancy pattern (T), as
well as the resolved pattern (T,ew). Gray arrows denote the depen-
dencies present in the patterns. For example, the transformation
Vbetween-n-ep applies to GO-FDs of the form

y:L
%elween—ep—np @ k @
l/ 2
ky ¥

l//between-ep-n
= ky

y:L:{ky,...
-

(x1:0:0) L0 = yk

Concretely, this covers, e.g., dependency ¢pook (cf. Section 2).

Generally, the discussed transformations follow a principled
approach: elements mentioned in the descriptor X = Y of a
GO-FD belong together. More specifically, they are bundled to-
gether into a new node ny, that is identified by X. This node
Nnew additionally must be reachable from the graph object o of
which X was initially a part of. If o is a node, an edge is created
to reference n,,, from 0. However, when o is an edge, a different
approach must be used.

For descriptors where the left-hand side consists of variables
originating from an edge, we employ a reification pattern: the
edge is replaced by a reifier node n;r, which has an edge to the
newly created node ny,. These strategies are summarized as
graph transformations in Table 4. We motivate this approach
with an example.
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Table 5: Rationale for the redundancy removing transformations

ID

Relation schema of the Decomposed relation

redundancy pattern

schema

Transformation rationale

Rationales for within-GO-FD transformations

l//within—n

l//wilhin—e

{x,x.k1,x.ks}

{x1, %2, y, y.ky, y.k2 }

Ry = {x,x.k;}

Ry = {x.ky,x.ko}
x.ky in Ry is a foreign
key (FK).

Ry = {x1, %2, 9, y.k1}
Ry = {y.k1, y.k2}
y.k; in Ry isaFK.

Ry has one referencing attribute: the node x itself. We conclude that R; represents node x. R, has no
referencing attributes, and therefore, it represents a new node n. Since R; has a FK to Ry, we materialize
it as an edge between x and n. Since we no longer need the FK, k; needs not be stored in node x.

R; has three referencing attributes: edge y, its source and target. We conclude that Ry represents edge
Y. Ry has no referencing attributes, and therefore, it represents a new node n. Since R; has a FK to Ry,
we want to materialize it as an edge. Therefore, we reify y, with a reifier node n’. Then, we create the
edge between n’ and n. Since we no longer need the FK, k; needs not be stored in node n’.

Rationales for between-GO-FD transformations

‘//between-n-ep

{x1, %2, y, y.kp }

‘/’between-np-ep {x1, %2, y,x.k1, y.ko }

‘/’between-ep-np {x1, %2, y,x.k1, y.ko }

1pbetween—ep—n

{x1,%2,y, y.k1 }

Ry = {x1,x2, y}

Ry = {x1, y.k1}

x1 in Ry is a FK.

Ry = {x1,x2, y, x.k1 }
Ry = {x.k1, y.kz}
x.k is a FK.

Ri = {x1,x2, y, y.ko }
Rz = {y.kz,x.kl}
X.x1 is a FK.

Ry = {x1,%2, y, y.K1 }
Ry = {x1,y.k1}

Ry has three referencing attributes: edge y, and its source and target. We conclude that Ry represents
edge y. Ry has one referencing attribute x1, and therefore, we conclude it represents node x;.
Additionally, Ry contains a new property key, which represents moving property key k; from y to xy.

Ry has three referencing attributes: edge y, its source and target. We conclude that R; represents edge
Y. Ry has no referencing attributes, and therefore, it represents a new node n. Since R; has a FK using a
property from x;, we materialize it as an edge between x; and n. Since we no longer need the FK, k;
needs not be stored in node x.

R; has three referencing attributes: edge vy, its source and target. We conclude R; represents the edge y.
R, has no referencing attributes, therefore, it represents a new node n. Since R; has a FK using a
property key from y, we want to materialize it as an edge. Therefore, we reify y, with a reifier node n’.
Then, we create the edge between n’ and n. Since we no longer need the FK, k; needs not be stored in
node n’.

Ry has three referencing attributes: edge y, and its source and target. We conclude that Ry represents
edge y. Ry has one referencing attribute x;, however, since it needs to be referenced from the edge v,

y.k; isa FK.

an edge will be materialized between the reified node n’ and a new node, specially for k;.

Example 5.3. Continuing Example 5.1, we start by observing
that relation R resulting from the scope of ¢GroupNo, as shown
in Figure 4b, has three references to graph objects: edge x, its
source and its target. This is characteristic for edges. Nodes, on
the other hand, never refer to any other graph object.

We show that the redundant information discussed in Exam-
ple 5.1 is eliminated by executing the transformation Ysgithin-e
from Table 4. In the relational setting, we would decompose
R into the two relations Rggge and ReroupNo sShown in Figure 4c.
However, it is not clear from the outset how these two relations
correspond to graph objects. Looking at RgroupNo. it refers to no
graph objects, which means it is a node in principle. On the other
hand, Rggg refers to three objects (the edge itself, source, and
target), which corresponds to the edge x itself. Since Rgge, ad-
ditionally also has a foreign key to RGroupNo» we would like to
capture this relationship by introducing an edge. However, we
cannot create an edge where one of the endpoints is an edge
itself. We argue that this must be resolved by introducing a reifier
node ((y) in transformation Yiyithin-e) that can reference nodes
from Rgroupno Using an edge. Furthermore, since we consider el-
ements of Rgroupno to be nodes, they will need an identifier: in
Vwithin-e this identifier is constructed based on the labels and the
property keys. Thus, we create an identifier based on the label
inGroupWith and property key groupNo. Additionally, a suitable
label [ is constructed for this node based on the same label and
property. The result after executing this transformation is shown
in Figure 4d. Notably, while in relational decomposition RgroupNo
the group number is a key, the transformed pattern represents
this by adding an explicit key constraint, specifically for nodes
with label I where the group number acts as a key for such nodes:
(x:I:{groupNo, name}) :: groupNo = x.

We generalize the arguments from Example 5.3 in Table 5.
Essentially, for each entry in Table 4, we look at the relation
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schema R induced by the redundancy pattern. In particular, we
are interested in the number of attributes that reference graph
objects. We call such attributes referencing attributes. Indeed,
when the pattern is a node, there will be exactly one such at-
tribute. Otherwise, if the pattern has an edge, there are three:
the source, target, and edge identity. Given a descriptor X = Y
(indicated by the gray arrows in Table 4), we decompose R into
two new relation schemas R; and R,, with attr(R;) = attr(R) - Y
and attr(R;) = X U Y. Depending on the number of referenc-
ing attributes, we interpret the effect of the transformation, as
described in the column “transformation rationale” of Table 5.

The redundancy removing transformations are both lossless
and dependency preserving. Table 5 shows the equivalent rela-
tional decomposition for which we know these properties hold.
Indeed, because the join of the decomposed relations schemas
Ry and R, results again in the relation schema of the redundancy
pattern, we can say that the transformations are lossless. Further-
more, Table 4 specifies exactly in what way the original depen-
dency is preserved (indicated by the grey arrow in the “Resolved
redundancy pattern” column). Specifically, the left-hand side of
the descriptor of the original dependency now acts as a key of
the newly created nodes. To reconstruct this original dependency
from the transformed graph, the (structurally implied) Object
Identity reasoning rule needs to be applied.

Expressing the elimination of a redundancy pattern as a graph
transformation provides insight into the elimination process it-
self. When new nodes are created in this process, they may need
to be merged together. Recall, that the transformations introduce
new identifiers based on existing values on the graph data. In-
deed, we want these new identities to overlap in a controlled
manner: this expresses the merging of nodes that express the
same information.
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Example 5.4. Figure 4d shows the subgraph of Figure 4a in
which redundancy has been eliminated. The yellow highlight
shows the application of the transformation on edge e4, and the
blue highlight the transformation of e5. Since the identity of
the newly created node o1 (representing the fact that group 1 is
called “Heroes”) is the same for edge e4 and e5, the reification
nodes both point to o1.

5.3 Graph-Native Normal Forms

While each individual redundancy pattern can be resolved with
its associated transformation, our goal is to mitigate all redun-
dancy patterns described above. In this section, we define exactly
under which conditions these redundancy patterns are mitigated.
We call these the Graph-Native Normal Forms (GN-NFs).

In order to define the GN-NFs, we leverage the ideas of rela-
tional normal forms (cf. Table 2, [1, 18]), and ER diagram normal-
ization (cf. Section 3, [39]). Recall the characteristics from the
relational normal forms (cf. Table 2). We adopt the definitions of
the first two graph-native normal forms, GN-1NF and GN-2NF,
directly from their relational counterparts. We formulate them
as:

Definition 5.5 (GN-INF). A graph G is in GN-INF if all property
values are atomic, i.e., Vcy,cp € C: ¢ € co.

Indeed, GN-1NF is independent of the dependencies that are
present. While - just as in many relational database systems
— non-atomic values are supported in graph database systems,
e.g., in form of a list datatype, these are typically not considered
in classical approaches to normalization. Since our definition
of LPGs does not consider non-atomic values, all LPGs satisfy
GN-1NF by definition.

Definition 5.6 (GN-2NF). A graph G is in GN-2NF with respect
to a GN-Schema X if every property mentioned in the schema is
fully dependent on a key.

Recall the structurally implied axioms (cf. Section 4). Indeed,
in any graph, for every property k of graph object o, there is a
trivial key: the object o itself. Therefore, we conclude that every
GN-Schema vacuously satisfies GN-2NF.

To define GN-3NF and GN-BCNF, we first introduce Q-GN-
3NF and Q-GN-BCNF. We call these scoped normal forms, in line
with our GO-FD terminology, since they are defined relative to a
graph pattern Q (the scope).

Definition 5.7 (Q-GN-3NF). A graph G is in Q-GN-3NF with
respect to a GN-Schema X if whenever X |= Q :: X = Y, then
either: (1) X is a superkey for attr(Q), (2) Y is prime, i.e., it is a
subset of a key, or (3) Q :: X = Y is trivial.

Similarly, we define Q-GN-BCNF as follows:

Definition 5.8 (Q-GN-BCNF). A graph G is in Q-GN-BCNF with
respect to a GN-Schema ¥ if whenever 3 |= Q : X = Y, then X
is a superkey for attr(Q), or Q :: X = Y is trivial.

These are direct adaptations of the well-known relational nor-
mal forms to the setting with LPGs and GO-FDs. Furthermore,
they generalize the L:P normal forms of [37], which use node
patterns for Q and strictly within-node dependencies in X.

Ultimately, we want to define a normal form for a GN-Schema
without specifying a particular scope Q. In particular, we want a
graph with a GN-Schema X to be in Q-GN-3NF or Q-GN-BCNF
for every Q present in the dependencies of 3.
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Algorithm 1: The transformation-based approach to
graph-native normalization based on the synthesis algo-
rithm

Input: a scope Q; a schema ¥; and an LPG G

Phase 1: Determine the dependencies relevant to Q
50:={Q:D|Q'=DeXandQLC Q'}

Phase 2: Compute the minimal cover

Z"é'” :=MinCov(2p)

Phase 3: Construct transformations and new dependencies

T := {(Q, Tnew) | (T, Trew) € Treq s.t. T matches ¢ € ZF"}
Z"Qe“’ := CreateDependencies(7)

Phase 4: Apply graph transformations

G :=Transform(G, T)

Result: Z"Qe“’ is the schema and G is normalized w.r.t. Q

Definition 5.9 (GN-3NF and GN-BCNF). A graph G is in GN-
BCNF (resp. 3NF) with respect to a GN-Schema ¥ if, for every Q
present in the dependencies of X, it is in Q-GN-BCNF (resp. 3NF).

Transforming a graph G that satisfies a schema ¥ into a graph G’
s.t. it satisfies 3’, which is in GN-BCNF (or 3NF), is the process
of graph-native normalization. We say a graph (schema) is in
Graph-Native Normal Form (GN-NF) if it is either in GN-3NF or
GN-BCNF.

6 Graph-Native Normalization

Considering GO-FDs and GN-NFs, we are ready to define a graph-
native approach for the normalization of LPGs. This normaliza-
tion process considers not only within-node but also within-
edge and, generally, between-graph-object dependencies. While
Section 5 addressed each redundancy pattern individually, this
section eliminates them collectively for a given schema, trans-
forming any graph into GN-NF. We first define normalization
with respect to a single scope Q (Algorithm 1), and then extend
it to full normalization (Algorithm 2).

6.1 Scoped Normalization

We will start with the normalization process to transform a given
graph G and GN-schema (i.e., a set of dependencies) such that,
for a given scope Q, it satisfies Q-GN-3NF, and may satisfy Q-
GN-BCNF.

The process is inspired by the synthesis algorithm of relational
normalization [1], which always considers all dependencies. An
alternative would be the decomposition algorithm from relational
normalization [1], which guarantees BCNF but is not always
dependency-preserving and could thus leave redundancies in
normalized graphs. The process consists of four phases, shown
in Algorithm 1.

Phase 1: Determining Applicable Dependencies. Since we nor-
malize with respect to a particular scope Q, we need to determine
which dependencies in ¥ apply to that scope so that we can prop-
erly compute the minimal cover in the next phase. We know
that a graph G satisfies a GN-Schema 2, i.e., G |= 2. Hence, by
the definition of GO-FDs, the evaluation of the scope pattern
Q in graph G, i.e., [Q]C, satisfies every functional dependency
X = Y of a GO-FD Q :: X = Y that is present in . However,
these are not the only dependencies [[Q] € satisfies. We also need
to consider every GO-FD whose scope Q is more general than Q,
ie., Q" 2 Q. Intuitively, this is because a more general scope Q’



also “covers” the matched subgraph patterns of the more spe-
cific scope Q. Formally, this is an application of the Restriction
reasoning rule (cf. Section 4). Recall that Theorem 4.3 gives us a
straightforward way to determine whether Q’ is more general
than Q.

Phase 2: Minimal Cover. We would like to have a minimal
cover ™" of the set of all dependencies that are relevant for
the scope Q. As in relational normalization, this minimal cover
is computed to avoid the consideration of redundant or non-
minimal GO-FDs for the determination of transformations 7 in
Phase 3. We say a GO-FD ¢ : Q :: X = Z is (i) redundant if
a dependency ¢ is implied by all other dependencies of a GN-
schema 3, ie,X—{¢} |= ¢, and is (ii) minimal if there isno Y ¢ X
such that ¥ — {¢} = Q : Y = Z. We use the set of applicable
dependencies from Phase 1 (2p) to compute 28"’. After applying
Restriction (cf. Section 4) to each dependency in X, we can reason
over them using Armstrong’s Axioms and compute the minimal
cover as for FDs [1].

Phase 3: Constructing Transformations. The core of the graph-
native normalization approach are the redundancy-removing
transformations from Section 5. We describe the transformation
construction in detail in the extended version of this paper [33].

Phase 4: Applying Transformations. Finally, the graph is trans-
formed according to the constructed transformations 7. Recall
from Section 2 that a set of transformations is applied in two
phases: new graph data is created first, then superfluous data is
removed. Since each individual transformation is lossless and
dependency-preserving, so is the combined application of 7.

Example 6.1. We show the application of Algorithm 1 (ScopeD-
LPGNorMALIZE) and highlight the importance of Phases 1 and 2.
For this we consider a GN-Schema X, which relies on two scopes
that use P = {title, program, language}:

Q1: (x:{Course}:P)

Q,: (x:{Course, International }:P) w 0O
The considered GN-Schema ¥ contains the dependencies:

@1: Q1 = x.title = x.program

@2: Qq = x.title = x.language

@3: Qg = x.program = x.language

@s: Qy = x.language = y.usingBook
and @course (cf. Example 4.2). For this application of Algorithm 1,
we decide to perform a scoped normalization regarding scope Q,
and schema ¥ on graph a G.

The first phase loops over every GO-FD in X. Since Q; is more
general than Q; (cf. Table 3), all GO-FDs that use Q; are added to
Y. Intuitively, we can see that dependencies with scope Q; are
applicable to Q,: international courses are also courses, and if the
necessary property keys are present, the (more general) course
dependencies also apply to international courses. Trivially, Q,
is more general than itself, so also every GO-FD that uses Q,
is added to Xp. However, dependency ¢course is not applicable
for scope Q; since it requires the presence of the property keys
{title, year}, which is not a subset of P due to year.

Having collected all GO-FDs that hold for scope Q,, Phase 2
then computes the minimal cover of these dependencies. Even
though ¢1, @2, ¢3, and @4 are present in X¢, the minimal cover
ZS"‘ will not include ¢, as it can be implied by the other three
dependencies.

In Phase 3 the graph transformations are determined: Yiyithin-n
for both ¢; and @3, and Ypetween-np-ep fOr 4. Indeed, if we had kept
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Algorithm 2: FULLLPGNORMALIZE
Full normalization algorithm for transforming LPGs into
GN-NF.

Input: a schema ¥; and an LPG G

Collect all scopes
Q={Q0|Q0=X>YeZ}
Topologically sort the scopes based on C (see Theorem 4.3)
Qsorted = Sortc(Q)
Normalize for each scope
for scope Q € Qorteq do
| ScoPEDLPGNORMALIZE(Q, G, %) % see Algorithm 1

Result: G is in GN-NF

@2 in Phase 3, the transformation resulting from that dependency
would lead to the creation of a superfluous new node. Thus, Phase
2 prevents the creation of such redundant nodes.

Finally, in Phase 4, the transformations are applied to G.

6.2 Full Normalization

Algorithm 1 normalizes with respect to one scope, but GN-NF
(Definition 5.9) requires normalization for every scope Q. Full
graph-native normalization (Algorithm 2, FULLLPGNORMALIZE)
achieves this by repeatedly applying ScoPEDLPGNORMALIZE (Al-
gorithm 1) to each scope. The order of application is crucial:
scopes must be processed from least to most general to avoid
side-effects. We therefore topologically sort the scopes in X using
the “more general than” partial order (3, cf. Theorem 4.3). The
following example illustrates why more specific scopes must be
considered first:

Example 6.2. Consider the situation from Example 6.1, where
we normalized within the scope Q, only. We now normalize for
all scopes and show the importance of the order of scopes for full
normalization. Assume we consider the scope Q; first. This would
transform every course according to the transformation rules. For
example, by ¢y, the properties title and program would be moved
from the course nodes to a new node due to transformation rule
Uwithin-n- Specifically, this means that the international courses
would also be affected by this transformation. However, as a side
effect, this movement of properties makes the GO-FDs ¢3 and ¢4
no longer applicable. In particular, in this example, if we want
to normalize with scope Q, after Qy, transformations resulting
from @3 and ¢4 would have no effect.

This is why the topological ordering is crucial. Executing
normalization with the more specific scope Q, first avoids this
situation. Then, in the beginning, only international courses will
be modified, considering the dependencies relating to regular
courses as well (due to the application of Restriction in Phase 1
of ScoPEDLPGNORMALIZE). Afterward, normalization with the
more general scope Q; only affects course nodes, as international
courses have already been normalized and no longer match the
original dependencies.

The result is a graph that is normalized with respect to ¥ and
every scope Q. Hence G is in GN-NF.

7 Evaluation

Technical Setup. We implemented our approach in Python
utilizing an ANTLR grammar [30] to parse GO-FDs defined on
graph patterns; it supports graphs stored in Neo4j and Memgraph.
Our implementation and evaluation setup incl. Docker, artifacts,
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Table 6: Definitions of evaluation metrics

Schrott et al.

Table 7: Graphs used in the evaluation

Type Name Definition Graph Source  MyNode MsEdge MAvgPropNode MAvgPropEdge
©  MiNode |N| London Public [34] 651 1952 ~5 3
S MsEdge |E| Transport
SQ T AvgPropNode avg( [{p € P: (n,p) € dom(prop)}|:n e N}) Northwind [27] 1035 3139 ~ 13.30 ~3.43
5 No Socks [37] 3 2 ~ 3.33 0
R MavgProphdge avg( [{p € P: (e,p) € dom(prop)}|: e € E}) Offshore [28] 2016523 3339267 ~9.86 ~3.25

N lp €3 Train Services [35] 194179 1826601 ~ 6.98 ~ 3.79
§ M#Dep.sTotal @ . o University Figure 1a 4 3 1.25 2
5 £ MyDepswithinNode |¢ € T where ¢ is a within-node dependency|
[ § MyDep.sWithinEdge |¢ € T where ¢ is a within-edge dependency|
2. m | € ¥ where ¢ is a between-graph-object
© M#DepsBetween  dependency] query effort. The absolute values for mgpy,, depend on the ma-
o MMaxkedpor max(Geount(p) ([Q]9)) chine hosting the LPG system, mqpppit is machine-independent.
A MaveRedPot. avg(Geount(p) ([Q1€)) For both metrics lower values denote better performance.
S i1
& - 1, if[Q1°| =1 o
% "M Minim |Geount(my ([Q1€)] - 1 1 Test scenarios. We evaluate our approach using six graphs (see
< REE . ese Table 7 for details). To compare with related work, we use the
§é § MQDur. Query execution time as returned by the graph system (Siame gi‘aphs as fl‘r; [37] an add add“ﬁonal 9nes :; evah}llate ad-
g E. ngDBH“ Database hits as returned by the graph system itional types of dependencies. As shown in Table 8, they are

etc. are available on GitHub®. All experiments were run on a
server with a 24-core 2.9 GHz AMD EPYC 9254 CPU and 768 GB
DDR5 RAM. Neo4j was configured to use a page cache of 700 GB
and a heap of 31 GB, as recommended by Neo4;.

Metrics. An overview of our metrics and their definitions are
provided in Table 6. We distinguish between metrics measur-
ing the structure and size of an LPG and metrics that measure
query performance. Regarding graph structure and size, on a per-
graph basis, we measure the number of nodes (muNode) and edges
(msEdge), as well as the average number of properties per node
(mavgPropNode) and edge (mavgpropEdge)- For a set of GO-FDs 3, i.e.,
a GN-Schema, we measure the number of all GO-FDs (m4pep.sTotal)
as well as within-node GO-FDs (m¢pep.swithinNode)> Within-edge
GO-FDs (m#Dep.sWithinEdge)a and between-GO-FDs (m#DepAsBetween)

In line with [37], we also calculate the ‘potentials for redun-
dancy’ for each GO-FD. For a given GO-FD Q :: X = Y, and
a graph G, the list of redundancy potentials M is calculated by
a group-by-count query M := Geount(xuy) ([Q1°), effectively
counting how often the same combinations of values for property
keys in X and Y occur. The higher the redundancy potentials (i.e.,
the counts in M) are, the more redundancy is present per value
combination. If there are no redundant combinations of values,
every value in M is 1. Based on M we calculate myjgyred.por. as the
maximum redundancy potential per GO-FD, and m aygred. por. as
the arithmetic mean of the redundancy potentials M per GO-FD.
Due to being based on counts, these two metrics do not have an
upper limit.

Another structural metric we define per GO-FD is minimality
Minim. [14]. It complements the redundancy-potential-based
metrics, as it is the ratio between the number of distinct and the
total number of all combinations of values for property keys in X
and Y. Thus, its result values lie between 0 (completely redundant,
there is only a single combination of values for property keys
in X and Y) and 1 (no redundancy at all, “minimal” in the sense
that values for property keys in X and Y only appear in unique
combinations).

For measuring query performance, we rely on the query execu-
tion time in milliseconds (mgpu:.) and on the number of database
hits (mgpphit), Which is a graph system internal metric to express

Shttps://github.com/dmki- tuwien/lpg-normalization
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used in 12 scenarios with different GN-Schemas that cover all
transformations discussed in this paper (see Table 4). In lack of
appropriate methods for mining constraints in graphs, we follow
the approach described by [37] and manually define dependen-
cies for each graph® and compute the minimal cover for each
GN-Schema. The normalization of each test scenario was per-
formed three times on fresh instances of Neo4;j Enterprise, version
2025.12.1, and Memgraph 3.7.2. Query performance experiments
were run ten times and the average of all runs is reported.

Redundancy Reduction. Table 9 shows the results of our per-
GO-FD metrics for each scenario before and after normalization.
It shows that originally there are redundancies in all scenar-
ios. After performing graph-native normalization, i.e., perform-
ing the redundancy removing transformations (cf. Section 5),
all redundancies are eliminated. Thus, the per-GO-FD metrics
MMaxRed Pot.» MAvgRed.Pot.» a1d MMinim all return 1, as for each de-
pendency ¢ : Q :: X = Y there is only a single combination of
values for the property keys in X and Y.

Effects on LPG Structure. Graph-native LPG normalization
affects the structure and size of an LPG, with the precise im-
pact depending on the transformations applied. Figure 6 shows
the relative percentage change of our per-graph metrics on a
logarithmic scale, broken down by dependency type: Figure 6a
for all dependencies, Figure 6¢ for those leading to reification,
and Figure 6b for those that do not. This reveals how different
redundancy patterns (cf. Table 4) influence normalization.

Transformations that create new nodes without reification
(€-g-» Ywithin-n and Yhetween-np-ep) introduce new nodes for the prop-
erties of the descriptor of a dependency and connect them to the
existing subgraph via an edge. As Figure 6b shows, this increases
the number of nodes and edges while decreasing the number of
properties — an effect of storing each piece of information only
once.

Transformations involving reification ({within-e> Ybetween-ep-n»
and Yhetween-ep-np) have the most significant effect on per-graph
metrics. As Figure 6¢ shows, they also reduce the average number
of properties but, due to reification, create substantially more
new nodes and edges.

Overall, Figure 6a shows that graph-native normalization al-
most always increases the number of graph objects and decreases

%Details on the scenarios including the set of dependencies are available online:
https://dmki-tuwien.github.io/lpg-normalization/evaluation_scenarios/
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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 M4Dep.sW.-Node M#Dep.sW.-Edge M#Dep.sBetween M#Dep.sW.-Node M4Dep.sW.-Edge M#Dep.sBetween transformations Note Memgraph Neodj
London Public
Ston Transport 3 2 0 2 1 0 Ywithin-ns Yawithin-e 0.11 1.33
Snw  Northwind 2 0 0 2 0 0 Ywithin-n as in [37] 0.04 1.14
SNo-1 No Socks 4 0 0 4 0 0 Yrvithin-n as in [37] 0.03 1.17
SNo-2 No Socks 4 0 0 4 0 0 Yrvithin-n as in [37] 0.03 1.41
SNo-3 No Socks 5 0 0 5 0 0 Ywithin-n as in [37] 0.02 1.45
Sof.1 Offshore 3 0 0 2 0 0 Ywithin-n as in [37] 9.18 24.77
Sof2 Offshore 5 0 0 5 0 0 Ywithin-n as in [37] 33.92 116.28
Sofr3 Offshore 10 0 0 5 0 0 Ywithin-n as in [37] 25.15 63.26
Sts.1 Train Services 3 1 2 2 1 o Y Vivoes Yhonp-eps 60.89 130.27
%.-ep-n
Sts.2 Train Services 3 1 3 2 1 3 Yawns Yoves Yhonp-eps 104.16 408.72
l//b.-ep-m %.-ep-np
Stni-1 University 0 0 1 0 0 1 Ypetween-n-ep cf. Figure la 0.01 0.19
. . adapted from
Suni-2 University 0 0 1 0 0 1 Yhetween-np-ep Figfre 1a 0.01 0.61
Legend: O Graph object count M Property count
Edge Edge Edge
10001 1000 1000
1001 1001 1001
~ 107 10 1 101
R ICHE 0 0-
5L 0
TET o0 -10 1 -10 1
Sc o -100 1 1004
S 5.2
= & E Node Node Node
2 P=
§ g;ao ‘000: 1000 1 1000 1
seo 100 100 4 100
Es w107 101 101
o C
= o 0 04 0+
-101 -10 -104
-100 1 1004 1001
Ston SNo-1 SNoz SNo-s  Snw  Sof1 Soft-z Soft-s Sts1 Sts2 Sunict Suni2 Ston Ste1 Srez Ston  Ste1 Sts2
(a) All dependencies (b) Without reification (c) With reification

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(mAnged.Pot.) ElVg(rnMinim)

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-1 125 1 125 1 075 1
SNo-2 125 1 125 1 0.75 1
SNo-3 1.20 1 1.20 1 0.80 1
Sofi-1 ~ 264881.33 1 =~ 613.07 1 =~ 0.00 1
Soff-2 175898.00 1 ~ 513.25 1 ~ 0.00 1
Soms 23957220 1 ~21645.63 1 ~0.00 1
Ste1 ~ 679033 1 ~563.93 1 ~068 1
STs-2 11631.00 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
Ubetween-n-ep» Which “moves” a property from an edge to a node,
as in Sypi-1. There, msnode and mygdge Temain constant while
MavgPropEdge decreases and MaygPropNode 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
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normalization. The latter correlates with the number of graph
objects involved: transformations using reification are the slow-
est. For example, in Spon on Neodj, the transformation of type
Ywithin-ntakes ~ 0.58 s on average, while the transformation of
type Ywithin-e takes ~ 0.97s.”

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 Ston, SNw» SOff-15
and St (cf. Table 8), classified along two axes. Direct queries
retrieve property keys k € X U'Y of a single GO-FD ¢ : P :
X =Y, ie, 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 reports mgpphit 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 (mgpur.) improve in a similar way as database
hits (mgppHit). Naive rewritings and indirect queries show a

"Detailed results can be found at

normalization

https://github.com/dmki-tuwien/lpg-
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Legend: M Original queries [ Rewritten queries after normalization
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Figure 7: Comparison of query performance (mgpgHit) 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 MyNode MiEdge ™MAvgPropNode MAvgPropEdge
SNo-1 Graph-Native 6 6 ~ 1.67 0
S [37] 8 8 2 0

No-2- Graph-Native 8 8 2 0
SNo-3 Graph-Native 6 5 ~ 2.33 0
B [37] 1124 3969 ~ 8.30 = 2.71
Nw Graph-Native 1124 3969 ~ 8.30 ~ 2.71
s, [37] 2017381 3681864 ~ 9.52 =~ 2.95
Of1 Graph-Native 2017381 3 681864 ~ 9.52 ~2.95
s [37] 2021602 4854231 ~ 8.60 ~ 2.24
Off-2 Graph-Native 2021602 4854231 ~ 8.60 ~2.24
s, [37] 2017388 4367058 ~ 9.01 ~ 2.49
O3 Graph-Native 2017388 4367058 ~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: Sxo-2, SNws
Soft-1, Sof-2, and Sog-3. As Table 10 shows, both approaches yield
identical metrics, experimentally corroborating that Ypetween-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
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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 Syo.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 Sypi-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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