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Abstract: Graph query languages such as Cypher are widely adopted to match and retrieve data
in a graph representation, due to their ability to retrieve and transform information. Even though
the most natural way to match and transform information is through rewriting rules, those are
scarcely or partially adopted in graph query languages. Their inability to do so has a major impact
on the subsequent way the information is structured, as it might then appear more natural to
provide major constraints over the data representation to fix the way the information should be
represented. On the other hand, recent works are starting to move towards the opposite direction,
as the provision of a truly general semistructured model (GSM) allows to both represent all the
available data formats (Network-Based, Relational, and Semistructured) as well as support a holistic
query language expressing all major queries in such languages. In this paper, we show that the
usage of GSM enables the definition of a general rewriting mechanism which can be expressed
in current graph query languages only at the cost of adhering the query to the specificity of the
underlying data representation. We formalise the proposed query language in terms declarative
graph rewriting mechanisms described as a set of production rules L — R while both providing
restriction to the characterisation of L, and extending it to support structural graph nesting operations,
useful to aggregate similar information around an entry-point of interest. We further achieve our
declarative requirements by determining the order in which the data should be rewritten and multiple
rules should be applied while ensuring the application of such updates on the GSM database is
persisted in subsequent rewriting calls. We discuss how GSM, by fully supporting index-based data
representation, allows for a better physical model implementation leveraging the benefits of columnar
database storage. Preliminary benchmarks show the scalability of this proposed implementation in
comparison with state-of-the-art implementations.

Keywords: direct acyclic graphs; generalised semistructured model; graph grammars; graph query
languages; algorithms; operator algebras

MSC: 68W40; 68P15; 68Q42; 68Q55; 68R10; 68U35

1. Introduction

Query languages [1] fulfill the aim of retrieving and manipulating data after being
adequately processed according to a physical model requiring preliminary data loading and
indexing operations. Good declarative languages for manipulating information, such as
SQL [2], are agnostic from the underlying physical model while expressing the information
need of combining (JOIN), filtering (WHERE) and grouping (e.g., COUNT (x) over GROUP BY-s)
data over its logical representation. This language can also be truly declarative as it does
not require a user to explicitly convey this in terms of operations to be performed over the
data rather than instructing the machine which information should be used and which
types of transformations should be applied. Due to the intrinsic nature of graph data
representation, graph query languages such as Gremlin [3], Cypher [4], or SPARQL [5] are
procedural (i.e., navigational) due to the navigational structure of the data, thus heavily
requiring the user to inform the language how to match and transform the data. These
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considerations extend to how edge and vertex data should be treated, thus adding further
complexity [6,7].

On the other hand, graph grammars [8] provide a high-level declarative way to match
specific sub-graphs of interest from vertex-labelled graphs for then rewriting them into
another subgraph of interest, thus updating the original graph of interest. These consist
in a set of rules {L; — R;}1<i<N, Where each rule L; — R; consists of two graphs L; and
R; possibly sharing a common subgraph K: while K c L specifies a potential removal of
either vertices or edges, K < R specifies their addition. Automating the application of such
rules requires explicitly following a graph navigational order for applying each matched
subgraph to the structure [9] to guarantee the generation of a unique acceptable graph
representation resulting from the querying data. As a by-product of exploiting topological
sorts for scheduling visiting and rewriting operations, we then require to precisely identify
an entry match vertex for each L; from a rule, thus precisely determining from which position
within the graph the rewriting rule should be applied, and in which order.

At the time of writing, the aforementioned graph query languages are not able to
express graph grammars natively without resorting to explicitly instructing the query
language how to restructure the underlying graph data representation (Lemma 7); further-
more, the replacement of previously matched vertices with new ones invalidates previous
matches, thus forcing the user to pipeline different queries until convergence is reached.
On the other hand, we would expect any graph query language to directly express the
rewriting mechanism by directly expressing the set of rules, without necessarily instructing
the querying language in which order such operations shall be performed. Furthermore,
when a property-graph model is chosen, and morphisms are expressed through the prop-
erties associated with the vertices and edges rather than their associated IDs as per the
current Cypher and Neo4j v5.20 specifications, this makes the deletion of vertices and their
update through the resulting morphisms quite impractical, as such data model provides
no clear way to refer to both vertices and edges via unique identifiers. As a result of these
considerations, we then derive that, at the time of writing, both the graph query languages
and their underlying representational model are insufficient to adequately express rewrit-
ing rules as general as the ones postulated by graph grammars over graphs containing
property-value associations, independently from their representation of choice [10].

To overcome the aforementioned limitations, we propose a query language, for the
first time directly expressing such rewriting desiderata: we restrict the set of all the possible
matching graphs L; into ego-nets containing one entry-point while incorporating nesting
operations (Section 6.1); as updating graph vertices” properties breaks the declarative
assumption as the user should specify the order in which the operations are performed,
we relax the language declarativity for the sole rewritings. To better support this query
language, we completely shift the data model of interest to object-oriented databases, where
relationships across objects are expressed through object “containment” relationships,
and where both objects and such containments are uniquely identified. By also requiring
that any object shall never contain itself at any nesting level [6], we obtain cycle-free
containment relationships.

The paper is structured as follows: after providing some preliminary notation used
throughout the paper (Section 2), we introduce the relational and the graph data models
from current literature, while focusing on both their data representation and associated
query languages (Section 3). Their juxtaposition motivates the proposal of our Generalised
Semistructured Model (Section 4), for which we outline both the logical and physical data
model, where the latter leverages state-of-the-art columnar relational database representa-
tions [11]; we also introduce the concept of a view for a generalised semistructured model,
as well as introduce some morphism notation used throughout the paper. After introducing
the designated operator for instantiating the morphisms by joining matched containments
stored in distinct sets of tables (Section 5), we finally propose our query language for
matching and rewriting object-oriented databases expressed in the aforementioned GSM
model (Section 6). We characterise the formal semantics of such novel graph query lan-



Mathematics 2024, 12, 2677

3o0f 62

guage in pseudocode notation (Algorithm from Section 6) characterised in terms of both
algorithmic and algebraic notation (Sections 6.3 and 6.4) for the matching part, as well
as in terms of Structured Operational Semantics (SOS) [12] for describing the rewriting
steps (Section 6.5). The remaining sections discuss some of the expressiveness properties
of such query language if compared to Cypher (Section 7), discuss its time complexity
(Section 8), and benchmark it against Cypher running over Neo4j v5.20, showing the ex-
treme inefficiency of property graph computational model (Section 9), which are fairly
restricted due to the impossibility of conveying a novel single query for any possible graph
schema (Lemmas in Section 7). Scalability tests show that our solution outperforms Cypher
and Neo4j v5.20, providing the query language standard nearer to the recently proposed
GQL, by two orders of magnitude (Section 9.1) while providing a computational through-
put being 600 times faster than Neo4j by solving more queries in the same comparable
amount of time (Section 9.1). Last, we draw our final conclusions where we propose some
future works (Section 10). To improve the paper’s readability, we move some definitions
(Appendix A) and the full set of proofs for the Lemmas and Corollaries (Appendix B) to
the Appendix.

These main contributions are then obtained in terms of the following ancillary results:

¢ Definition of a novel nested relational algebra natural equi-join operator for composing
nested morphisms, also supporting left outer joins by parameter tuning (Section 5).

*  Definition of an object-oriented database view for updating the databases on the fly
without the need for heavy restructuring of the loaded and indexed physical model
(Section 4.3).

*  Asthelatter view relies on the definition of a logical model extending GSM (Section 4.1),
we show that the physical model is isomorphic to an indexed set of GSM databases
expressed within the logical model (Lemma 1).

2. Preliminary Notation

We denote sets S = {x1, ..., x,} of cardinality |S| = n as standard. The power set ©(S)
of any set S is the set of all subsets of S, including the empty set ¢ and S itself. Formally,
p(S) = {5'18" = 5}

We define a finite function f: A — B viaits graph [(x1, f(x1)), ..., (Xn, f(x4))] explicat-
ing the association between a value from the domain of f ({x;,...,x;} = dom(f)) and a
non-NULL codomain value. Using an abuse of notation, we denote the restriction f|x as the
evaluation of f over a domain X n dom(f), i.e., f|x = [(x, f(x))|x € X n dom(f)]. We can
also denote f(x) := C where C is the definition of the function over x as x — C. With an
abuse of notation, we denote |f| as the cardinality of its domain, i.e., |f| = | dom(f)|. We
say that two functions f and f’ are equivalent, f=f’, if and only if they both share the same
domain and, for each element of their domain, both functions return the same codomain
value, ie., f=f < dom(f) = dom(f’) A Vx € dom(f).f(x) = f'(x).

A tuple or indexed set t = (t1,...,t;) of length |t| = n is defined as a finite function in
N — V where t; has i as a natural-valued independent variable representing the index of
the tuple, and the dependent variable corresponds to the element (i) in the tuple.

A binary relation it on a set A is said to be an equivalence relation if and only if it is
reflexive (Vx € A.xRx), symmetric (Vx, y.xRy < yRx), and transitive (Vx, y, z.xRy A yRz =
xRz). Given a set A and an equivalence relationship &, an equivalence class [x]p < A for
x € A is the set of all the elements in A that are equivalent to x, i.e., [x]g = {y € A|xRy}.
Given a set A and an equivalence relationship #, the quotient set 4/% is the set of all
the equivalence classes of A, i.e., A% = {[x]p|x € A}. We denote =x as the equivalence
relationship denoting two functions as equivalent if they are equivalent after the same
restriction over X, ie., f=xf" < f|x=f"|x.

Given a set of all the possible string attributes £* and a set of all the possible values
V, a record is defined as a finite function f: A — V with A € X* [13]. Given two records
represented as finite functions f and f’, we denote f @ f’ as the overriding of f by f’
returning f’(x) for each x € dom(f’) and f(x) otherwise. Given this, we can also denote
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the graph of a function as @, cqom(f)[(xi, f(x:))] = [(x, f(xi))[x; € dom(f)]. We denote
as NULL a void value not representing a sensible value in V: using the usual notation in
the database area at the cost of committing an abuse of notation, we say that f(x) returns
NULL if and only if f is not defined over x (i.e., x ¢ dom(f)). We say that a record € is empty
if no attribute is associated with a value in V (i.e., dom(e) = ¢J and Vx € V.e(x) = NULL).

Higher-Order Functions

Higher-Order Functions (HOFs) are functions that either take one or more functions
as arguments or return a function as a result. We provide the definition of some HOFs used
in this paper:

e The zipping operator maps n tuples (or records) t!,...,t" to a record of tuples (or

records) r defined as (i) = <t1-1, ..., t)if and only if all n tuples are defined over i:

C(t, .. ") = [, .. i <i < min(|t],...,|t"]),¥1 < j < n.i e dom(t)]

* Givena function f: A — B and a generic collection C, the mapping operator returns
a new collection by applying f to each component of C:

{f(x)|xe C} Cis a set
u(f,C) =< [f(C(i)|i e dom(C)] Cis a record
f(Cr),en s f(Ca)) Cis atuple

*  Given a binary predicate p and a collection C, the filter function trims C by restricting
it to its values satisfying p:

{xeClp(x)} Cis aset
F(p,C) = [(x,C(x))|x € dom(C), p(C(x))] Cis arecord
X — arg minc|>;>,Ci Cis a tuple
s.t.p(C,-)

¢ Given a binary function f: A x V — A, an initial value « € A (accumulator), and a
tuple C, the (left) fold operator is a tail-recursive function returning either « for an
empty tuple, or f(... f(a,t1),t,) foratuplet = (t1,..., ty):

IC[=0

Af,a,C) = 1"
AW f(@,Cm)), Claom(cymy)  |Cl # 0 A m = mindom(C)

*  Given a collection of strings C and a separator s, collapse (also referred to as join in
programming languages such as Javascript or Python ) returns a single string where all
the strings in C are separated by s. Given “*” the usual string concatenation operator,
this can be expressed in terms of A as follows:

AC,s) == A(*,5,C)

When s is a space “_”, then we can use A(C) as a shorthand.

* Given a function f: A — B and two values 2 € A and b € B, the update of f so that
it will return b for a and will return any other previous value for f(x) otherwise is
defined as follows:

PUT{(a,b) := f ®[(a,b)] (1)

*  Given a (finite) function f and an input value y, the HOF optionally obtaining the
value of f(y) if y € dom(f) and returning z otherwise is defined as:

f(y) yedom(f)

OPTGET((y, z) := {z oth
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Please observe that we can use this function in combination with PUT to set multiple
nested functions:

PUTJZC(<i/ j»,0) = PUTf(ir PUTOPTGETf(z‘,Q) (j,v)) (2)

3. Related Works

This section outlines different logical models and query languages for both graph data
(Sections 3.1.1 and 3.1.2) and the nested relational model (Sections 3.2.1 and 3.2.2), while
starting from their mathematical foundations. We then discuss an efficient physical model
used for the relational model (Section 3.2.3).

3.1. Graph Data
3.1.1. Logical Model
Direct Acyclic Graphs (DAGs) and Topological Sort

A digraph v = (V, E) consists of vertices V and edges E being a subset of V2. We
say that such a graph is weighted if its definition is extended as (V,E, w) where w: E — R
is a weight function associating each edge in the graph to a real value. A closed trail is a
sequence of distinct edges (s1,d1),...,(sx, dx) € E which edge (s;, d;) is such that s; = d;_
and d; = s; 1 if any, and where s; = d,,. We say that a digraph is acyclic if it contains no
closed trails consisting of at least one edge, and we refer to it as a Direct Acyclic Graph
(DAG).

If we assume that edges in a graph reflect dependency relationships across their
vertices, a natural way to determine the visiting order of the vertices is first to sort its vertices
topologically [14], thus inducing an operational scheduling order [11]. This requires the
underlying graph to be a DAG. Notwithstanding this, any DAG might come with multiple
possible valid topological sorts; among these, the scheduling of tasks operations usually
prefers visiting the operations bottom-up in a layered way, thus ensuring the operations are
always applied starting from the sub-graphs having less structural-refactoring requirements
that the higher ones [11].

We say that a topological sort of a DAG (V, E) is a linear ordering of its vertices in a
tuple t with |t| = |V| so that for any edge (u,v) € E we have i and j > 0 such that u = ¢;
and v = t;1;. Given this linear ordering of the vertices, we can always define a layering
algorithm [15] where vertices sharing no mutual interdependencies are placed in the same
layer, and where all the vertices appearing in the shallowest layer will be connected by
transitive closure to all the vertices in the deeper layers, while the vertices in the deepest
layer will share no interconnection with the other vertices in the graph. To do so, we can
use Algorithm 1: we use timestamps for determining the layer ID: we associate all vertices
with no outgoing edge to the deepest layer 0 (Line 5) and, for all the remaining vertices, we set
the vertex to the layer immediately below to the one of the deepest outgoing vertex (Line 9).

Algorithm 1 Layering DAGs from a vertex topological order in ¢

1: function LAYERFROMTOPOLOGICALSORT(G= (V,E), f)
2 time :=(-1,...,—-1) > |[time| = |¢]
3 firstVisit := true

4 for all p € Reverse(t) do

5: time[p]:= 0

6 if firstVisit then

7 firstVisit:=false

8 else if IN(p) # & then

9: time[p]:= max{time[u]|u € OUT(p)} + 1
10: end if
11: end for
12: return time

13: end function
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When the graph is cyclic, we can use heuristics to approximate the vertex order, such
as using the progressive ID associated with the vertices to disambiguate and choose an
ordering when required.

Property Graphs

Property graphs [16] represent multigraphs (i.e., digraphs allowing for multiple edges
among two distinct vertices) expressing both vertices and edges as multi-labelled records.
The usefulness of this data model is remarked by its implementation in almost all recent
Graph DBMSs, such as Neo4;j [4].

Definition 1 (Property Graph). A property graph [9]isa tuple (V,E,L, A, U, ¢, x,A), where V
and E are sets of distinct integer identifiers (V < N,E € N, VnE = ). Lis a set of labels, Aisa
set of attributes and U is a set of values. £: V U E — (L) maps each vertex or edge to a set of labels;
x: VuE — A — U maps each vertex or edge within the graph and each attribute within A, to a
value in U; last, \: E — V x V maps each edge e € E to a pair of vertices A(e) = (s,t) e V. x V,
where s is the source vertex and t is the target.

Property graphs do not support aggregated values, as values in U cannot contain
either vertices or edges, nor U is made to contain a collection of values.

RDF

The RESOURCE DESCRIPTION FRAMEWORK (RDF) [17] distinguishes resources via
UNIQUE RESOURCE IDENTIFIERS (URI), be them vertices or edges within a graph; those are
linked to their properties or other resources via triples, acting as edges. RDF is commonly
used in the semantic web and in the ontology field [18,19]. Thus, modern reasoners such as
Jena [20] or Pellet [21] assume such data structure as the default graph data model.

Definition 2 (RDF (Graph Data) Model). An RDF (Graph data) model [9] is defined as a set
of triples (s, p,0), where s is called “subject”, p is the “predicate” and o is the “object”. Such triple
describes an edge with label p linking the source vertex s to the destination vertex o. Such predicate
can also be a source vertex [10]. Each vertex is either identified by a unique URI identifier or by a
blank vertex b;. Each predicate is only described by a URI identifier.

Despite this model using unique resource identifiers for either vertices or edges
differently from property graphs, RDF is forced to express attribute-value associations
for vertices as additional edges through reification. Thus, property graphs can be entirely
expressed as RDF triplestore systems as follows:

Definition 3 (Property Graph over Triplestore). Given a property graph G = (V,E, A, U, L, x, "),
each vertex v; € V induces a set of triples (v;, o, B) for each « € A such that x(v;, &) = B having
B # NULL. Each edge e; € E induces a set of triples (s, ej, d) such that A’ (e;) = (s, d) and another
set of triples (ej,a’, B') for each o’ € A such that x(ej,«") = B having ' # NULL.

The inverse transformation is not always possible as RDF properties as property
graphs do not allow the representation of edges departing from other edges. RDF also
supports the unique identification of distinct databases being loaded within the same
physical storage through named graphs via a resource identifier. Even though it allows
named graphs to appear as triplet subjects, such named graphs can appear as neither
objects nor properties, thus not overcoming property graphs’ limitations on representing
nested data.

Notwithstanding the model’s innate ability to represent both vertices and edges via
URISs, the inability of the data model to directly associate each URI with a data record while
requiring it to express the property-value associations via triplets, requires the expression of
property updates via the deletion and subsequent creation of new triplets of the data, which
might be quite impractical. Given all the above, we still focus our attention on the Property
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Graph model, as it better matches our data representation desiderata by associating to
vertices labels, property-value associations, as well as binary relationships without any
data duplications.

3.1.2. Query Languages

Despite the recent adoption of a novel graph query language standard, GQL, (https:
//www.iso.org/obp/ui/en/#liso:std:76120:en accessed on 19 April 2024), its definition has
still to be implemented yet in existing systems. This motivates us to briefly survey currently
available languages. Different from the more common characterisation of graph query
languages in terms of their potential of expressing traversal queries [22], a better analysis of
such languages involves their ability to generate new data. Our previous work [9] proposed
the following characterisation:

Graph Traversal and Pattern Matching: these are mainly navigational languages perform-
ing the graph visit through “tractable” algorithms through polynomial time visits
with respect to the graph size [18,23,24]. Consequently, such solutions do not nec-
essarily involve running a subgraph isomorphism problem, except when expressly
requested by specific semantics [22,25].

(Simple) Graph Grammars: as discussed in the forthcoming paragraph, they can add and
remove new vertices and edges that do not necessarily depend on previously matched
data, but they are unable to express full data transformation operations.

Graph Algebras: these are mainly designed either to change the structure of property
graphs through unary operators or to combine them through n-ary (often binary)
ones. These are not to be confused with the path-algebras for expressing graph
traversal and pattern-matching constructs, as they allow us to completely transform
graphs alongside the data associated with them as well as deal with graph data
collections [26-29].

“Proper” Graph Query Languages: We say that a graph query language is “proper” when
its expressive power includes all the aforementioned query languages, and possibly
expresses the graph algebraic operators while being able to express, to some extent,
graph grammar rewriting rules independently from their ability to express them
in a fully-declarative way. This is achieved to some extent in commonly available
languages, such as SPARQL and Cypher [4].

Graph Grammars

Graph grammars [30] are the theoretical foundations of current graph query languages,
as they express the capability of matching specific patterns L [31] within the data through
reachability queries while applying modifications to the underlying graph database struc-

ture (graph rewriting) R, thus producing a single graph grammar production rule L L R,
where there is an implicit morphism between some of the vertices (and edges) matched in L
and the ones appearing in R: the vertices (and edges) only appearing in R are considered as
newly inserted vertices, while the vertices (and edges) only appearing in L are considered as
removed edges; we preserve the remaining matched vertices. Each rule is then considered
as a function f, taking a graph database as an input and returning a transformed graph.
The process of matching L is usually expressed in terms of subgraph isomorphism:
given two graphs G and L, we determine whether G contains a subgraph G; that is isomor-

L
phic to L, i.e., there is a bijective correspondence L & Go between the vertices and edges
of L and G;. In graph query languages, we consider G as our graph database and return
f(G;) for each matched subgraph G;. When no rewriting is considered, each possible match
Go for L is usually represented in a tabular form [31,32], where the column header provides
the vertex and edge identifiers (e.g., variables) j from L, each row reflects each matched
graph G;, and each cell corresponding to the column j represents y;(j). Figure 1 shows the
process of querying a graph g (Figure 1a) through a pattern L (Figure 1b), for which all the
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subgraphs matching in the former could be reported as morphisms listed as rows within a
table, which column headers reflect the vertex and edge variables occurring in the graph
pattern (Figure 1c).

MTI[L,g]
Q ue 1112
ur 1|ii |3
} nk 2 |iii | 3
u 2 |iv |4
& S
|1 5

(@) (b) (©)
Figure 1. Listing all the subgraphs of g being a solution of the subgraph isomorphism
problem of g over L. (a) Graph g to be mathed; (b) Graph pattern L; (c) Morphism table
MTI[L, g] where each row describes a morphism y; between the graph matching L and the

graph g.

Figure 2 illustrates graph grammar rules as defined in GraphLog [33] for both matching
and transforming any graph: we can first create the new vertices required in R, while
updating or removing x as determined by the vertex or edge f (yi_l(x)) occurring in R.
Deletions can be performed as the last operations from R. GraphLog still allows running of
one single grammar rule at a time, while authors assume to have a graph where vertices
are associated with data values and edges are labelled. Then, the rewriting operations
derived from R will be applied to every subgraph being matched via a previously identified
morphism in MT[L, g] for each graph g of interest. Still, GraphLog considered neither
the possibility of simultaneously applying multiple rewriting rules to the same graph nor
a formal definition of which order the rules should be applied. The latter is required to
ensure that any update on the graph can be performed incrementally while ensuring that
any update to a vertex u via th information stored in its neighbours will always rely on the
assumption that each neighbour will not be updated in any other subsequent step, thus
guaranteeing that the information in u# will never become stale.

(H[0] + £(H)0]
w(ce, H') « £(Z)[0]

m(A, X) « £(YV)[0]

g o6 )

cc

V(0] i

o
(b)

Figure 2. Graph grammar production rules 4 la GraphLog [33] in this paper’s use case
scenario: thick denotes insertions, crosses deletions, and optional matches are dashed. We
extended it with multiple optional edge label matches (), key-value association 7t(A, X)
for property A and vertex X, and multiple vertex values ¢(X). (a) Injecting the articles/
possessive pronouns (A) in Y for an entity X as its own properties, while deleting A and
Y; (b) Expressing the verb as a binary relationship between subject and direct object;
(c) Generating a new entity H' coalescing the ones H under the same conjunction Z, while
referring to its original constituents via orig.
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This paper solves the ordering issue by applying the changes on the vertices according
to their inverse topological order, thus updating the vertices sharing the least dependencies
with their direct descendants first.

Furthermore, as GraphLog authors are considering a no-property graph model, au-
thors do not consider the possibility of updating multiple property value associations over
a vertex, while not providing a formal definition of how aggregation functions over vertex
data should be defined. While the first problem can be solved only by properly exploiting a
suitable data model, the latter is solved by the combined provision of nested morphism, ex-
plicitly nesting the vertices associated with a grouped variable, while exploiting a scripting
language for expressing how level data manipulations when strictly required. Given these
considerations, we will also discuss graph data models (Section 3.1) and their respective
query languages (Section 3.1.2).

Proper Graph Query Languages

Given the above, we will mainly focus our attention on the last type of language.
Even though these languages can be closed under either property graphs or RDEF, graphs
must not be considered as their main output result, since specific keywords like RETURN for
Cypher and CONSTRUCT for SPARQL must be used to force the query result to return graphs.
Given also the fact that such languages have not been formalised from the graph returning
point of view, such languages prove to be quite slow in producing new graph outputs [6,7].

GQL is largely inspired by Cypher, for which this standard might be considered its
natural extension. Such query language enables the partial definition of graph grammar
operations by supporting the following operators restructuring vertices and edges within
the graph: SET, for setting new values within vertices and edges, MERGE, for merging a set of
attributes within a single vertex or edges, REMOVE for removing labels and properties from
vertices and edges and CREATE for the creating of new vertices, edges and paths.

Notwithstanding the former, such language cannot express all the possible data
transformation operations, thus requiring an extension via its APOC library (https://Neo4
j.com/developer/Neo4j-apoc/, accessed on 13 November 2023) for defining User-Defined
Functions (UDF) in a controlled way, like concatenating the properties associated with
vertices” multiple matches:

MATCH (a)-[b:ccl->(c)

WITH Collect(a.name) as names, cC

CREATE (x {name: apoc.text.join(names, ’ ’)3})
RETURN x

Thus, Cypher can collect values for then generating one single vertex (See also List-
ing A2) but, due to the structural limitations of the query language (not supporting nested
morphisms) and data model (not supporting explicit identifiers for both vertices and edges),
it does not support the nesting of entire sub-patterns of the original matching.

A further limitation of Cypher is the inability to create a relationship with a variable
as the name, as standard Cypher syntax only allows a string parameter. Using the APOC
library we can use apoc.create.relationship to pass a variable name from an existing
vertex for example. Given our last query creating the vertex x, we can continue the
aforementioned query:

MATCH (a)-[:dobj1->(b)

CREATE (y {name: b.name})

WITH a, x, vy

CALL apoc.create.relationship(x, a.name, {3}, y) YIELD rel
RETURN x, vy, rel

As there are no associated formal semantics for the entirety of this language’s operators
except its fragment related to graph traversal and matching [16], for our proofs regarding
this language (e.g., Lemma 7) we are forced to reduce our arguments to common-sense
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reasoning an experience-driven observation from the usage of Cypher over Neo4j similarly
to the considerations in the former paragraph. In fact, such algebra does not involve the
creation of new graphs: this is also reflected by its query evaluation plan, which preferred
evaluation is a morphism table rather than expressing the rewriting in terms of updated
and resulting property graph. As a result, the process of creating or deleting vertices and
edges is not optimised.

Overall, Cypher suffers from the limitations posed by the property graph data model
which, by having no direct way to refer to the matched vertices or edges by reference, forces
the querying user to always refer to the properties associated with them; as a consequence,
the resulting morphism tables are carrying out redundant information that cannot reap the
efficient data model posed by columnar databases, where entire records can be referenced
by their ID. This is evident for DELETE statements, voiding objects represented within
the morphisms. This limitation of the property graph model, jointly with the need for
representing acyclic graphs, motivates us to use the Generalised Semistructured Model
(GSM) as an underlying data model for representing graphs, thus allowing us to refer
to the vertices and edges by their ID [34]. Consequently, our implementation represents
morphisms for acyclic property graphs as per Figure 1c.

Figure 3a provides a possible property graph instantiation of the digraph originally
presented in Figure 1a. Notwithstanding the former definition, Neo4j’s implementation
of the Property Graph model substantially differs from the aforementioned mathemat-
ical definition, as it does not allow the definition of an explicit resource identifier for
both vertices and edges. After expressing the matching query in Figure 1b in Cypher as
MATCH (a)-[b1->(c)RETURN #, the resulting morphism table from Figure 3b does not ex-
plicitly reference the IDs referring to the specific vertices and edges, thus making it quite
impractical to update the values associated with the vertices while continuing to restructure
the graph, as this will require to re-match the previously updated data to retain it in the
match. Although this issue might be partially solved by exploiting explicit incremental
views over the property graph model [32], this solution had no application in Neo4j v5.20,
thus making it impossible to fully test its feasibility within the available system. Further-
more, the elimination of an object previously matched within a morphism will update the
table by providing an empty object rather than providing a NULL match. This will motivate
us to investigate other ID-based graph data models.

Neo4j lists some additional existing limitations beyond APOC and the expressibility
of graph grammars in a declarative way with Cypher within their documentation (https://
Neo4j.com/docs/operations-manual/current/authentication-authorization/limitations/,
accessed on 13 November 2023), mainly related to the interplay between data access security
requirements and query computations.

At the time of writing, the most studied graph query language both in terms of
semantics and expressive power is SPARQL, which allows a specific class of queries
that can be sensibly optimised [5,31]. The algebraic language used to formally represent
SPARQL performs queries’ incremental evaluations [35], and hence allows for boosting the
querying process while data undergoes updates (both incremental and decremental).

a b C

@ dobj @ ({name: “play”})  [:dobj] ({name: “cricket”})
o \usubj 4 ({name: ”p]ay”}) [: subj] ({name: ”Alice”})

({name: "play”})  [:subj] ({name: "Bob”})
ccé\ ’ ({name: "Alice”}) [:conj] ({name: "Bob”})
@ ({name: "Alice”}) [:cc] ({name: "and”})

g ({name: "Bob”}) [:cc] ({name: "and”})

(@) (b)
Figure 3. Framing Figure 1 in the context of Neo4j’s implementation of the Property
Graph model. (a) Dependency graph for “Alice and Bob play cricket”; (b) Neo4j’s property
graph morphism table.

nsubj

1]
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While the clauses represented within the WHERE statement are mapped to an op-
timisable intermediate algebra [31,36], thus including the execution of “optional joins”
paths [37] for the optional matching of paths, such considerations do not apply for the con-
straints related to the graph update or return, such as CONSTRUCT, INSERT, and DELETE. While
CONSTRUCT is required for returning a graph view as a final outcome, INSERT and DELETE cre-
ate and remove RDF triplets by chaining them with matching operations. These operations
also come with sensible limitations: while the first does not allow the return of updated
graphs that can be subsequently queried by the same matching algorithm, the two latter
statements merely update the underlying data structure and require the re-computation of
the overall matching query to retain the updated results. We will partially address these
limitations in our query language and data model by associating ID properties directly via
an object-oriented representation while keeping track of the updated information on an
intermediate view, which is always accessible within the query evaluation phase.

Last but not least, the usage of so-called named graphs allows for the selection of over
two distinct RDF graphs, which substantially differs from the queries expressible on Cypher,
where those can be only computed by one graph database at a time. Notwithstanding the
former, the latest graph query language standard is very different from SPARQL, hence,
for the rest of the paper, we are going to draw our attention to Cypher.

3.2. Nested Relational Model
3.2.1. Logical Model

A nested relational model describes data represented in tabular format, where each
table, composed of multiple records, comes with a schema.

Given a set of attributes X* and a set of datatypes T, a schema Se 7T is a finite function
mapping each string attribute in £* to its associated data type (S: ©* — 7). A schema
is said to be not nested if it maps attributes to all basic data types, and nested otherwise.
This syncretises the traditional function-based notation for schemas within the traditional
relational model [13] with the tree-based characterisation of nested schemas

In this paper, we restrict the basic datatypes in B T to the following ones: vertex-ID
ni, containment-ID ci, and a label or string str. Each of these types is associated with a set
of possible values through a B function: vertex- and containment-ID are associated with
natural numbers (B(ni) = B(ci) = N), while the string type is associated with the set of all
the possible strings (B(str) = £*).

A record I, associated with a schema §(I') = S, is also a finite function mapping
each attribute in dom(S) to a possible value, either a natural number, a string, or a list of
records (tables) as specified by the associated schema S (Vx € dom(T'). I'(x) € B(S(x))).
We define a table T with schema §(T) = S as a list of records all having schema S,
ie, VI e T.8(T) = 8(I).

3.2.2. Query Languages

Relational algebra [13] is the de facto standard to decompose relational queries expressed
in SQL to its most fundamental operational constituents while providing well-founded
semantics for SQL. This algebra was later extended [38,39] to consider nested relationships.
Relational algebra was also adapted to represent the combination of single edge/triple
traversals in SPARQL, so as to express the traversal semantics of both required and optional
patterns [5].

We now detail a set of operators of interest that will be used across the paper.

We relax the union operation from standard relational algebra by exploiting the notion
of outer union [40]: given two tables t and s, respectively, with schema S and U, their outer
union is a table t L s with schema S @ U and containing each record from each table where
shared attributes are associated with the same types (Vx € dom(S) n dom(U).S(x) = U(x)):

tus={I''TetvIes} 3
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A restriction [13] or projection [41] operation 7t (f) over a relational table ¢ with
schema S returns a new table 71y (#) with schema in S|; where both its schema and its
records have a domain restricted to the attributes in L:

() =T [Tet)

A renaming [41] operation R;_,r(t) over a relational table t with schema S and
L < dom(S) replaces all the occurrences of attributes in L with ones in R, thus returning a

new table with schema S|gom(s)\r @ [(7i, S(1;))[Kli, i) € T(L, R)]:
e t> 4)

A nesting [38] operation vp_, 4 over a table f with schema S returns a new table
Vg a(t) with schema S|g,m(s)\8 @ [(A, S|p)], where all the attributes referring to B are
nested within the attribute A, which is associated with the type S|p resulting from the
nested attributes. Operatively, it coalesces all the tuples in ¢ sharing the same values not
in B as a single equivalence class c: we then restrict one representative of this class to the
attributes not in B for then extending it by associating to a novel attribute A the projection
of ¢ over the attributes in B, i.e., 7t5(c):

RpR(t) = <rdom(F)\L @ [(r;, T ()<L, 7y € {(L, R), I; € dom(I')]

VB (t) := {(minc)|gom(s)\8 @ [(A, 7B(c))] | € €Y/ laoms 5= laoms)s) ()

A (natural) join [42] between two non-nested tables f and s with schemas S and U,
respectively, if dom(S) n dom(U) then it combines records from both tables that share the
same attributes, and otherwise extends each record from the left table with a record coming
from the right one (cross product):

s = <FZ@F] | 1”1- € t,r]' GS,(FZ'@F]')‘S = F,,(F1®F])|u = F]>

Given a sequence of attributes L. = (L; ... L), this operation can be extended to join
the relationship coming from the right at any desired depth level by specifying a suitable
path to traverse the nested schema from the left relationship [38]:

tloas = 4 20° L-2 (6)
Fls\fr,y, ®ELy) L2rlwreas) [ Fety L =1Ly, Ly,..., L

This paper will automate the determination of L given the schemas of the two tables
(Section 5). Although it can be shown that the nested relational model can be easily
represented in terms of the traditional not-nested relational model [43], this paper uses
the nested relational model for compactly representing graph nesting operations over
morphisms. Last, the left (outer) join #14s extends the results from f i s by also adding all
the records from t having no matching tuples in s:

s = (i s) U (t—mg(t = s)) (7)

As per SPARQL semantics, the left outer join represents patterns that might option-
ally appear.

3.2.3. Columnar Physical Model

Columnar physical models offer a fast and efficient way to store and retrieve data
where each table & with a schema having a domain {id, Ay, ..., A,} is decomposed into
distinct binary relations R 4, with a schema with domain {id, A;} for each attribute A;
in dom(R), thus requiring to only refer to one record by its ID while representing data
boolean conditions through algebraic operations. As this decomposition guarantees that
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the full-outer natural join (1<;<, R4, of the decomposed tables is equivalent to the initial
relation ¥, we can avoid listing NULL values in each Jt4,, thus limiting our space allocation
to the values effectively present in our original table #. Another reason for adopting a
logical model compatible with this columnar physical model is to keep provenance informa-
tion [44] while querying and manipulating the data while carrying out data transformations.
By exploiting the features of the physical representation, we are no longer required to use
the logical model for representing both data and provenance information as per previ-
ous attempts for RDF graph data [45], as the columnar physical model allows natively
supporting id information for both objects (i.e., vertices) and containments (i.e., edges),
thus further extending the RDF model by extensively providing unique ID similarly to
what was originally postulated by the EPGM data model for allowing efficient distributed
computation [46]. These considerations remark on the generality of our proposed model
relying upon this representation.

We now discuss a specific instantiation of this columnar relational model for repre-
senting temporal logs: KnoBAB [11]. Although this representation might sound distant
from the aim of supporting an Object-Oriented database, Section 4.2 will outline how this
might be achieved. KnoBAB stores each temporal log into three distinct types of tables: (i)
a CountingTable storing the number of occurrences n of a specific activity label a € Z in a
trace o' € £ as a record (a,i,n). Such a table, created in almost linear time while scanning
the log, comes at no significant cost at data loading. (ii) An ActivityTable preserving the
traces’ temporal information through records {id, a, , j, p, x) asserting that the j-th event
0’; of the i-th log trace o' comes with an activity label a and it is stored as the id-th record
of such a table. p (and x) points to the records containing the immediately preceding
(and following) event of the trace, thus allowing linear scans of the traces. This is of the
uttermost importance as the records are sorted by activity label, trace ID, and event ID
for enhancing query run times. (iii) The model also instantiates as many AttributeTable*
as the keys x € K in the data payload associated with temporal events, where each record
(a,v,1d) remarks that the event occurring as the id-th element within the ActivityTable,
table with activity label a associates a key x to a non-NULL value v. This data model also
come with primary and secondary indices further enhancing the access to the underlying
data model; further details are provided in [11].

At the time of writing, no property graph database exploits such a model for efficiently
querying data, in particular, Neo4j v5.20 stores property graphs using a simple data model
representation where the whole vertices, relationships, or properties are stored in distinct
tables (https:/ /Neo4j.com/developer/kb/understanding-data-on-disk/, accessed on 24
August 2024). This substantially differs from the assumptions of the columnar physical
model, prescribing the necessity for decomposing any data representation in multiple
different tables, thus making the overall search more efficient by assuming that each data
record can be associated with a unique ID. To implement a model under these assumptions,
we then require both our logical (Section 4.1) and physical (Section 4.2) model to support
explicit identifiers for both objects (acting as graph vertices) and containment relationships
(acting as graph edges). Although Neo4j v5.20 guarantees to represent records in fixed-size
to fasten up the data retrieval process, this is insufficient to ensure fast access to edges or
vertices associated with a specific label. On the other hand, our solution tries to address
this limitation by explicitly indexing objects and containments by label information.

Concerning triple stores for RDF data. The only database effectively using column-
based storage is Virtuoso v1.1 (https:/ /virtuoso.openlinksw.com/whitepapers/ Virtuoso_
a_Hybrid_RDBMS_Graph_Column_Store.html, accessed on 24 August 2024): this solution
is mainly exploited for fast retrieving the data based on the subject, predicate, and object
values. As the underlying physical model does not differentiate between vertices and
edges due to the specificity of the logical model requiring that both relationships among
vertices (URIs) and properties associated with those must be represented via triples, it is
not possible to further optimise the data access by reducing the overall size of the data to
be navigated and searched. On the other hand, our proposed physical model (Section 4.2)


https://Neo4j.com/developer/kb/understanding-data-on-disk/
https://virtuoso.openlinksw.com/whitepapers/Virtuoso_a_Hybrid_RDBMS_Graph_Column_Store.html
https://virtuoso.openlinksw.com/whitepapers/Virtuoso_a_Hybrid_RDBMS_Graph_Column_Store.html

Mathematics 2024, 12, 2677

14 of 62

will store this information into separate tables: the Activity Table, registering all the objects
(and therefore, vertices) being loaded, an AttributeTable* storing key-value properties
associated with the objects, and a PhiTable* for representing the containment relationships
(and therefore, edges).

Last, both Virtuoso v1.1 and Neo4j v5.20 do not exploit query caching mechanisms as
the ones proposed in [47] for also enhancing the execution of multiple relational queries.
This approach, on the other hand, was recently implemented in KnoBAB, thus reinforcing
our previous claims for extending such previous implementation to adapt it to a novel
logical model. In particular, the Algorithm presented in Section 6.3 partially implements
this mechanism for caching intermediate traversal queries that might be shared across
patterns to be matched, thus avoiding visiting the same data multiple times for different
pattern matching.

4. Generalised Semistructured Model v2.0

We continue the discussion of this paper’s methodology by discussing the logical
model (Section 4.1) as a further extension of the Generalised Semistructured Model [34]
to explicitly support property-value associations for vertices via 7r. Although we propose
no property-value extension for containments, we argue that this is minor and does not
substantially change the theoretical and implementation results discussed in this paper for
Generalised Graph Grammar. We also introduce a novel columnar-oriented physical model
(Section 4.2 on the next page) being a direct application of our previous work on temporal
databases [11] already supporting collections of databases (log of traces): this will be revised
for loading and indexing collection of GSM databases defining our overall physical storage.
As the external data to be loaded into the physical model directly represents the logical
model, we show that these two representations are isomorphic (Lemma 1) by defining
explicitly the loading and serialisation operations (Algorithm from Section 4.2).

As directly updating the physical model with the changes specified in the rewriting
steps of the graph grammar rules might require massive restructuring costs, we instead keep
track of such changes in a separate non-indexed representation acting as an incremental
view to the entire database. We then refer to this additional structure as a GSM view A(g)
for each GSM database g loaded in the physical model (Section 4.3). We then characterise
the semantics of A(g) by defining the updating function for ¢ as a materialisation function
considering the incremental changes recorded in A(g) (Section 4.3.2 on page 19).

Last, as we consider the execution of the rewriting steps for each graph as a transfor-
mation of the vertices and edges as referenced within each morphism, modulo the updates
tracked in A(g), it becomes necessary to introduce some preliminary notation for resolving
vertex and edge variables from such morphism (Section 4.4).

4.1. Logical Model

The logical model for GSM describes a single object-oriented database g as a tuple
(0,4,%,e,m ¢,tp), where O < N is a collection of objects (references). Each object is
associated with a tuple of possible types £(0) and to a tuple of string-representations
¢ (o) providing its human-readable descriptions. As an object might be the result of an
automated entity-relationship extraction process, each object is associated with a list of
confidence values €: O — p(R) describing the trustworthiness of the provided information.
Differently from the previous definition [34], we extend the previous model to also associate
each object to an explicit property-value association for each object 0 € O through a finite
function r: O x &* — V.

Differently from our previous definition of our GSM model, we express object rela-
tionships through uniquely identified vertex containments similar to edges as in Figure 1a,
to explicitly reference such containments in morphism tables similarly to Figure 1c. We
associate each object 0 with a containment attribute « referring to multiple containment IDs
via ¢(0,x) € p(N). An explicit index ¢, maps each of these IDs to a concrete containment
{0j,w) denoting that o; is contained in o through the containment relationship x with a
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confidence score of w. This separation between indices and values is necessary to allow the
removal of containment values when computing queries efficiently. This also guarantees
the correct correspondence between each value : in the domain of ¢ to the label associated
with the i-th containment requiring each ¢ will be associated with one solve containment
relationship (e.g., argmin, sy 3j € .1 € ¢(j, x)).

We avoid objects containing themselves at any nesting level by imposing a recursion
constraint [6] to be checked at indexing time: this allows both the definition of sound struc-
tural aggregations, which can be then conveniently used to represent multi-dimensional
data-warehouses [34]. Thus, we freely assume that no object shall store the same contain-
ment reference across containment attributes [6]: Vo, x.V0',k".((0 = 0’ Ak #«') vo #0') =
¢(0,x) n¢(0o', k") = . This property can also be adapted to conveniently represent Direct
Acyclic Graphs, by representing each vertex v € V of a weighted property-graph G = (V, E)
as a GSM object, and each edge u — v € E with weight w and label x reflects a containment
(v,w) € ty(¢(i,x)). Given this isomorphism ¢ ~ G, we can also apply a layered and
reverse topological ordering of the vertices of ¢ and denote it as Ortopo(g)-

The Python code provided in Appendix A.5 showcases the possibility of instantiating
Python objects within the GSM model via the implementation of an adequate transforma-
tion function, mapping all native types as 77 key-value properties of a GSM object, while
associating the others to ¢ and ¢y containment relationships (Line 222). Containments also
enable the representation of other object-oriented data structures, such as dictionaries/maps
(Line 144) and linear data structures (Line 164), thus enabling a direct representation of
JSON and nested relational data (Line 53). As per our previous work [9], GSM also supports
the representation of XML (Line 117) and property graph data (Line 65). This also achieves
the representation aim of EPGM by natively supporting unique identifiers for both vertices
and edges, to better operate on those by directly referring to their IDs without the need
to necessarily carry out all of its associated payload information [46]. As such, this model
leverages all the pros and cons of the previous graph data models by framing them within
an object-oriented semistructured model.

4.2. Physical Model

We now describe how the former model can be represented in primary memory for
fastening up the matching and rewriting mechanism.

First, we would like to support the loading of multiple GSM databases while being
able to operate over them simultaneously similar to the named graphs in the RDF model.
Differently from Neo4j v5.20 and similarly to RDF’s named graphs, we ensure a unique
and progressive ID across different databases.

We directly exploit our ActivityTable for listing all the objects appearing within each
loaded GSM: as such, the id-th record <id, 4, g, i, p, x) will refer to the i-th object in the g-th
GSM database, while a will refer to the first label of /;(i), that is ¢;(i)[1].

We extend KnoBAB’s Activity Table to represent the ¢ containment relationship; the
result is a PhiTable® for each containment attribute x: each record {{y, g, 0src, W, Odst, L)
refers to a specific GSM database g through which object 0; associated with the first label
lo = Lg(0;)[0] contains o; with an uncertainty score of w and is associated with an index
1 this expresses the idea that 1 € ¢(osrc, k) with t(:) = {odst, w). At the indexing phase,
the table is sorted by lexicographical order over the record’s constituents. We extend this
table with two indices: a primary index P} mapping each first occurring ¢ value to the
first and the last object within the collection, and a secondary index P? mapping such
each database ID g and object ID o; to a collection of containment records expressing
t(tp, ¢(0;,x)) for each o; and « such that ¢(0;, ) # .

We retain the AttributeTable* for expressing the properties associated with the GSM
vertices, for which we keep the same interpretation from Section 3.2.3 on page 12: thus,
each record (a, v, id) refers to ¢(0;, k) = v where o0; appears as the id-th record within the
ActivityTable,, now used to list all the objects occurring across GSM models.
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Last, ¢ and ¢ properties are stored in a one-column table and a secondary index
mapping each database ID and object ID to a list of records referring to the strings associated
with the object ID. The same approach is also used to store the confidence values € associated
with each GSM object.

Algorithm 2 shows the algorithms used for loading all of the GSM databases g; to be
loaded of interest to a single columnar database representation db, as well as providing the
algorithm used to serialize back the stored data into a GSM model for data visualisation
and materialisation purposes. Given this, we can easily prove the isomorphism between
the two shared data structures, thus also providing proof of the correctness of the two
transformations which, as a result, explains the formal characterisation of such an algorithm.

Algorithm 2 Loading a Logical Model into the Physical Model and serialising it back

1: function LOADINGANDINDEXING(G = {g1,...,8n})

2 for all g = <Oi/‘€i/€i/€ir ﬂi,¢i,ti/¢>€ G do

3 forall je O; do

4 Li(j) = 4i()); X)) = &(j); Cij) = €i())

5: Activity Table.add({¢(j)[0], i, j, NULL, NULL))

6 end for

7 end for

8 INDEX(Activity Table) > Also sorting the table, [11]
9: forall k € *,j € O; s.t. Activity Table[r]=(¢;(j)[0],4, ], p, x) do

10: forall i € ¢;(j, x) s.t. t; (1) = (t,w) do

11: PhiTable*.add({¢(j)[0),1, ], w, t, 1))

12: end for

13: if 71;(j, k) # NULL then, AttributeTable*.add({¢;(j)[0], t(j, x), 7))

14: end for

15: INDEX(ActivityTable®,PhiTable* | k € X*) > Asin [11]

16: return db := (L, X, C, ActivityTable, [(k, AttributeTable®)|x € X*], [(x, PhiTable")|x € £*])
17: end function

18: function SERTALISATION(db)

19: 7 := MmaXseattributeTable (1) Determining the maximum number of GSM databases

20: foralli:=0tondo

21: O;:={j |3, px.{,1i,j p, x) e ActivityTable }

2 4= [ L) € O & = [, Xi())j € O e 1= [, Ci(ji)lj < O]

23: 7 := [((j, k), v)[{l,v,7) € AttributeTable", 3p, x. <l i,j,p,x)€ Act|V|tyTabIe K e X*]

24: bi = [((s, %), {/ |Hl’ w,d i, d ) €
PhiTable})[<1,i,s,w,d, 1) € PhiTable"x € £*]

25: tip = (, {d, w})[{l,i,5,w,d, 1) € PhiTable", x € X*]

26: yleld <Oi/ i, Gis€i, T, ¢i, ti,¢>

27: end for

28: end function

Lemma 1. A collection of logical model GSM databases (8;);,, is isomorphic to the ones loaded
and indexed physical model.

The proof is given in Appendix B.1. We refer to Section 8 for proofs related to the time
complexity for loading, indexing, and serialising operations.

4.3. GSM View A(g)

To avoid massive restructuring costs while updating the information indexed in the
physical model, we use a direct extension of the logical model to keep track of which objects
were newly generated, removed, or updated during the application of the rule rewriting
mechanisms. At query time, we instantiate a view A(g;) for each g; being loaded within
the physical model (Section 6.5). We want our view to support the following operations:
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(i) creation of new objects, (ii) update of the type/labelling information ¢, (iii) updat-
ing the human-readable value characterisation ¢, (iv) update of the containment values,
(v) removal of specific objects, and (vi) substitution of previously matched vertices with
newly-created or other previously matched ones. While we are not explicitly supporting
the removal of specific properties or values, these can be easily simulated by setting specific
fields to empty strings or values. A view for g; is defined as follows:

A( ;) = (g8, T, TY, O;",0; ,E;,piy (8)

where g& = (0%, (%, nh, ¢b t ,i> is a GSM database holding all the objects being
newly inserted along51de w1th the properties as well as the updated properties for the
objects within the graph g (i-iv), I refers to the nested morphism being considered while
evaluating the query, I'” denotes the extension of such morphism with the newly inserted
objects through variable declaration, which resulting objects are then collected in O (i). O~
(and E7) tracks all the removed objects (and specific containment objects, resp.) through
their ID (v). Last, p is a replacement map ;[(0;,0,(;))] to be used when evaluating the
transformations over morphisms occurring at a higher topological sort layer, stating to refer
to an object 0,(;y when o; occurs (vi). IV and O™ are used to retain the updated information
locally to each evaluated morphism, while the rest are shared across the evaluation of each
distinct morphism.

We equip A(g) with update operations reflecting the insertion, deletion, update, and re-
placement operations as per rewriting semantics associated with each graph grammar
production rule. Such operations are the following;:

START: re-initialises the view to evaluating a new morphism I by discarding any infor-
mation being local to each specific morphism:

START () (") = (A1, 3,3,07,E7,0) )

DELCONT: We remove the i-th containment relationship from the database:

DELCONT, (o) (i) = (g, T,1°,0%,07,E~ U {i},p)

NEWOBJ: Generates a new empty object associated with a variable j and with a new
unique object ID |g| + [g2| + 1:
NEWOBJ,(g)(j) :=let fresh := [g| +[g"| + 1in
(g%, T, PUTr(j, T°(j) U {fresh}), 0" U {fresh},0~,E~, p)

REPLOB]J: replaces o; with o; if and only if 0; was not removed (0; ¢ O7):

A(g) 0; €0~

REPLOB i,0:)) 1=
]A(g)((ol 0])) {(gA,r, re,0t,0-, E-,po [(Oiroj)]> oth.

DELOBJ: We remove an object o; only if this was already in g or if this was inserted
in a previous evaluation of a morphism and, within the evaluation of the current
morphism, we remove the original object o; being replaced by 6 = p(0;):

DELOBJp(¢)(0;) :=letd := OPTGET,(0;) in

T, 3,07,07 u{o;},E-,p) 6eO0T
@™ T, ,07,07 u{o},E-,p) oth.
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UPDATE: updates one of the object property functions by specifying which of those should
be updated. In other words, this is the extension of PUT? (Equation (2)) as a higher
function for updating the view alongside one of these components:

(OF, PUTG (G, ), G €, 7, 9 £
<OA éA PUT&A(<Z ]> ) 61 ’7-[1 ’(Pl ’t
(OF, 63,87, €, PUT o (G, 3, ), 91 by
UPDATE o) K1) 1) := | letn := \dom(t§¢)\ in

letg := PUT¢iA(<i,]'>,{Vl,- o, m+ Jul})in
letf := t@, @690<]-<|u|[(j +n,u(j))] in
(OB, 08,28, €8, b, §, F)

Concerning the time complexity, we can easily see that all operations take O(1) time
to compute by assuming efficient hash-based sets and dictionaries. Concerning UPDATE?,
this operation takes O(1) time, as we are merely inserting one pair at a time.

4.3.1. Object Replacement and Resolution

As our query language will have variables to be resolved via matched morphisms
and view updates (Appendix A.1), we focus on specific variable resolution operations.
Replacement operations should be interpreted as a reflexive and transitive closure over the
step-wise replacement operations performed while running the rewriting query (Section 6.5
on page 33).

Definition 4 (Active Replacement). The active replacement function resolves any object ID
x into its final replacement vertex following the chain of subsequent unique substitutions of each
single vertex in p, or otherwise returns x:

C e p"(x) n' = argmax,ey.x € dom(p") A p"(x) # p" 1 (x)
o)™ =1 5 oth.
During an evaluation of a morphism to be rewritten, such replacements and changes
should be effective from the next morphism while we would like to preserve the original
information while evaluating the current morphism.

Definition 5 (Local Replacament). The local replacement function blocks any notion of re-
placement while evaluating the original data matched by the current morphism while activating the
changes from the evaluation of any subsequent morphism where such newly-created vertices from
the current morphism will not be considered:

* * +
oace)(®) = {p (x) p*(x)¢0

X oth.

We consider objects as removed if they have no effective replacements to be enacted
in any subsequent morphism evaluation: x € dom(p) A x € O~. Thus, we also need to
resolve objects” properties (such as /, &, 71, and ¢) by considering the changes registered
in A(g;). We want to define a HOF property extraction that is independent of the specific
function of choice. By exploiting the notion of local replacement (Definition 5), we obtain
the following definition:

Definition 6 (Property Resolution). Given any property access function £,¢, ¢, m, a GSM
database g; and a corresponding view A(g;) we define the following property resolution high-
order function:
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%) LPag)(0) € O
lpﬁ(g)(o) = 4 fag) (L0a()(0)  10a(g)(0) € OF A fag) (L oa(g)(0)) # &
foi(Lpg;(0)) oth.

where we ignore any value associated with a removed vertex in O; (first case), we consider any
value stored in A(g;) as overriding any other value originally in the loaded graph (second case),
while returning the original value if the object underwent no updates (last case).

4.3.2. View Materialisation

Last, we define a materialisation function as a function updating a GSM database g;
with the updates stored in the incremental view A(g;). We consider all the objects being
inserted (implicitly associated with a 1.0 € score) and removed, as well as extending all the
properties as per the view, thus removing containment relationships originating from or
arriving at GSM objects.

MATERIALISE’(g;, A(gi)) = (O; U O;"\O;",
(@03,
rocd,

e@( @ [(o,1.0>]),

0e0M\O;~
A
TP,

D Ko, Fly—y¢E¢(p. )@,

(pyedom(¢)
(tp @t

As a rewriting mechanism might add edges violating the recursion constraint, we
prune the containments loading to its violation by adopting the following heuristic: after
approximating the topological sort by prioritising the object ID, we remove all the contain-
ments generating a cycle where the contained object has an ID with a lower value than its
container ID. From this definition, we then derive the definition of the update of all the
GSM databases loaded in the physical model G with their corresponding updates in A via
the following expression:

MATERIALISE(G, A) = u(MATERIALISE, {(G, A)) (10)

4.4. Morphism Notation

We consider nested relationships mapping attributes to either basic data types or to not
nested schemas, as our query language will syntactically avoid the possibility of arbitrary
nesting depths. Given this, any attribute A; can nest at a maximum level 1 of depth.
This will then motivate a similar requirement for the envisioned operator for composing
matched containments (collected in relational tables) into nested morphisms (Section 5).

As our query language requires resolving variables by associating each variable A;
to the values stored in a specific morphism I', we need a dedicated function enabling this.
We can define a value extraction function for each morphism I' and attribute A; € dom(T'),
returning directly the value associated with A; in I if A; directly appears in the schema
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TIDX(A;) :

of I (dom(T")), and otherwise returns the list of all the possible values associated with it
within a nested relationship A; having A; in its domain:

(T(Ai) 5(Ai) e B
IDXI“(AZ‘) = letS = CS)(F) in <’)/Z(Al)|’)/l € F(A])> H'AJAZ € dom(S(A])) (11)
(%] oth.

When resolving a variable, we need to determine whether this refers to a containment
or to an object, thus selecting to remove the most appropriate type of constituent indicated
within a morphism. So, we can define a function similar to the former for extracting the
basic datatypes associated with a given attribute:

S(A)) S(A) e B
[02] oth.

We also need a function determining the occurrence of an attribute x nested in one of
the attributes of S. This will be used for both automating the discovery of the path L for
joining nested tables from our recently designed operator (Section 5) or for determining
whether two variables belong to the same nested cell of the morphism while updating the
GSM view. This boils down to defining a function returning A; if A; is an attribute of a
table nested in A jr and NULL otherwise.

IDNESTg(A4;) := arg minAjedom(s) Aj e dom(S(4))) (13)
S.t.S(A]')#B

Last, we need a function for returning all the object and containment IDs under the
circumstance that these contribute to the satisfaction of a boolean expression. We then
define such a function returning such IDs at any level of depth of a nested morphism:

SE(T) = 1letS = S(I') in {x € dom(I')|S(x) € B} U U SE(T(x)) (14
xedom(S),S(x)¢B

5. Nested Natural Equi-Join

Although previous literature defines nested natural join, no known algorithmic imple-
mentation is available. As our query language will return nested morphisms by gradually
composing intermediate tables through natural or left joins is, therefore, important to
provide an implementation for such an operator. This will be required to combine tables
derived from the containment matching (Section 6.3) into nested morphisms, where it is
required to join via attributes appearing within nested tables (Section 6.4). Our lemmas
show the necessity of this operator by demonstrating the impossibility of expressing it via
Equation (6) directly, while capturing the desired features for generating nested morphisms.

We propose for the first time Algorithm 3 for computing the nested (left outer) equi-
join with a path L of depth at most 1. The only parameter provided to the algorithm is
whether we want a left outer equi-join or a natural one otherwise (isLeft) and, given
that the determination of the nesting path will depend on the schema of both the left and
right operand, we automate (Line 9) the determination of the L = (N path along which
compute the nested join for which, we freely assume that we navigate on the nested schema
of the left operand similarly to Equation (6): this assumption comes from our practical use
case scenario that we are gradually composing the morphisms provided as a left operand
argument with the containment relationships provided as the right operand. Furthermore,
to apply the definition from Equation (6) while automating the discovery of the path to
navigate to nest the relationship, we require that each attribute appearing from the right
table schema might appear as nested in one single attribute from the left table or, otherwise,
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we cannot automatically determine which left attribute to choose to nest the graph visit
(Line 8). Otherwise, we determine a unique attribute from the left table alongside which
apply the path descent (Line 9).

Algorithm 3 Nested Natural Equi-Join

1: function NESTEDNATURALEQUIJOIN;g eft (L, R)

2: St :=8(L); Sg := S(R)

3: IR := (dom(Sp)\{x € dom(S)|Sr(x) ¢ B}) n dom(SRr)

4: if IR = & then return L x R > Cross Product
5 if | J{dom(A;)|A; € dom(Sy) A Sp(A;) ¢ B} ndom(Sg) = J then

6 if isLeft then return L1xR else return L =< R

7 end if

8: assert | cqom(sy) IDNESTs, (x)| =1 > Equation (13)
9: N :=min{Jyedom(sy) IPNESTs, (x)
10: LM := @CGL/i,R[(C(IR)/ ”sL\IR(C))]

1:  RM:= @eerye,, [(c(IR), s\ r(C))]
12: for all k € dom(LM) u dom(RM) do

13: if k ¢ dom(RM) and isLeft then

14: for ye LM(k) yield k®y

15: else if k e dom(LM) then

16: forall y e LM(k),z € RM(k) do

17: y' := copyof y

18: y'(N) :=if isLeft then return y’(N)z else return y'(N) » z
19: yield k @y’

20: end for

21: end if

22: end for

23: end function

The algorithm also takes into account whether no nesting path L = (N') is derivable,
thus resorting to traditional relational algebra operations: if there are no shared attributes,
we boil down to the execution of a cross product (Line 4) and, if none of the attributes from
the right table appear within a nested attribute from the left table, then we boil down to a
classical left-outer or natural equijoin depending on the isLeft parameter (Line 6).

Otherwise, we know that some attributes from the right table appear as nested within
the same attribute N of the left table and that the two tables share the same non-nested
attributes. Then, we initialize the join across the two tables by first identifying the nested
attribute N from the left (Line 9). Given IR, the attributes appearing as nonnested attributes
from the left table also appear in the right one, we partition the tables by =g, thus identify-
ing the records having the same values for the same attributes in IR (Lines 10-11). Then,
we start producing the results for the nested join by iterating over the values k appearing
in either of the two tables (Line 12): if k appears only over the left table and we want to
compute a left nested join (Line 13), we reconstruct the original rows appearing from such
table and return them (Line 14). Last, we only consider values k for IR appearing on both
tables and, for each row y from the left table having values in k, we compute the left (or
natural equi-)join of y(N) with each row z from the right table and combine the results with
k (Line 18).

Properties

We prove that Lo cannot trivially boil down to < unless L= J; otherwise, if A; isin L
not appearing as an attribute for the to-be-joined table schemas, we will be left out with the
left table and not a classic un-nested natural join. Proofs are postponed to Appendix B.2.
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Lemma 2. Given $(t) = S and L= (A1, Ay, ..., Ay), if A1 ¢ dom(S), then tLoas — t

As this is not a desired feature for an operator whose application should be automated,
this justifies the need for a novel nested algebra operator for composing nested morphisms,
which should shift to left joins [37] for composing optional patterns provided within the
right operand (isLeft), while also backtracking to natural joins or cross products if no
nested attribute is shared across matched containments. The following lemma discards
the possibility of the aforementioned limitation to occur from our operator, by instead
capturing the notion of cross-products when tables are not sharing non-nested attributes.

Lemma 3. Given tables L and R, respectively, with schema S and U with non-shared attributes
(dom(S) ndom(U) = &), either NESTEDNATURALEQUIJOINEg6.(L, R) or
NESTEDNATURALEQUIJOINTe(L, R) compute L x R.

We also demonstrate that the proposed operator falls back to the natural join when
no attribute nested in the left operand appears in the right one, while also capturing the
notion of left join by changing the isLeft

Lemma 4. Given tables L and R, respectively, with schema S and U where no nested attribute appear-
ing in the left table appears in the schema of the second, then NESTEDNATURALEQUIJOIN¢41se(L, R)=
L < R and NESTEDNATURALEQUIJOIN¢true(L, R)= LIxR.

The next lemma observes that our proposed operator not only nests the computation
of the join operator within a table, but also implements an equijoin doing a value match
across the table fields that are shared within the shallowest level. This is a desideratum
to guarantee the composition of nested morphisms within the same GSM database 1D,
thus requiring sharing at least the same dbid field (Section 6.3). Still, these operations
cannot be expressed through the nested join operator available from the current literature
(Equation (6)).

Lemma 5. Given tables L and R, respectively, with schema S and U, that is S(L) = S and
S(R) = U, where the left table has a column N ( N € dom(S)) being nested (S(N) ¢ B) and also
appearing in the right table (N € dom(U)), NESTEDNATURALEQUIJOIN¢a1se(L, R) cannot be
expressed in terms of L <N>><1Rfor N € dom(S) ndom(U), N € dom(5(N)), and dom(S(N)) n
dom(U) # &.

6. Generalised Graph Grammar

After a preliminary and example-driven representation of the proposed query lan-
guage (Section 6.1), we characterise the semantics of the proposed query language in terms
of procedural semantics being subsumed in Algorithm 4. This is defined by the following
phases: after determining the order of application of the matching and rewriting rules
(Line 2), we match and cache the traversal of each containment relationship to reduce
the number of accesses to the physical model (Line 3), from which we then proceed to
the instantiation of the morphisms, to produce the MTT[., -] table (Line 4). This fulfills the
matching phase. Finally, by visiting the objects from each GSM database in reverse topolog-
ical order, we then access each morphism stored in MT[-, -] for then applying (Line 5) the
rewriting rules according to the sorting in Line 2. As this last phase produces the views for
each g; GSM database we then materialise this view and store the resulting logical model on
disk (Line 6). Each of the forthcoming sections discusses each of the aforementioned phases.
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Algorithm 4 Generalised Graph Grammar (gg) evaluation

1: function GENERALISEDGRAPHGRAMMARS(gg, G = {g1,...,9n}) = G ~ db (Lemma 1)
2 SORTRULES(gg) > Algorithm 5
3 CACHEINTERMEDIATERESULTS(gg, db) > Algorithm 6
4: INSTANTIATEMORPHISMS(gg, db) > Algorithm 7
5 A :=GENERATEGRAPHVIEWS(gg, G) > Algorithm 8
6 return MATERIALISE(G, A) = Equation (10)
7: end function

6.1. Syntax and Informal Semantics

We now discuss our novel’s proposed matching and rewriting language by taking
inspiration from graph grammar. To achieve language declarativeness, we do not force the
user to specify the order of application of the rules as in graph rewriting.

Figure 4 provides the Backus-Naur Form (BNF) [48] for the proposed query language
for matching and rewriting object-oriented databases by extending the original definition of
graph grammars. Each query (gg) is a list of semi-colon-separated rules (rule), where each
of those describes a matching and rewriting rule, L; —g R;. For each uniquely identified
rule (pt), we identify a match L; (obj cont+ joining#) and an optional (?) rewrite R; (op*
obj). Those are separated by an optional condition predicate ® (Appendix A.2 on page 43),
providing the conditions upon which the rewriting needs to be applied to the database
view, and <.

L; is characterised by one single entry-point similarly to GraphQL [49] as well as other
navigational approaches to visiting graph-based data [50], thus defining the main GSM
object through which we relativise the graphs’ structural changes or update around its
neighbouring vertices, as defined by its ego-network cont of objects being either contained
(- - clabel -> obj) or containing (<- clabel -- obj) the entry-point obj. While objects
should be always referred to through variables, containment relationships might be op-
tionally referred to through a variable. Edge traversal beyond the ego-net is expressed
through additional edges (joining). We require that at least one of the edges should be
a mandatory one. Differently from Cypher, we can match containments by providing
more possible alternatives for the containment label rather than just considering one single
alternative: this acts as the SPARQL’s union operator across differently matched edges, each
for a distinct edge label. Please observe that this boils down to a potentially polynomial
sub-problem of the usual subgraph isomorphism problem, being still in NP despite the
results in Section 8 proposed for the present query language.

Up to this point, all these features are shared with graph query languages. We now
start discussing features extending those: we generate nested embeddings by structurally
grouping entry-point matches sharing the same containing vertex: this is achieved by
specifying the need to group an object () along one of its containment vertices via a
containment relationship remarked with V. Last, we use return statements in the rewritings
to specify which entry-point objects should be replaced by any other matched or newly
created objects.

Example 1. Listing 1 expresses the graph grammar rules from Figure 2 in our proposed language
with minor extensions: we achieve declarativeness when associating multiple string values
coming from nested vertices (and therefore, associated with a single variable) to one single
vertex, as strings will be normally space-joined (Line 12) with a syntax equivalent to setting
such properties where no nestings are in a morphism (Line 2). A return statement at Line 22
guarantees that, while considering matching a GSM database from Figure 3a, objects 2 and 3
for Alice and Bob in X will be replaced by the newly instantiated “Alice Bob” object h when
considering the subsequent creation of the edge “plays” (Line 31). This remarks the need for
visiting the GSM database in topological order to minimise the rewriting costs when the updates
are applied. This is also guaranteed by the matching assumption only considering objects within
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the entry-point’s ego-net, as we ensure to pass on the information by layers via return statements.
Figure 5a shows the result of this rewrite.

String str € P

Integer int e N

Variables vars = str

Labels labels = (str |)* str

Query gg = (rule ;)* rule

Rule rule i= (pt:str) = (entrypoint:obj) cont+ joining*
(WHERE ©®)? (= op* (res:obj))?

Object obj n= ( »? vars )

Contain cont t= -- clabel -> obj

| <- clabel -- obj
| - - clabel hook

Join-Contain  joining == obj -- clabel -> obj
| obj <- clabel -- obj

CLabel clabel w= [ V? ?? (var:str :)? labels ]
Pred (C) n= arg; = argp

arg] # argp

arg] < argp

argy = argp

0,v0O,

TEST asceipt
strq unmatched strp.strs
stri; matched strp.strj
FILL @
Rewrite op n= del str
| new str
| set expry as expry
Val expr = str
| SCRIPT sczipt
| label expr
| src expr
| dst expr
| ¢ init @ expr
|
|
|
|

|
|
|
|
| 0110,
I
|
|

! init @ expr
Texpri @ exprp
¢ expri, expra
if © over str then exprp else exprs
PredArg arg = str
| expr

Figure 4. Proposed language for Graph Grammars over the GSM expressed in ANTLR4-
flavoured BNF notation [51]. Terminal symbols are expressed in green. sczipt refers to a
double-quoted string representing a program in the Script v2.0 language [34]. Similarly to
Regular Expression syntax [48], ? refer to optional sub-expressions, + (or *) indicate one (or
Zero) or more occurrences of a given sub-expression.

When grouping entry-points, we require those to be grouped over one same containing
object, to unambiguously refer the nested entry-points to one single morphism. This allows
the query language to coalesce morphisms.
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32
33
34
35
36
37
38

Listing 1. Expressing the graph grammar rules represented visually in Figure 2 in our
proposed language (file: paper_simple. txt).
pl = (X)--[l:det||nmod_poss||amod]||mark]|]|case]||punct]||advmod]|
< advcl||depl->(Y)
— set (7 (label 1) @ X) as (¢ @ @ Y)
del Y
(XJ;

p2 = (>> H)<-[V1:1--(X)

--[Lconj] hook

--[? casel->(K)

--[? ¢ : ccl->(2)

— new h

set (¢ orig , h) as H element (>>)
set (7t conj @ h) as (¢ @ @ Z)

set (( @ @ h) as (£ @ @ H)

set (¢ (if ((label 1 ) = nmod) over 1 then
(¢ 0 @ K)

else

(label 1)

), X) as h

del Z

del K

del 1

(h);

p3 = (V)--[Vn:nsubjl->(>>S)

--[? mark]->(M)

--[? aux]->(A)

--[? negl->(N)

--[V1:dobj]||ccomp]||nmod]->(>>Z)

(Z)--[? casel->(T)

set (¢ (SCRIPT "(A( (" (*o(ro(olC@ {N"AN"[) 01) A" \") (L (¢ {\"N
= VD 1) AT A (@ VYD 1) VA (L@ VTV
= [}) el") , S) as Z

set(mr kernel @ S) as (¢ @ @ S)

del V

del

del

del

del

(S)

=Z > X

Example 2. The usefulness of a nested morphism representation can be promptly shown with
the example in Figure 5 while focusing on the morphism tables referring to the matching of the
subject-verb.object structure of a sentence (Figure 5b). Each morphism can contain two distinct
nested relationships, one referring to the subject (S) and one to the object (Z). The possibility of
representing such values in a nested morphism allows us to better group vertices to be considered
while referring to those with the same variable while keeping unique entry-point instances.

Example 3. With reference to the morphism resulting from matching (con-)/dis-junctions with
a sentence (Figure 5c), entry-point grouping allows the creation of one single vertex matching as
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a single subject for the sentence, thus ensuring the creation of one final single vertex per group of
matched entry-points.

A(l:icc?aggb cricket
g 4
g 3
(a)
graph | V | n_label | S 1 label | Z
0 0 nsubj n S dobj | Z
12 ]2 ™M |4
1313
(b)
graph | X | *
0 0 H | Llabel | | c_label | c Z
2 | nsubj | 12 cc 14| 5

(©)

Figure 5. Applying the rewriting rules expressed in Figure 2 to the graph originally
presented in Figure 3a: different colours refer to different matching rules. Filled vertices
in the left (and right) graph refer to the distinct vertex entry-points (and newly generated
components), while uparrows 1 are used to differentiate containment IDs from the ones
for the objects. (a) Generating a binary relationship between the subject as a single entity
and the direct object. (b) Morphisms M[p3, g0]. (¢) Morphisms M[py, go|, where * refers to
sub-matches nested over the entry point (See Algorithm from Section 6.4).

We also show how the language allows us to break the declarativeness assumption
when we want to specifically compose values according to a specific value composition
function:

Example 4. The user is free to break this declarative assumption by directly specifying the order of
combination when it is required to combine the values from different variables. This can be observed in
a longer query considering more morphosyntactic language features, which is provided online (https:
//github.com/datagram-db/datagram-db/blob/v2.0/data/test/einstein/einstein_query.txt, accessed
on 18 July 2024). This can be used to fully rewrite the database as per Figure 6. As the creation
of the will-not-have containment in this will require combining values from vertices 3, 8, and 9
and, respectively, associated with variables V, A, and N, we can use a scripting language as a direct
extension of Script v2.0 [34] for determining the order of strings’ composition. Please observe that
this formulation, contrary to Neo4j’s APOC in v5.20, also supports optional object matches, where
the values associated with non-existing NULL objects are resolved into empty strings (see Proof for
Lemma 7 in Appendix B.3).

By explicitly expressing a containment relationship across the nested entry-point X via
so-called hook containments defining equivalence classes, we split the nested morphism I

into as many new morphisms as the equivalence classes in % (see Section 6.3).

Example 5. We appreciate the usefulness of such morphism splitting while looking at a more
convoluted example, as the one considering the rewriting in the sentence depicted in Figure 6a:
vertices Matt and Tray and play and have from conjunctions but at different branches of the
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sentence structure. Furthermore, all four constituent vertices have the same containing vertex
believe for which, if no hook relationship was considered, they would have been added within the
same morphism as per the previous example.

Still, given that those vertices are associated with different conj as they appear in different coor-
dinating conjunctions, we can use this as a hook relationship to distinguish those, for then obtaining
two separate morphisms as illustrated by the first two rows in Figure 7b. Thus, hooks help in splitting
nested entry-points structurally by identifying similar elements through structural information.

16

0
H
conj

4

21

themselves

Carl Dan i
cc:and Matt Tray
27 cc:and
30
Carl Dan Alice Bob Carl
cc:or
29 5 0
Alice Bob Carl
cc:and and
28
19 20 25 21
(b)

Figure 6. Applying the rewriting rules expressed in Figure 2: different colours refer to
different graph grammar rules (b and c) , filled vertices in the left (and right) graph refer to
the distinct vertex entry-points (and newly generated components). (a) Dependency graph
for “Matt and Tray believe that either Alice and Bob and Carl play cricket or Carl and Dan will not
have a way to amuse themselves”. While object IDs are presented as numbers, containment
IDs are omitted. (b) Generating a binary relationship between the subject as a single entity
and the direct object.
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graph | X 1 label | 1 Y
1 2 mark 112 | 22
1 12 det 11 | 14
1 15 mark T3 | 17

@)

graph | X | *
1 0 H | Llabel | | c_label | c y4
2 | ccomp | 129 cc 122 1
3 | ccomp | 130 NULL NULL | NULL
1 ] H | Ilabel | | c_label | c y4
5 | nsubj | 114 cc 123 7
6 nsubj | 115 NULL NULL | NULL
1 2 H | Llabel | | c_label | c 4
19 | nsubj | 116 cc 125 23
20 | nsubj | T17 cc 126 26
25 | nsubj | 118 NULL NULL | NULL
1 3 H | Llabel | | c_label | c 4
10 | nsubj | 119 cc 124 13
1 nsubj | 120 NULL NULL | NULL

(b)

graph [ V | n_label | S 1 label | Z A N M
1 Q nsubj n S ccomp 1 z NULL | NULL | NULL
M4 | 5 129
M5 | 6 130 | 3
1 2 | nsubj n S dobj 1 |z NULL | NULL | 22
116 | 19 13 | 21
17 | 20
118 | 25
1 3 nsubj n S dobj 1 Z 9 8 NULL
119 | 10 14 | 12
120 | 11

(0)
Figure 7. Resulting morphisms from the application of the graph grammar rules from
Listing 1 over the GSM database in Figure 6a, from which the resulting rewritten database
Figure 6b is then obtained. (a) Morphisms M[p1,g1]. (b) Morphisms M|[p,, g1], where
* refers to sub-matches nested over the entry point (See Algorithm from Section 6.4).
(c) Morphisms M[p3, g1]-

Last, these examples provide an intuitive motivation for why the matching within
our query language can express distances of at most one containment relationship from
the entry-point match. We want to guarantee that, given two objects matching the query
entry-points, located at different distances from the vertex appearing last within the re-
verse topological order, these are still reachable within the distance of crossing a single
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containment. Similarly to semistructured data literature, we refer to one as its (direct)
ancestor and to the other as its (direct) descendant. If the entry point considering in its
match the aforementioned direct descendant object is replaced with another object, be it
recently created during the application of the rewriting rules or already existing within
the database, we want this information to be passed directly during the execution of the
rewriting associated with the match of the object of the direct descendant. For this, we need
both an explicit return mechanism, which allows the possibility of explicitly telling the
objects appearing at the higher layers induced by the topological order that the previous
object has been replaced, and to keep the match size compact, so that we can guarantee
that any entry-point value updated at a lower level is retrieved immediately.

6.2. Determining the Order of Application of the Rules

We determine the application order of our language rules for each entry-point vertex
of interest (Algorithm 5). This boils down to solving a scheduling problem, which requires
first determining the interdependencies across the graph grammar rules. All the matching
constructs L; for each rule L; —g R; in our query gg have variables that might be shared
across morphisms.

Algorithm 5 Sorting the Graph Grammar rules by application order

1: procedure SORTRULES(gg)
2 Vi={pilpi=L; »e Ricgg}
3: E := {pi — Ppj | p;.res # NULL A p;.res = pj.entrypointv

pi-entrypoint = p;.entrypoint,p; € Vv, pj € V}
G:=(V,E)
time:=LAYERFROMTOPOLOGICALSORT(G,APPROXV 15p6(G)) > Algorithm 1
sort each x in gg by time[x] in ascending order
end procedure

As per Example 1, each rewriting R; might replace the entry-points with a single new
object, or we preserve the previously matched ones otherwise. These are then input to
any later morphism being considered while applying the rewritings. For this, we might
consider the variables across patterns as hints to the query language on how the updated or
matched objects are going to influence their updates, thus declaring their interdependencies.
By reducing this to a dependency ordering, we consider the dependency graphs for the
matching and rewriting rules, (Line 4), where each vertex represents a rule (Line 2). Each
edge connecting two vertices (or patterns) represents a connection between the entry-
point or returned variable from the source pattern and any other non-entrypoint variable
occurring in the target pattern (Line 3). As the resulting graph might contain loops as some
patterns might exhibit mutual dependencies, we are then forced to run an approximated
topological sorting algorithm (Line 5) to determine an approximated scheduling order
across such tasks through a DFS visit of the graph [52]: we start traversing the graph from
the first rule appearing in the graph grammar while avoiding visiting edges leading to
already-visited vertices; if we visited all the vertices reachable from such initial vertex while
still having unvisited ones, we recommence the same visit starting from the earliest vertex
that was not already visited. We add each visited vertex inside a stack after each of its
children has been fully visited. By doing so, we prioritise the rules” declaration order which
then acts as a heuristic for guiding the algorithm to decide upon a specific visiting order.

6.3. Containment Matching

With Algorithm 6, we define the steps realising containment matching for each L;
from a rule p; to later on generate a morphism table MT[L;, g]-] per GSM database Sjs
as discussed in Section 6.4. The algorithm works as follows: (i) after caching the PhiTable*
referenced by the containments in the matching patterns to minimize the tables’ access in a
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uniform schema specification, (ii) we specialise such tables to the specific schema induced
by the variables’ names and nesting occurring in the matching L;. Last, (iii) we collect the
matching containments by separating them between required or optional ones.

Algorithm 6 Intermediate Edge Result Caching

1:
2
3
4
5:
6
7
8
9

10:
11:

12:
13:
14:
15:
16:
17:
18:
19:
20:

21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:

40:
41:
42:
43:
44:
45:
46:

procedure UNIQUECACHEID(c = (g, isOut), L)
global queryCache, queryMap, emptySet
if L = ¢J then emptySet=emptySetu{c} else
forall/ e L do
queryCache = queryCacheu{l}
end for

: end procedure
. function FROMDB(x, db)

t:={; 8(t) := [(dbid,N), (src,ni), (edge, ci), (edgeLabel, £*), (dst, ni)]
if PhiTable® € db then
t :=([(dbid, i), (src, ), (edge,r), (edgeLabel, k), (dst,d)] |
r < |PhiTable|, PhiTable"(r) = (1,i,j,w,d, 1))
end if
return ¢
end function
function TOTABLE(t, x, y, Iy, nestCont)
if Iy = NULL then f:= Rsrc,dst—))(,y(ndbid,src,dst(t))
else t:= Rsrc,edge,edgeLabel,dst—»x,lx,lx+“_labe1”,y(t)
if nestCont then ¢ := v, , ,,(t)
return ¢
end function

procedure CACHEINTERMEDIATERESULTS(gg, db)
global queryCache, queryMap, emptySet
forall p; = L —g R € ggs.t. L ={ep,in, out, join, hook) do
forall g e ins.t. g =<{u,l,l, all, opt) do UNIQUECACHEID((q, false),l)
for all g € out s.t. ¢ = (u,1,1;,all, opt) do UNIQUECACHEID((g, true),l)
for allg € join s.t. g = {u, 1,1y, all, opt,v) do UNIQUECACHEID((g, true),l)
queryCache = queryCache uhook
end for
if emptySet # ¢f then queryCache= {x|PhiTable" € db}
cache := @ cqueryCachel (X, FROMDB(x, db))]
forallp; =L »g Reggs.t. L= <<ep,aggep>,in, out, join, hooky do
hook; := ndbid,src,dst(ujehookTOTABLE(cache(i), src, dst,NULL, false))
for all g € out, 1 € queryCache(g, true) s.t. ¢ = ((u, agg,), 1, Ix,all, opt) do
t := TOTABLE(cache(t), ep, u, I, all and agg,,)
if opt then opt; := opt; U {t} else req, := req; U {t}
end for
for all g € in, 1 € queryCache(g, false) s.t. g = ((u, agg, ), 1, Ix,all, opt) do
t := TOTABLE(cache(:), u, ep, I, false)
if opt then opt; := opt; U {t} else req; := req; U {t}
end for
for all g € join s.t. ¢ = ((u, false),l,ly,all, opt,{v, agg,)) do
t := TOTABLE(cache(t),u, v, 1y, all and agg,,)
if opt then opt; := opt; U {t} else req, := req; U {t}
end for
end for
end procedure




Mathematics 2024, 12, 2677

31 of 62

6.3.1. Pseudocode Notation for L;

We describe the notation used in our pseudocode being the machine readable repre-
sentation of the query syntax discussed in Section 6.1.

We define each object variable as a pair (x,agg) € N' = £* x {0,1}, where x is the
variable name and agg denotes whether the vertex should be aggregated (1) or not (0).
In our pseudocode, each matching L; is represented as the tuple {ep, in, out, join, hook),
where ep € N specifies the pattern entry-point and each ingoing (or outgoing) edge is
represented by a pair (u, 1,1, all, opt, v), where u € N remarks the variable associated with
the container (or contained) object alongside the containment relationship through ¢ and ¢,
l € p(X*) provides a potentially empty-set of containment relationships, I, is an optional
containment variable, alle {0, 1} determines whether the edges should be considered in
the aggregation or not, and opte {0, 1} determines whether the match should be considered
as optional or not. The join edges extend such records as {u,1,1y,all, opt) by specifying
both the containment (v € ') and container (1 € \) variable explicitly, and hooke p(X*)
determines whether the aggregated entry-points over the single incoming container should
be subdivided in equivalence classes according to the containment labels in hook, and we
perform no clustering otherwise.

6.3.2. Procedural Semantics for Matching and Caching Containments

We now narrate the operations required to match each containment occurring across
patterns while representing those as relational tables expressing either required (req;),
optional (opt;), or hook-driven equivalence relationships (hook;) per pattern p;.

First, we define the semantics associated with the matching of each object ego-net
as described in TOTABLE from Algorithm 6 (Line 15): either containment (src)--[ly :
L]->(dst) or (dst)<-[ly : L1- -(src) are represented as records with fixed schema (Line 9)
where each record refers to a single containment : (edge) in ¢(src, £) for a container src,
where (dst,w) = t4(1) and dst refers to the contained object; in this, we also retain the
containing db as dbid and the containment ¢ € L (edgeLabel). At this stage, all containments
are associated with the same schema and are not specialised to abide by a specific schema
induced by a matching specification. This allows us to easily cache PhiTable* containments
(Line 30).

Next, we discuss how we specialise the results from the cache according to the schema
induced by the variables occurring in each matching L;. This is carried out by renaming
generic containing/containment/contained object labels (src/edge/dst) with the variable
names in L; associated with them; if the patterns also contain references to the edge variable
(Ix), we also retain each ID in ¢ (u, L) as Iy, and I;’s label (Line 17) and we discard such
information otherwise (Line 16). If the edge expresses an aggregation from the container
to the content (e.g., (src)-[VLI-(» dst)), we nest [, (if available) and dst from the table
obtained at the previous step (Line 18). This makes the major difference with existing graph
query languages, as we consider containment identifiers as a separate class from object
ones (thus differently from SPARQL) and we also produce nested morphisms according to
the query annotations.

Last, we collect the tables while differentiating where those are associated with a
required or optional pattern (Lines 35, 39, and 43), acting as the basic building step for
defining nested morphisms as in the subsequent section.

6.3.3. Algorithmic Choices for Optimisation

After discussing the procedural semantics of the matching of containments occur-
ring across all L;-s, we describe the algorithmic choices for optimisation purposes. First,
to minimize the access to a relational database, we ensure that each PhiTable” is accessed at
most once across all the edges by collecting all the labels of interest across table-matched
containments in queryCache (Line 5). If some containments have no containment attribute
specified, we remember the existence of such containment (Line 3) for which we will
then require considering all the PhiTable" records, as a containment for which no label is
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specified forces to consider all the containments (Line 29). Only after this, we access the
physical model to transform each PhiTable* per x € queryCache to a containment table to
be then composed into the final nested morphism table, thus ensuring minimal memory
access (Line 30).

6.4. Morphism Instantiation and Indexing

Algorithm 7 combines each table produced from the previous phase to generate the
morphisms describing the result of matching L; through the generation of morphisms being
recorded within an MT|[L;, g;] table for each GSM database g;. Similarly to SPARQL’s triple
navigation semantics, we generate the morphisms P; for all GSM databases by natural
joining all the tables associated with the mandatory containments (Line 10), while left-
joining P; (the resulting table from the natural join of the required containments) against
the optional patterns set and updating P; with such a result (Line 13).

Algorithm 7 Morphism instantiation and indexing

1: procedure INSTANTIATEMORPHISMS(gg, G = {g1,.-.,%n1}) > global MT
2 for all pi = L;i —e R; € g9 do

3 global req;, opt;, hook; > Algorithm 6
4 e := L.entrypoint

5: if|req;| = O then continue

6 sort each f in req; by |t| in ascending order

7 P; :=req;(0)

8 forj =1to |req;| — 1 do

9: if |P;| = 0 then break

10: P; := NESTEDNATURALEQUIJOIN¢,yse (P, req;(j))

11: end for

12: if |P;| = 0 then continue

13: P; := A(NESTEDNATURALEQUIJOIN{ye, P;, Opt;)

14: if L.entrypoint = (»z) and 3x,0bj.<-[V x: ...]--obj € cont then
15: € :=obj

16: Pi := Vg (p)\ {dbid,x x_1abe1}—x (Pi)

17: hook:=TRANS(SYMM(REFL(hook;)))

18: R = {Ny|g; € GF A ty,.s = (i,t(z),5(z)) € hook}}

19: forallT € P; and 7, € I(*) Rp(qi) dO

20 MT[LZ'/ Iﬂ(graph)]'add(r‘‘{graph,x,x_label} @ [(*/ r)/i)])

21: end for

22; else

23: forall T € P, do MTJ[L;, T(graph)].add(T)

24: end if

25: forall g; € G do

26: sort each I in MT[L;, g;] by Ortopo(I'(€))) in ascending order
27: end for

28: end for

29: end procedure

We further nest the morphism if and only if the entry-point is aggregated via a single
containment object obj (Line 14), for which we then nest in a fresh attribute  all the
attributes except the database where obj is contained, obj itself, and optionally the edge
labels for the containment if the pattern exhibits its variable (Line 16).

Hooks derive an equivalence relationship ; per GSM database g; having a »-nested
morphism through which to optionally split the morphisms. We retain only the container
and containment relationship and their containing database ID (Line 32 from Algorithm 6),
for then obtaining a suitable equivalence relationship ¥; by computing the reflextive,
symmetric, and transitive closure of that relationship (Line 17). Then, we potentially split
the table nested in * according to the equivalence classes associated with each equivalence
relationship R; obtained from hooks (Line 19) and update the morphism table accordingly.
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Concerning the composition of cached tables, to reduce the equi-join time we first
sort the tables by increasing size (Line 6) for then stopping the joins as soon as we find or
compute an empty morphism, thus entailing that no collection of objects across all dbs can
match L; (Lines 5 and 9). As a last optimisation, we populate M T collecting the morphisms
by database ID and rule ID (Lines 20 and 23). Last, we sort each morphism in MT[L;, gj] by
entry-point (Line 4) reverse topological order (Line 26) or, if these were nested in , by their
container object (Line 15). This induces a primary block indexing mapping each elected
vertex e to a set of morphisms containing it.

6.5. Graph Rewriting Operations (op from R;)

Finally, we apply the transformation operations required by the rewriting side of
the rule for each instantiated morphism in MT across all GSM databases. This works by
keeping track of the desired changes within a GSM view per loaded GSM database.

We now discuss Algorithm 8. For updating GSM views, we apply the rewriting query
for each database g; as described by the rewriting patterns R; in gg (Line 2): we visit
per GSM database its objects according to the reverse topological order from Ortopo(gi)
(Line 4) while retaining the objects v appearing in the aforementioned primary block index
of a non-empty morphism table M[L;, g;] for each production rule p; = L; —¢ R; € gg
(Line 5): we skip the morphisms I associated with v if either a previously matched vertex
was deleted and not replaced with a new one (Line 6), or if the current morphism I" does
not satisfy a possible WHERE condition @ associated with Lg (Line 8). For the remaining
morphisms, we run the operations listed in R; in order of appearance (Line 9).

Algorithm 8 Rewriting phase

1: function GENERATEGRAPHVIEWS(gg, G = g1,...,9n)

2 forall g; € Gdo

3 A(gi) :=new GraphView(|V(g;)])

4 for all v € Oytopo(gi) s:t. v ¢ O, do o> Section 4.1
5 forall p; = L; »@ R; € ggs.t. MT[L,g;| # & do

6 forall T € MTI[L, g;] s.t. Ycol.—Optionaly (col) = I'(col) ¢ O; do

7

A(gi) := START (g, (T') > Equation (9)
8: if © # true and )[[@]]%ZZT‘ = 0 then continue > Figure A2
9: “ T,p,M(8i), MT :=v(R, T, p, A(gi), MT) > Figure 8
10: end for
11: end for
12: end for
13: yield A(g;)
14: end for

15: end function

We now discuss the definition of v through SOS semantics enclosed within the eval-
uation of Line 9 in detail. Figure 8 describes the interpretation of all rewriting rules R;
updating the GSM view A(g;), where the first three updates and exploit the functions
from Section 4.3. All the y-s are interpreted as evaluated expressions without intermediate
assignments. Rule NEWOBJECT creates a new object and refers it to the variable j. Rule
DELOBJECT deletes a pre-existing or a newly-created object, and Rule DELOBJECT deletes a
single container-containment relationship that was defined at loading time. We can easily
distinguish between variables referring to objects or containments by the simple type asso-
ciated with the attribute. For now, we do not allow the explicit removal of containments at
run-time unless the containment is explicitly specified via containment update.

We discuss the set update for the vertices’ label values; we distinguish the following
cases: if both the number of variable and values are in the same number, we assign for each
i-th variable the u-th occurring resolved value (LABELZIP); otherwise, we assign to each
object associated with the resolved variable the collapsed string values (LABELVALFLAT).
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We can obtain similar rules for ¢ which are omitted here for conciseness, but that can be
retrieved in the appendix (Figure A4).

¢, T, p, NEWOB]j(A(g)), MT) -, R
“new j; 2, T, p, A(g), MT) - R

NEWOBJECT

TIDXr(j) = ni ¢, T, p,| F(DELOBJ, A(g), IDXr(j)), MT) —y R
(“delj; «, T, p, A(g), MT) -y R

DELOBJECT

TIDXr(j) = ci “”,T, p,| F(DELCONT, A(g), IDXr(})), MT) —y
(“delj; z”, T, p, A(g), MT) - R

(x,A(g), true) —, (Var,A(g'),I) (y,A(g'), false,I, MT ) —f (Val,])
[Var| = |val] idxe N

¢e”,T, p,(E((x, (i, u}) — UPDATEL((i, idx), u), A(g), {(Var, Val))) MT) —, R

DELCONT

(“set ¢ idx @xasy; ", T, p, A(g), MT) -, R LABELZIP
(x,A(g),true) —, (Var,A(g'),I) (y,A(g') false,I, MT) — (Val,])
[Val| # |Var] idxe N
¢, T, p, | F((x,0) — UPDATEﬁ((i, idx)y,A(val))),A(g'),Vvar)) MT) —, R
LABELVALFLAT

(“set fidx exasy; ", T, p, A(g), MT) -y R

(z,A(g),true) —, (Var,A(g'),Ir)  {t,A(g’),false,I, MT) — (Name, Iy )
<y,A(g’),false, T, MT> —E <Val, 1L> IR = IN = IL
“”,T, p, F((x,{a,b,c)) — UPDATE} (<a b),c),A(g), {(Var,Name,Val)) /MT) —, R
(“set mt@zasy; ", T, p, A(g), MT) -y R

P1371pP

(z,A(g),true) —, (Var,A(g'), Ir)  {t,A(g’), false,I, MT) — (Name, I )
{y, A(g'), false, T, MT) — {Val, I ) Ig =1
¢, T, p, | F((x,{(b,a,c)) — UPDATEL ({a,b),c), A(g), Name x {(Var,Val))/MT) —, R
(“set mt@zasy; ", T, p, A(g), MT) -y R

P1271pr

(z,A(g),true) —, (Var,A(g'),Ir)  {t,A(g’), false,I', MT) — (Name, In)
(y,A(g), false, T, MT) —p (Val, I}y |Ig=Iy=—1vIg=Iynl = —1]
“”,T, p, F((x,{a, b)) — UPDATE[ ({a,b),A(val)), A(g), {(Name,Var)), MT) —, R

(“set mt@zasy; ", T, p, A(g), MT) -, R

P12"Z1p

(z,M(g ) true) —, (Var,A(g'), Ir) <t,A(g’),false, [, MT) —g (Name, Iy)
(y,A(g'), false, T, MT) —p (Val, I ) - 1]
¢, T, p, F((x,{b,c)) — UPDATE[ ({(Var(0), b),c), A(g), {(Name,Val)), MT) —, R
(“set mt@zasy; ", T, p, A), MT) -, R

P12”Z1P

Figure 8. Cont.
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(z,A(g),truey —, (Var,A(g'),Ir)  {t,A(g’) false,I', MT) — (Name, In)

{y,A(g'), false, T, MT) —f (Val,I)

ILZINAIR:—l\

¢, T, p, UPDATEX(g)(<Var(O),/\(Name)>,/\(Va1)),MT> —y R

(“set mt@zasy;, ", T, p Ag), MT) -, R PIALLFLAT
(z,A(g),truey —, (Var,A(g'), Iz)  {t,A(g), false, I, MT) —g (Name, In;)
(y,A(g'), false, T, MT) —p (Val, I} ) I =In#-1Alg=-1
¢, T, p, F((x,y) — UPDATEZ ((Var(0),y), A(Val)), A(g),Name), MT) —, R
PIVAREXT
(“set mt@zasy; ", T, p, A(g), MT) -y R
(z,A(g),truey —, (Var, Ag), Ir)  (t,A(Q) false, T, MT) —f (Name, In)
(y, A(g'), false, T, MT) —p (Val, I ) [Iy=-1vIy =-1]|
“ T, p,|F((x,(a, b)) — UPDATE” ({a,b), A(Val)), A(g),Id x Name)/MT) —, R
p X 8
PIEXTOTH
(“set mt@zasy;, ", T, p, Ag), MT) -, R
p = p’,agg)y,in,out, join, hook)
” y ” “» NOREWR
Ce)”, T p,Ag), MT) —y (7,1, p, A(g), MT)
p = (q, false), in, out, join, hook) q#p’
{p’,A(g), false) —, (Repl, A(g),I) {q,A(g), false) —, (Orig, A(g),])
A :=[F((x, (y,z)) — REPLOBJ,(y,z), A(g),0rig x Repl) NOAGCR
OAGGREWR
<”(p,)”/ I“’ p,A(g)’MT> —y <a7yl I“’ p, A/’ MT>
p = {q, false),{{{cont, false), [, I, all,opt,v)),out, join,hooky q # p’
(p’,A(g), false) —¢ (Repl, A(g), I)  {a,A(g), false) —, (Orig,A(g), ])
{cont, A(g), false) —, (Cont, A(g),K)
£ .
C:={xeX*Foe K elpim (0). Lo (1) NOrig # &}
A :=[F((x, (y,z)) — REPLOBJ,(y,z), A(g),0rig x Repl)
A" :=[F((x, (y,z,t)) — UPDATEY ((y,z),Repl), A’, Cont x C)
AGGREWR

<n(py)n, 1", p/A(g), MT> —y <un/ 1", p/ A//, MT>

Figure 8. Graph Rewriting SOS for view update.

We treat the property 7t and the containment ¢ updates differently, as they deal with
the resolution of three variables. We are also interested in whether different resolved
variables belong to the same nested table within the morphism or not, with the rationale
being that we can freely associate each value within the same nesting row-by-row (P2Z1p,
P2’Z1p, and P2” Z1P), while we need to compute the cross-product between the assignments
if the value belongs to distinct nestings (Clearly in P3Z1P). This is determined via the
second parameter of expression evaluation — (Appendix A.3) by transferring the attribute
information originated by the variable resolution —, (Appendix A.1). In all the remaining
occasions, we arbitrarily decide to flatten the associated expressions. Please observe that,
if the querying user wants more control over the precise value to be associated, they can
always refer to SCRIPT expressions, thus breaking the declarative assumptions for a more
controlled output.

Even in this case, we can formulate the rules for setting the ¢-s similarly to our previous
discussion for the 71-s. Therefore, we defer to Figure A5 provided in the Appendix A 4.

We conclude by analysing the semantics associated with the replacement via R;’s
return statement, the last and mandatory operation for declared rewriting operations.
We apply no rewriting if the returned variable is the variable entry-point (NOREWR).
Otherwise, if the entry-point variable is not aggregated, we resolve the replacement and
entry-point (Repl and Orig, respectively) and we replace any object in Orig associated with
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the entry-point variable p’ with an object in Repl associated with the replacing variable p’
(NOAGGRREWR). Otherwise (AGGRREWR), the rewriting occurs by replacing the objects
in Orig, associated with the entry-point’s container and the objects in Repl, associated
with the returned variable p’. Furthermore, given C the containment labels for which the
entry-point is contained by its aggregating object in cont, we also update the containing
for the cont objects to also contain via C the replacing objects in Repl. As this provides the
final update, we then consider this last resulting GSM view of the resulting view for our
rewriting step.

As no SOS rule matches the empty string, no further operation is conducted, and the
rewriting program terminates after considering the final rewriting statement.

7. Language Properties

Given the previous language description, we want to characterise its properties by
juxtaposing them with Cypher’s. Full proofs are provided in Appendix B.3. We start by
showing that, unlike current graph query languages, we propose a rewriting language
framed as generalised graph grammars: we relate our proposed language to the graph gram-
mars as, similarly to these, the absence of a matched pattern leads to no view updates. Still,
we claim that such language provides a generalisation of the former by supporting explicit
data-aware update operations over the objects and containments, while also defining ex-
plicit semantics determining the order of the application of such rules, both across rules
and within each GSM database.

Lemma 6. If either we query all the GSM databases with no rules, or all the rules have no rewritings,
or none of the matches returned a morphism, or none of the ones being matched pass the associated
O condition, then we return the same GSM databases as the ones being originally loaded.

Next, we ensure that the rules are applied in reverse topological order, thus minimis-
ing the restructuring cost of the GSM database while achieving declarativeness for rule
application, as the user does not specify this within the query formulation, as no matched
pattern leads to no view updates.

Property 1. The rules are applied in (reversed) topological order while visiting each GSM.

On the other hand, we can show that Cypher forces the user to specify in which
order the updates shall be applied, thus breaking the declarative assumption for a good
query language.

Lemma 7. The application of the rewriting in Cypher in lexicographical order requires explicitly
determining the order of the morphisms’ application and the order of the graph’s visit.

Next, we state the usefulness of an explicit return statement within the interpreta-
tion of a rule as it allows us to propagate the updates on the subsequently evaluated
morphisms.

Lemma 8. If an entry-point match is deleted and a new object is re-created inheriting all of its
properties, this new object will not be connected to the entry point’s containers unless the newly-
returned object was applied.

To a minor extent, we also show a greater amount of declarativeness if compared
to current graph query languages by automatically generating a new object if an update
operation occurs with reference to an optionally matched variable that was not matched to
an existing object.
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Lemma 9. The setting of properties to variables not associated with a newly-created object variable
and not associated with an actual GSM object due to an optional match reduces to the creation of a
new object associated with the variable, which then always receives this and any following update
associated with the same variable.

At this point, it could be argued that, although our proposed rewriting language
performs queries that cannot be expressed in other graph query languages, this does
not return the matched subgraphs as in such other languages, similar to Cypher’s return
statement due to the considerations from Lemma 6. The following Lemma shows otherwise.
Thanks to this, this language is considered more expressive than Cypher.

Lemma 10. The proposed graph grammar query language can express traversal queries retaining
only the objects and containments being matched and traversed.

Corollary 1. The proposed graph query language is more expressive than current graph query
languages.

8. Time Complexity

We now study the computational complexity associated with the algorithms discussed
in the previous section and infer this from the implementation details discussed while
reasoning on the SOS discussion. Proofs are postponed to Appendix B.4. Please observe
that, as previously noted from previous graph query language literature (Section 3.1.2),
the following results do not intend to prove P vs NP, as we are deliberately expressing
a sub-problem of the more generic subgraph isomorphism problem that can be easily
captured through algebraic operations.

Lemma 11. The time complexity of sorting the rules within the query is quadratic over the number
of query rules.

Lemma 12. The intermediate edge result caching time complexity has a polynomial cost being
linear in both the loaded databases and the number of available objects.

Corollary 2. The cost for generating the nested morphisms is polynomial with the size of the entire
data loaded within the physical model.

Lemma 13. The rewriting cost is polynomial and linear with the number of rewriting operations
and the number of the morphisms.

Corollary 3. The time complexity of the whole Generalised Graph Grammars is polynomial with
the size of the loaded physical model.

9. Empirical Evaluation

For our empirical evaluation, we study the use case of graph grammar in the con-
text of rewriting graphs representing the grammatical structure of a natural-language
sentence. Universal dependencies [53] capture these syntactical features across languages
by exploiting a shared annotation scheme. In this context, the usual approach to graph
rewriting boils down to rewriting a PROLOG-like logical program by applying declara-
tive rewriting rules (https://github.com/opencog/relex accessed on 22 April 2024) via
a unification algorithm [54], where compound terms are equivalently expressing binary
relationship and properties associated with specific vertices. Given the general inter-
est for such an approach within the domain of Natural Language Processing (NLP),
the present paper is going to specifically focus on use case scenarios within such domain.
This will also give us the opportunity to re-use freely available datasets for sentences for our
experiments (https:/ /osf.io/btjqw/?view_only=f31eda86e7b04ac886734a26cd2ce43d and
https:/ /osf.io/rpu37/, accessed on 21 April 2024), which can be then deemed as repeatable.
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Notwithstanding the previous approaches, we want to achieve a more data-driven ap-
proach to sentence rewriting, where atoms can also be associated with properties and labels,
thus motivating the definition of the proposed query language. Furthermore, the extension
of the graph grammar language with a script can be used to compose data and define
boolean conditions allowing us to break the declarativeness assumption only when the user
wants more control over how data are processed. Thus, we postulate that our proposed
query language extends the current literature in several aspects way beyond graph database
literature while postulating the possibility of applying concurrently multiple rewriting rules
over disparate sentences via a sole declarative query. The proposed approach shares some
similarities with programming language research where, after representing a program in
terms of its operational semantics, we can apply graph rewriting rules over abstract semantic
graphs [55], which are usually represented as trees, for which similar considerations like the
former can be applied.

We test the implementation of our physical model and associated query language as
implemented in our novel object-oriented database, named DatagramDB, which source code
associated with the current paper is freely available online (https:/ /github.com/datagram-
db/datagram-db/releases/tag/v2.0, accessed on the 22 April 2024). We conducted all
our benchmarks on a Dell Precision mobile workstation 5760 running Ubuntu 22.04 LTS.
The specifications of the machine include an Intel® Xeon(R) W-11955M CPU @ 2.60 GHz
x16, 64 GB DDR4 3200 MHz RAM.

9.1. Comparing Cypher and Neo4j with Our Proposed Implementation

Given the problems being evidenced by the Cypher query language from Lemma 7,
we cannot automate the benchmarking of Cypher for all the possible sentences coming
from an online available dataset. By recalling the results of this lemma, we observe that,
when the query is not able to capture a pattern albeit optionally, this will have a cascade
effect on the entire query for which none of the following rewriting operations will be
applied. Given this, the same query might not necessarily provide the same output across
different sentences having a different sentence structure. Thus, we cannot use one single
query for dealing with unpredictable sentence structure that, in the worst-case scenario,
would require us to write one single query per input sentence. We then preferred to limit
our comparison to two sentences, for which we designed the minimal Cypher query exactly
capturing the syntactical features expressed by these sentences while using the same query
for DatagramDB across all the sentences.

We considered two distinct dependency graphs: “Alice and Bob play cricket”, the one
in Figure 3a, and the one resulting from the dependency parsing of the “Matt and Tray...”
sentence from Figure 6a. We loaded them in both Neo4j v5.20 and our proposed GSM
database. In Cypher, we then run the query as formulated in the previous section, while we
construct a fully declarative query in our proposed graph query language syntax directly
representing an extension of the patterns in Figure 2. From now on, when referring to
Neo4j, we will always refer to version 5.20.

Examining Table 1, we can see our solution consistently outperforms the Neo4;j solu-
tion by two orders of magnitude. Furthermore, the data materialisation phase does not
significantly impact the overall running time, as its running times are always negligible
compared to the other ones. Additionally, Neo4j does not consider a materialisation phase,
as the graph resulting from the graph rewriting pattern is immediately returned and stored
as a distinct connected component of the previously loaded graph. This then clearly re-
marks the benefit of the proposed approach for rewriting complex sentences into a more
compact machine representation of the dependency graphs.
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Table 1. Table displaying results from rewriting the aforementioned sentences.
Data Model Loading/Indexing  Querying Materialisation Total (ms)
(avg. ms) (avg. ms) (avg. ms)
. { Simple 1.83 x 10° 7.03 x 10° N/A 8.86 x 100
Neo4j 0 2 2
Complex  9.32x 10 1.93 x 10 N/A 2.02 x 10

Gom | Simple 9.63 x 102 482x1071 240 x 1072 6.02 x 107!

Complex 691 x 107! 9.00 x 10! 6.67 x 1071 2.26 x 10°

9.2. Scalability for the Proposed Implementation

For testing the scalability of our implemented system, we used a corpora of sentences
used for natural-language common-sense question answering [56] which we rewrote into
dependency graphs using Stanford NLP [57]. As its output is failing systematically at
correctly recognising verbs in passive form when at the present time and at recognising
negations due to its training-based nature [58], we provide a piece of software amending its
output so that all the syntactic and the semantic information retained within the sentence
could pertain in a graph structure. This server also transforms the internal Stanford
NLP dependency graph into a collection of GSM databases serialised in textual format.
The resulting server is available online (https://github.com/datagram-db/stanfordnlp_
dg_server accessed on 19 April 2024).

Given the resulting GSM representation of the two sentences, we provide two distinct
scalability tests: in the first one, we sample the dataset into sentences to determine the
algorithm’s scalability in terms of both the number of GSM databases and the number of
vertices, while in the second we will only consider scalability regarding the sole number of
GSM databases while maintaining the sample distribution of the sentence’s lengths, thus
reflecting the number of GSM objects within the database.

Concerning the first scenario, we choose the sentences containing |O;| € {5,10, 15,18}
words, and for each of them we choose 300 sentences each, thus obtaining sample sets

S‘;gé'. Then, we further sample S LO” into three distinct subsets S Z|.Oi| having cardinality of

Slo” = 75 -i for which Sll.oi| c Sl‘?ril‘ forn > 0and 1 <i <i+n < 4. This will be useful to
then plot the rewriting running times using for the x-axis either the number of sentences
(or GSM databases) or the sequence length, to better analyze the overall time complexity.
The results for these experiments are reported in Figure 9.

so- s0- A/‘

=
- = g = A4 /A/
a—t Phase /= & Phase

oading_tnaeing Losaing_inceing
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(a) (b)

Figure 9. Analysing DatagramDB. (a) Results grouped by number of words per sentence.
(b) Results grouped by number of databases.

From these plots, we can clearly remark that querying and materialisation times are
clearly linear over the size of objects being loaded or GSM databases being matched and
rewritten, thus remarking the efficiency for the overall envisioned approach: please observe
that we cannot achieve a better time complexity that a linear scan without additional
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heuristics, as we still have to perform the visit over each GSM database by also performing
a linear scan of the database objects in reverse topological (layered) order. We can also
motivate these results by having graphs in which the branching factor is relatively small
compared to the overall number of available vertices, thus  « |O;| for each GSM database
gi.- We also observe that, for these smaller datasets, the resulting materialisation time is
almost negligible compared to the query time, which, across the board, dominates the
loading and indexing time.

By comparing such running times with the ones from Neo4j, we can easily observe
that, while we were able to process 300 GSM databases in 100 milliseconds, Neo4j could
rewrite just one single graph in double time. Given this, our approach has a throughput
of almost 600 times over Neo4j. This further remarks the impracticality of using the
competing solution for analysing more sentences in the future, e.g., while considering
sentences crawled from the web.

While it might initially seem that all phases (loading, querying, and materialisation)
exhibit linear time complexity, we will try to consider a larger set of data to better outline
the time complexity associated with our implementation.

Concerning the second scenario, we decided to sample the internet dataset in a subset
of sentences S, ...,S4, S where |S;| = 10%. S represents the entire dataset while ensuring
that each dataset of a lesser size is always contained in the larger dataset. Furthermore,
we ensure that the number of words, and therefore, of objects on each sampled database
reflects a similar frequency distribution of the number of objects per resulting GSM database
(Figure 10). By doing so, for our final scalability tests in which we consider more data,
we make up for the lack of long sentences with the number of sentences reflected in the
number of the GSM databases to be processed.

10! 102 1

0
g
| Illl . |||

Trace Length Trace Length Trace Length Trace Length Trace Length

104 11230

Frequency

Frequency
Frequency
Frequency

Figure 10. Sampled probability density function associated with the number of words
within the sentences for each subset of traces.

Figure 11 provides the benchmarks for these experiments: a non-linear but polynomial
loading time might be possibly related to the data parsing time and the time to store such
data in primary memory, while the remaining running times keep a linear time complexity
concerning the increase in the number of the GSM databases to be rewritten, similarly to
the previous experiments. Querying time always dominates in indexing time by at least
one order of magnitude, thus showing that most of the significant computations occur
while matching and rewriting. Materialisation times are on the same order of magnitude
as indexing time, thus also showing that this cost does not exceed the actual querying
phase. Overall, the efficiency of our system is also reflected by a linear querying time for
the datasets being considered.
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Figure 11. Running time of each algorithm with different sentence samples.

10. Conclusions and Future Works

This paper offers the definition of a matching and rewriting mechanism similar to
the one provided by graph grammar implemented over object-oriented databases. As our
definition supports both data matches and complex data update operations over the objects
of interest, whose features were not considered in previous graph grammar formulations,
we name our proposed language Generalised Graph Grammars. Our theoretical results
prove the impossibility of expressing the same query with the same degree of generality of
Cypher, which requires specifying a different query for any potential graph to be queried,
thus posing a major limitation to automating rewriting operations over graphs. Empirical
results prove that our query language offers an implementation faster than the ad-hoc
query formalised in Cypher and run over Neo4j v5.20, in terms of both running time
and throughput expressed in the number of queries runnable per comparable amount of
time. These results aim to observe the inadequacy of graph-centric implementations of data
representations since a large amount of literature now agrees in stating that more traditional
and relational representations often offer better performances with respect to queries both
natively supported by graph languages [59] and in representing new operations on graphs
that require their rewriting [6,7].

At this stage, we considered nested morphisms of at most depth of 1, thus requiring
that each cell of a morphism table should contain at most one non-nested table. Future
works will investigate whether there might be any benefit for further generalising this
nesting to arbitrary depth, thus requiring further extending the definition of the Nested
Natural Equi-Join operator to arbitrary depths.

Notwithstanding the possibility of the current model expressing uncertainty within
the data, the rewriting operations always assume to deal with perfect information, thus
generating objects or containments containing no uncertainty. Future works will address
this gap by further extending the SOS semantics of these rewriting steps while consid-
ering provenance information [44], thus relieving the user from explicitly defining the
uncertainty of the generated data by adding further declarativeness to the query language
here proposed.

Although Lemma 10 showed that the proposed graph query language is also able
to remove the unmatched objects and contents, our current algorithm is not tailored for
effectively matching this case, as the removing pattern will be forced to return all the objects
and containments for then removing them. Future works will extend this by optimising
testing conditions for our general language while matching the objects and containments.
As a direct consequence of this, our returned morphisms are not pruned after testing the ®
condition, which is just evaluated in the rewriting phase due to the fact that any updates
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to the GSM views will also alter the outcome of ®. Future works will use static analysis
approaches to determine when ©® can be effectively used for pruning morphisms before
being returned in the matching phase, and condition rewriting strategies to push condition
evaluations towards the generation of the morphism as discussed in Sections 6.3 and 6.4.

Although the current language supports the update of objects and containments
within GSM objects, the provided query semantics do not consider the possibility that such
updates can be still matched by the query, thus triggering additional rewriting operations.
Future works will also consider further generalising the database matching and rewriting
approach by considering the fix-point over the loaded database until convergence is met,
thus meeting the former desiderata. We will also consider extending our containments
with property-values associations similarly to the property graph model, and considering
updating the objects” and containments’ costs while performing the rewriting operations.

Last, preliminary experiments [34] conducted on a physical model being the direct
mapping of the logical model in memory provide promising results showcasing the pos-
sibility of expressing not only JSON files but also representing indexing data structures
in GSM that eventually lead to scalable query processing for JSON data. Future works
will also compare the efficiency of DatagramDB if compared to other databases supporting
object-oriented representations such as MongoDB or MySQL [60].
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Appendix A. Full Definitions
Appendix A.1. Variable Resolution

Before discussing value or boolean expression evaluation, we need to consider their
base case first, which is the evaluation of variables occurring in such expressions. We,
therefore, discuss these first before introducing the other steps. We consider variables
referring to both objects and containments while supporting the update operations only for
the latter. We, therefore, resolve the variables while returning the IDs for either matched
objects or containments.

We, furthermore, want to achieve declarativeness while considering variables: if
associated with NULL values as a result of a missed optimal match, we want to return empty
values, while if we set values to them, we want to create implicitly new vertices. We need
to then provide a new parameter to explicitly consider the creation of new objects when
the expression context allows us to do so over unreferenced and unmatched variables.
Furthermore, the single variable might be associated with multiple objects if referring to a
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morphism attribute within a nested relationship. Since the resolution of variables within
our language may require to access previously replaced or substituted values such as from
A(g), we also have to refer to A(g) and g to carry out the variable resolution.

Since these operations can also involve updating the environment, we express these
operations via SOS rather than using algebraic notation. Figure Al shows the SOS for the
sole variable resolution, returning a tuple containing (in order of appearance) the resolved
variables, the possibly updated view due to object insertion, and the potentially nested
attribute containing a nested table expressing the variable as an attribute.

If the variable belongs to the morphism’s schema and is associated with a non NULL
value within the morphism while being associated with a basic type, we return the value
stored in it (EXRES). If the variable refers to a nested attribute, we resolve the variable
(IDXr(x), Equation (11)) and return all the associated values via | pJ;(g) (Definition 6,

EXRESNEST). If the variable was declared within the rewriting pattern alongside the cre-
ation of a new object, we return the ID associated with the newly created object (NEWRES).
If the variable is neither newly declared nor in the morphism’s schema, we return no result,
as there os no binding and the query language is not expected to return a value (NORES).
Last, if we require the object to be created (new=true) as we set values associated with an
object and the morphism did not return an object ID associated with x due to an optional
match, we then create a new object in the GSM view 0 associated with a fresh value, while
returning the updated view (FORCERES). This behaviour is completely disabled and no
view is updated if the original expression does not force the creation of a new object due to

an expression evaluation (NOFRES). In all the other circumstances, we resolve no reference
IDs (NOFCRES).

x € dom(T) SM)(x)eB
(x, A(g), new) —¢ (L pa(g) (T'(x)), Alg), —1)

EXRES

x € dom(T) SM(x) ¢ B

A (g), newy —q (11 page), IDXe(x)), A(g), IDNEST ) (x) )

EXRESNEST

x € dom(I'") x ¢ dom(I'") x ¢ dom(S(T))

NEWRES NORES

(x, A(8),new) —o (T"(x), A(g), 1) (x,A(8), new) —o (T, A(8)), ~1

x¢dom(l) xeST) ST)(x)=ni ¢ := NEWOBJ 5 () (%) 0 := maxg’.0

(x,A(g), true) —, (5,8',—1) FORCERES

x¢dom(T) xeST) ST)(x)eB
(x,A(8), false) — (D, Ag), —1)

NOFRES

x¢dom(I) xesST) ST)(x)=c

i
(x,A(g), true) —o (F,A(g), —1) NOFCRES

Figure A1. Variable resolution with potential view updates ().

Appendix A.2. Predicate Evaluation (®)

We now discuss boolean predicate evaluation: given that the variables might refer to
nested attributes referring to multiple objects or containment, for which we are interested
in comparing the labels, values, or properties associated with them, we might be interested
in returning not only one single boolean value but one single boolean value per comparison
outcome. Given this, we need a notion of sets explicitly remarking that some elements
were not inserted. A maximum cardinality set is a pair of a set S and a natural number n
denoted as S, n{ such that |S| < n. This type of set can be used to efficiently represent how
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many elements satisfy a given condition if the number of elements is previously known.
So, if |S| < n, we know that not all the 1 elements of interest satisfy a given condition. We
also constrain such sets to contain at most n items. We can easily override traditional set
operations over such sets as follows

1S,n7n1S,m§=1SnS max(n,m)|
1S,nfuls, mf=1SuS  max(n,m)§
1S,n§\ 15", mf =15\S’,max(n,m)S

We say a maximum cardinality set {S, n{ is full if the cardinality of S is equal to n:
FULL(]S,nf) < |S| = n An # 0. We say that such maximum cardinality set is empty if
Sis empty: |S,n] ~ J < S = (J. The cardinality of the maximum cardinality set is the
cardinality of its constituent set: |]S, nf| = |S|.

Figure A2 provides the definition providing the considered semantics. For this, we
require that two original variables refer to the same cardinality of values, or that at least
one of them is associated with one single value (TESTCOMP). For this, we can then return
a maximal cardinality set |S, M| where S indicates the resulting tuple indices associated
with a true value, and M refers to the maximum size of the morphisms.

[TEST d('zipt]]llyfg]:A(g) _ {%;E\LSE EZEI(QdCZiPt)hOIdSI S = Usrese(ry Idxr(x)
(TestScript)
[[arglﬁargz]]%gA(g) = lett] :=n(argy, A(g), T, MT)and tp := y(argy, A(g), I, MT) in
UHie u(=,¢(t, t))]i = true}, |]S |t1] = |2

Wiepu(x— t1(0) < x,t)|i = true}, |£2|f |t1] =1
Wieu(x — x <£(0),t)]i =true}, [t1|] |t2] =1

(TestComp)

ot o {11810 IOy ] > 0. 8 = Uneseqr) 1dxr(x)

Tans 1@, M§  oth.
(TestFill)
[X matched L. Y]]FgA = IDXr(X) N U IDXp (Y) (TestMatch)
I'eM[L,g]
[X unmatched L.Y]]ljff[gT,A(g) := IDXr(X)\ U IDXp (Y) (TestUmatch)
I'eM[Lg]

[[®1A®2]]§?;A(g) = [@, M A " [©,MT e Ag (TestConj)
[©1v @2ty a(q) = [@1]ITg agq) v [[@ﬂ]rgA (TestDisj)

Figure A2. Predicate Evaluation semantics [@]M rg, A (@)

Furthermore, we might also be interested in determining whether objects being
matched in the current morphism also appear (TESTMATCH) or not (TESTUMATCH) in an-
other morphism L associated with a variable y. Given that we are interested in the objects ac-
tually being matched and not in later changes provided by subsequent transformations, we
can simply refer to IDXr (X) listing the reference IDs associated with an attribute X in I'. This
can be easily represented as a maximum cardinality set {{x € Idxr(X)|x # NULL}, [Idxr(X)|f
by stripping the NULL values, while returning the intersection (TESTMATCH) or the differ-
ence (TESTUMATCH) for those IDs.
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As the tests in the second last paragraph will return no sets whose indices are released
to neither object nor containment ID while the former will return such indices, we need an
intermediate predicate where these two set-boolean results are computed, to return for the
former a full maximum cardinality set containing all the ID references from the morphism I
if the underlying expression will not return an empty maximum cardinality set (TESTFILL).

We associate a similar behaviour to the typecasting of a script evaluation to a boolean
value, for which we return an empty set if this is false and tall the occurring references
within the morphism otherwise (TESTSCRIPT).

Last, we interpret the conjunction and the disjunction of such multivalued boolean
semantics as the intersection (TESTCON]J) or the union (TESTDIS]) at the set of reference ID
satisfying the base case candidates.

Appendix A.3. Expression Evaluation (expr)

Last, we are interested in evaluating expressions exploiting the variables withheld by
each morphism. Please also observe that these expressions will have different operational
semantics if compared to the ones associated with assignments, as the former will only
retrieve values associated with the expressions, and the latter describe how to update
the view with the newly assigned value. For this, these expressions will only return the
final value associated with them. As the morphisms might be also nested, their final
representation will be a one-column table with an arbitrary attribute, for which time is one
of the basic types.

Figure A3 shows the SOS associated with the expression evaluation. From this, we
provide 7 as a shorthand for the above relationship:

7(x,6,I,NT) := Ts.t. {x,6, false,I', MT) —¢ (T, I)

In other words, 1 computes the first projection of —f, being the evaluation of an
expression x.

(x,A(g), false) —, (T, A(g), I)
x”,A(g), true, I, MT) —p (T, I)

ARE

“x”,M(g), false, I, MT) — {x, —1) STRE

TIDEr(x) = ci “x”,A(g), true, I, MT) - (V,I)
(“label x”,A(g), f, T, MT) —g {u(ly;, V), I)

LABELE

TIDXr(x) = ni idxe N x”,A(g), true, I, MT) —g (V,I)
(¢ idk@ 27, A(Q), £,T, MT) —5 (i1 ph g, V), D

X1E

TIDXr(x) = ni idxe N “x”,A(g), true, I, MT) - (V,I)
("0 idx@ x”, A(g), f, T, MT) —f (l Ay v),1>

ELLE

x”,M(g), true, T, MT) —»p (V,I) {(“str”,A(g),false, I, MT) —g (P, ])
Pl = V]

g str,x, A(g), £,T,MT) —¢ (u(1 o} o, E(PV)), 1)

CONTZIPE

Figure A3. Cont.
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x”,M(g), true, I, MT) —p (V,I) (“str”,A(g), false, I, MT) - (P, ])
[Pl =1 [Pl < VI

9 str,x, A(3), £, T, MT) —5 (u(y =1 ph ) (0, PO, V), )

CONTE

Oy =1Sn5  ISI=n ¥ AQ),f,T,MT) - (RI)

(“if @over x then yelse z”,A(g),true,I', MT) —¢ (R, I)

ALLTRUEE

MOy =12, M]  (zAQ), f,T,MT) —¢ (R I)

(“if @over x then yelse z7, A(g), true,I', MT) - (R, )

ALLFALSEE

[[@]]%’,ng =1T,nS (x,A(g), f,T, MT) - (X, I)

Qy,0(g),f,T,MT) - (L, ) {z,M(3),f,T,MT) - (R,K)

(“if @over x then yelse z”,A(g), true, I, MT) —f
(uli > ifte(X(i) € T, L(i), R(1)), {(dom(X), L,R)), I)

Z1PE

Figure A3. Expression evaluation (E) with no view update, where iffe(x, y, z) is an expres-
sion returning y if x holds and z otherwise.

For the evaluation of the attribute associated with a containment ID (LABELE), we
directly apply A to all the non-NULL matches, as containment IDs are never updated in this
version of the language. For extracting values (XIE) or labels (ELLE) associated with the
object x at the numerical index idx not associated with an evaluated expression, we resort
instead to the Property Resolution function also encompassing the changes in the GSM
view (Definition 6). The interpretation of ¢(x, str) considers both x and str as expressions,
where only the former is forced to be interpreted as a variable if is a string: if x and str are
associated with a tuple of values V and P of the same cardinality, we then return ¢(y, z)
for (y,z) € ¢(V, P) (CONTZIPE), and if otherwise |P| = 1 we return ¢(y, P(0)) fory € V
(ContkE).

Last, for conditional expressions, we first evaluate a condition ® which, as per the
forthcoming discussion, will return a set of object or containment IDs for which the entire
expression holds. If such a set is full, we return the evaluation of the expression associated
with the “then” branch (ALLTRUEE), if it is empty, we return the evaluation of the ex-
pression associated with the “else” branch (ALLFALSEE), and otherwise, we first interpret
©® over the IDs referenced by a variable x, and then return the i-th value from the left
expression if the MES associated with ® contains the i-th object reference after x, and the
i-th value from the else branch otherwise.

If we need to evaluate the string as a variable as it appears as the leftmost argument
of a label, ¢, ¢, or ¢, then we use variable resolution p (Appendix A.1 on page 42) to
evaluate the values associated with the variable (VARE), and we consider this as a simple
string otherwise (STRE). Please observe that this invented value is then associated with an
unexisting nested morphism —1.

Appendix A.4. Full SOS Rewriting Specifications

This section describes through Figures A4 and A5 the remaining set-update operations
that were not reported in Figure 8 for conciseness. These refer to § updates (Figure A4),
similar to the ones for ¢, and ¢ (Figure A5), similar to the ones for 7.
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(x,A(g), true) —, (Var,A(g')) {y,A(g'), false, T, MT ) — Val
|Var| = |Val| idxe N
07, F((x, (G, u)) — UPDATEC(<i idx),u),A(¢"),C(var,val)), MT) —, R
(“set Cidx@xasy; ", T, p, A(g), MT) -, R Xizie
(x,A(g), true) —, (Var,A(g)))) {y,A(g’), false,I, MT) — Val
|val| # |Var| idxe N
(¢, F((x,i) — UPDATES((i, idx),A(val))),A(g'),var), MT) —, R
- XIVALFLAT
(“set {idx@xasy; ", T, p, A(g), MT) -, R

Figure A4. Remaining setting functions for ¢-s being the extension of Figure 8.

(z,A(g),true) —, (Var,A(¢'), Ir)  {t,A(g’), false,I, MT) — (Name, Iy )

{y,N(g'), false, T, MT) — (Val,I)

7, T, p,| F((x,{a,b,c)) — UPDATEf((a, b),c),A(g), {(Var,Name,Val)), MT) —, R
(“set (¢t,z)asy; 7, T, p, Alg), MT) -, R

PHI3ZIP

(z,A(g),true) —, (Var,A(g'), Ir)  {t,A(g’),false,I', MT) — (Name, In)
(y, A(g'), false, T, MT) —g (Val, I )
¢, T, p, | F((x,<b,a,c)) — UPDATE‘f(<a, b),c),A(g), Name x {(Var,Val)),MT) —, R
(“set (¢t,z)asy, v”, T, p, Ag), MT) -, R

PHI2Z1P

(z,A(g),truey —, (Var,A(g'), Ir)  {t,A(g’), false,I', MT) — (Name, In)
(y,A(g") false, I, MT) — (Val,Ip) |Ix =Iy=—1vIg=Iy Al = 1]
¢, T, p,(F((x,(a,b5) — UPDATE? ({a, b, A(Val)), A(g), {(Name, Var))MT) —, R
(“set (pt,z)asy; ", T, p, Ag), MT) >, R

PHI2'ZIP

(z,A(g), true) —, (Var,A(g'), Ir)  {t,A(g’), false,I, MT) — (Name, Iy )
{y,A(g'), false, T, MT) —f (Val, I ) =-1 ‘
e, T, p, | F((x,<b, c)) — UPDATEZ((Var( 0),b),c),A(g), {(Name,Val)),MT) —, R
(“set (pt,z)asy; 7, T, p, Ag), MT) -, R

PHI2” Z1P

(z,A(g), true) —, (Var,A(g), Ir)  {t,A(g’), false,I, MT) — (Name, Iy )
(y,A(g'), false, T, MT> —g (val, I) - 1|
¢, T, p, UPDATE (<Var( ), A(Name)), A(val)), MT) —, R
<“set ((pt,z) asy; ", I, p, A(g), MT) -, R
(z,A(g),true) —, (Var,A(g'), Ir)  {t,A(g’), false,I, MT) — (Name, I )
(y,A(g), false, T, MT) —p (Val, I ) (I =Iy#—1nlg=—1]
¢, T, p, F((x,y) — UPDATEf((Var(O),y>,A(Va1)),A(g),Name),MT> —y R
(“set (pt,z)asy; 7, T, p, Alg), MT) -, R

PHIALLFLAT

PHIVAREXT

<Z,A( ), true) —, (Var,A(g'), Ig)  (t,A(g’), false, T, MT) — (Name, In)
{y,A(g"), false,T, MT) —p (Val, I;) In=—-1vIy=-1]
¢, T, p, | 1F((x, (a, b)) — UPDATE?((a, by, A(val)), A(g), Id x Name) /MT) —, R
(“set (pt,z)asy; 7, T, p, Alg), MT) -, R

PHIEXTOTH

Figure A5. Remaining setting functions for ¢-s being the extension of Figure 8.
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Appendix A.5. Converting GSM from Any Data Representation

Listing A1. Python code showing the conversion of an arbitrary Python object represen-
tation of some data to a GSM representation. In particular, we showcase the conversion
of (possibly nested) Pandas dataframes, XML data, NetworkX graphs, and XML trees.
As we also showcase the representation of arbitrary Python objects, thus including linear
collections and dictionaries, we also support JSON conversion.

import xml

from collections import defaultdict
from collections.abc import Iterable
import xml. etree . ElementTree as ET

import gsm_stream_serialize

import networkx

from pandas import DataFrame

class MyCallable:

@abstractmethod
def call(self, =args, =+kwargs)->object:
pass

# Notes: gsm_stream_serialize.gsm_object_xi_content refers to the creation of a containment relationship
# gsm_stream_serialize . gsm_object refers to the creation of a GSM object

def fullname(o0):
klass = o.__class__
module = klass.__module__
if module == 'builtins":
return klass.__qualname__ # avoid outputs like “builtins.str’
return module + .’ + klass.__qualname__

primitives = (bool, str, int, float, type(None))
def is_primitive (obj):
return type(obj) in primitives
import itertools
_cont = itertools.count()

de

next_id () :
return next(_cont)

de

skipFor (i) :
for x in range(i):
next(_cont)

class GSMSimpleSerializer:
def gsm_conversion(self, obj, id=None, ff="record"”, scoring=None, acc=None, label="label"):
if is_primitive (obj):
return self.basic_object(obj, id, scoring, acc)
elif isinstance(obj, ET.Element):
return self.xml_to_gsm(obj, id, scoring, acc)
elif isinstance(obj, networkx.classes.multidigraph.MultiDiGraph) or \
isinstance (obj, networkx.classes.digraph.DiGraph) or \
isinstance (obj, networkx.classes.graph.Graph) or \
isinstance (obj, networkx.classes.multidigraph.MultiGraph):
return self.graph_to_gsm( obj, id, scoring, acc, label)
elif isinstance(obj, DataFrame):
return self.list_to_gsm (obj.to_dict('records’), id, ff, scoring, acc)
elif isinstance(obj, dict):
return self.dict_to_gsm(obj, id, ff, scoring, acc)
elif isinstance(obj, list) or isinstance(obj, tuple):
return self.list_to_gsm(obj, id, ff)
else:
if obj is not None and hasattr(obj, ’__dict__"):
return self.dict_to_gsm(vars(obj), id, fullname(obj), scoring, acc)
else:
return self.object_to_gsm(obj, id, scoring, acc)

def graph_to_gsm(self, G, id=None, scoring=None, acc=None, label="label"):
if isinstance (G, networkx.classes.digraph.DiGraph) or \
isinstance (G, networkx.classes.graph.Graph) or \
isinstance (G, networkx.classes.multidigraph.MultiGraph):
G = networkx.MultiDiGraph (G)
if acc is None:
acc = []
if id is None:
id = next_id ()
if G is not None:
ell = [fullname(G)]
else:
ell =[]
xi = []
if scoring is not None:
scores = scoring(G)
else:
scores = [1.0]
content = defaultdict(list)
pi = defaultdict(list)
mapp = dict()
if G is not None:
for node_id, node_data in G.nodes(data=True):
xid = self.dict_to_gsm(node_data, None, str(node_id), scoring, acc).id
mapp[node_id] = xid
if scoring is not None:
xscore = scoring(node_data)
else:
xscore = [1.0]
orig_id = id
containment = gsm_stream_serialize.gsm_object_xi_content(xid, xscore, orig_id, dict())
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content["nodes" |.append (containment)
for source, target, pi in G.edges(data=True):
edge_id = next_id ()
if label is not None and label in pi:
edge_ell = [pi[label]]

else:
edge_ell = ["__label"]
edge xi = []
edge_content = {"src": [gsm_stream_serialize.gsm_object_xi_content(mapp[source], [1.0], edge_id, dict())],
"dst": [gsm_stream_serialize.gsm_object_xi_content(mapp[target], [1.0], edge_id, dict())]}

if scoring is not None:
xscore = scoring(pi)
else:
xscore = [1.0]
obj = gsm_stream_serialize.gsm_object(edge_id, edge_ell, edge_xi, xscore, edge_content, pi)
acc.append (obj)
containment = gsm_stream_serialize.gsm_object_xi_content(edge_id, xscore, id, dict())
content["edge"].append (containment)
obj = self.finalizeGeneration (acc, content, ell, id, pi, scores, xi)
return obj

xml_to_gsm(self , root, id=None, scoring=None, acc=None):
assert isinstance(root, ET.Element)
if acc is None:
acc = []
if id is None:
id = next_id ()
if root is None:
ell =[]
else:
ell = [root.tag]
if scoring is not None:
scores = scoring(root)
else:
scores = [1.0]
if root.text is not None:
xi = [root.text.strip ()]
else:
xi =[]
pi = root.attrib
content = defaultdict(list)
for child in root:
self .extractContent(acc, content, child.tag, id, scoring, child)
obj = gsm_stream_serialize.gsm_object(id, ell, xi, scores, dict(content), pi)
acc.append (obj)
return obj

dict_to_gsm(self, d, id=None, fullname="record", scoring=None, acc=None):
if acc is None:

acc = []
if id is None:

id = next_id ()
ell = [fullname]
xi =[]
if scoring is not None:

scores = scoring(d)
else:

scores = [1.0]
content = defaultdict(list)
pi = defaultdict(list)
if d is not None:

assert isinstance(d, dict)

for k, v in d.items():

self.extractField_global (acc, content, k, v, id, pi, scoring)

obj = self.finalizeGeneration (acc, content, ell, id, pi, scores, xi)
return obj

list_to_gsm(self , ls, id=None, fullname="list", scoring=None, acc=None, fieldname="arg"):
if acc is None:
acc = []
if id is None:
id = next_id ()
ell = [fullname]
xi =[]
if scoring is not None:
scores = scoring(ls)
else:
scores = [1.0]
content = defaultdict(list)
pi = defaultdict(list)
if 1s is not None:
alllnXi = all(map(lambda x: (x is not None) and (isinstance(x, str) or
isinstance (x, float) or
isinstance(x, int) or
isinstance (x, bool)), 1s))

if alllnXi:
for fromField in Is:
if fromField is not None:
xi.append (fromField)
else:
for fromField in Is:
if fromField is not None:
self.extractContent(acc, content, fieldname, id, scoring, fromField)
obj = self.finalizeGeneration(acc, content, ell, id, pi, scores, xi)
return obj

finalizeGeneration (self , acc, content, ell, id, pi, scores, xi):

p2 = dict()
for k, v in pi.items():
if len(v) == 1:
p2[k] = v[0]

elif len(v) > 1:
p2[k] = "[" + ", ".join (map(str, v)) + "]"
obj = gsm_stream_serialize.gsm_object(id, ell, xi, scores, dict(content), p2)
acc.append (obj)
return obj



Mathematics 2024, 12, 2677

50 of 62

204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241

243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269
270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311

def basic_object(self, obj, id=None, scoring=None, acc=None):
if acc is None:
acc = []
if id is None:
id = next_id ()
if obj is None:
ell = [fullname (obj)]
else:
ell =[]
xi = [str(obj)]
if scoring is not None:
scores = scoring(obj)
else:
scores = [1.0]
obj = self.finalizeGeneration (acc, defaultdict(list), ell, id, defaultdict(list), scores, xi)
return obj

def object_to_gsm(self, obj, id=None, scoring=None, acc=None):
if obj is not None and hasattr(obj, '__dict__"):
return self.dict_to_gsm(vars(obj), id, fullname(obj), scoring, acc)
if acc is None:
acc = []
if id is None:
id = next_id ()
if obj is None:
ell = [fullname (obj)]
else:
ell =[]
xi =[]
if scoring is not None:
scores = scoring(obj)
else:
scores = [1.0]
content = defaultdict(list)
pi = defaultdict(list)
if obj is not None:
fields = [f for f in dir(obj) if not callable(getattr(obj, f)) and not f.startswith(’'__")]
for field in fields:
fieldName = field
fromField = getattr(obj, fieldName)
self.extractField_global (acc, content, fieldName, fromField, id, pi, scoring)
obj = self.finalizeGeneration(acc, content, ell, id, pi, scores, xi)
return obj
def extractField_global(self, acc, content, fieldName, fromField, id, pi, scoring):
if fromField is not None:
if isinstance (fromField, str) or isinstance (fromField, float) or isinstance(fromField, int) or isinstance(
fromField , bool):
pi[fieldName ].append (fromField)
elif isinstance (fromField, Iterable):
for x in fromField:
self.extractBasicField (acc, content, fieldName, id, pi, scoring, x)
else:
self.extractBasicField (acc, content, fieldName, id, pi, scoring, fromField)
def extractBasicField (self, acc, content, fieldName, id, pi, scoring, x):
if x is not None:
if isinstance(x, str) or isinstance(x, float) or isinstance(x, int) or isinstance(x, bool):
pilx1.append (x)
else:
self.extractContent(acc, content, fieldName, id, scoring, x)
def extractContent(self, acc, content, fieldName, id, scoring, x):

xid = self.gsm_conversion(x, None, ff="record", scoring=scoring, acc=acc).id
# xid = self.object_to_gsm(x, None, scoring, acc).id
if scoring is not None:
xscore = scoring(x)
else:
xscore = [1.0]
orig_id = id
containment = gsm_stream_serialize.gsm_object_xi_content(xid, xscore, orig_id, dict())
content|[fieldName ].append (containment)

class GSMSerializer (MyCallable):

if

def __init__(self, type, ff="record", scoring=None, label="label"):
super (GSMSerializer , self).__init__()
self .type = type
self . ff = ff
self.scoring = scoring
self . label = label
self .parent = GSMSimpleSerializer ()

def skipFor(self, i):
self.parent.skipFor (i)

def call(self, obj, id=None) —> object:
assert isinstance (obj, self.type)
acc = []
res = self.parent.gsm_conversion(obj, id, self.ff, self.scoring, acc, self.label)
return acc, res

__name__ == "__main__"

class Node:
def __init__(self, data):
self.left = None
self.right = None
self.data = data

de

PrintTree (self):
print(self.data)
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7i(j, k) = v < {;(j)[0],v,r) € AttributeTable A 3p, x.ActivityTable[r] = {¢;(j)[0],1,, p, x>
< {;i(j)[0],v,r) € AttributeTable A ActivityTable[r](2) = j A je O;
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root = Node(10)

root.right = Node(120)
root.left = Node(5)
root.left.left = Node(1)
root.left.right = Node(7)
root.right.right = Node(130)

ser = GSMSerializer ()
acc = []
# ser.object_to_gsm(root, acc=acc)
p = """<?xml version="1.0"?>
<data>
<country name="Liechtenstein">
<rank>1</rank>
<year>2008</year>
<gdppc>141100</ gdppe>

<neighbor nan

<neighbor name="Switzerland" direction="W'/>

</country>
<country name="Singapore">
<rank>4</rank>

<gdppc>59900</g

<neighbor name="Malaysia" direction="N"/>

</country>

<country name="Panama">
<rank>68</rank>
<year>2011</year>
<gdppc>13600</g

<neighbor nan

</country>
</data>"""
root = ET.fromstring(p)
# ser.gsm_conversion(root, acc=acc)
# Create a Graph object
import networkx as nx
G = nx.MultiDiGraph ()

# Add the nodes to the graph, with properties

G.add_node("Max", age=20, gender="male")

G.add_node("Alice", age=22, gender="female")

G.add_node("Bob", age=21, gender="male")

# Add the edges to the graph

G.add_edge("Max", "Alice", label="knows")
G.add_edge("Alice Max", label="knows")
G.add_edge("Alice", "Bob", label="knows")

ser.graph_to_gsm(G, acc=acc)
print(acc)

Appendix B. Proofs

Appendix B.1. Transformation Isomorphism
Proof (for Lemma 1). Proving this reduces to prove that {(g;);,, =

Austria” direction="E"/>

"Costa Rica" direction="W'/>
<neighbor name="Colombia" direction="E"/>

SERIALISATION(LOADING({g;);<,)) and db = LOADING(SERIALISATION(db)). We can
prove this by extending the definition of the transformations being given in Algorithm 2.

(§i)i<n = SERIALISATION(LOADING({g;);<,)): We can consider one GSM database §;
being returned at a time, for which we consider its constituents (O;, ?;, &, &, 7, §;, Figp)-
To do this, we want to show that such a returned database is equivalent to the
originally loaded g;. To conduct this, we need to show that each of the constituents

is equivalent.

We can prove that O; = O; as follows:

jeO; <3, p,x.{,i,jp x) € ActivityTable < j € O;

We can prove that 0;=1;, &=, and &;=¢; as follows:
L) = LiG) = 4G) &G) = Xi(h) = &)

We can also prove that the properties are preserved:

s n(,x)=vrje0;
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{d,1,j,p, x) € ActivityTable < g, edb A

db

For ¢;(j, k), we can easily show that this is associated with no value only if there are
no records referring to a containment for j in the loaded database, which we can easily
show that this derives from an originally empty contained from the loaded database
gi. On the other hand, this function returns a set S of identifiers only if there exists at
least one containment record in PhiTable*, for which we can derive the following;:

$i(j,x) =S < S={1|3,w,d.{,ijw,d,1)e PhiTable" }
< S={t[tedi(jx)}
= 5= ¢i(j,x)
Given that ¢;(j, x) and S = ¢;(j, k), this sub-goal is closed by transitivity closure over
the equality predicate.

We can prove similarly the equivalence #; ;=t; 4 as a corollary of the previous sub-cases:

Fip(t) = d,w) < 31,j.,i,j,w,d,i) € PhiTable®
< L€ Pi(j, k) Atip(t) = {d,w)
< 1e i, k) Atigp(t) = {d,w)
& tip(t) = d,w)

= LOADING(SERIALISATION(db)): In this case, we need to show that each table in db

is equivalent to those in db. We can prove similarly to the previous step that L=1L,
X =X,and C = C.

Next, we need to prove that the ActivityTables being returned are equivalent. We
can achieve this by guaranteeing that both tables should contain the same records.
After remembering that the values of p and x are determined through the indexing
phase, from which we determine the offset where the objects with immediately
preceding and following IDs are stored, we can then guarantee that these values will
be always the same under the condition that the two tables will always contain the
same records, for which these values will be the same. After remembering from the
previous proof that I;(j) €) = L;(j) € db, for [; € SERIALISATION(db) and L € db, we
can also have that [;(j)(0) = L;(j)(0):

L(H0]=1Ajel;

L(j)[0] = l AP, X L0, 0, XY € ActivityTable
Li(j)[0] =

<3, x .<l, ijp,x > € Activity Table

Given that the first three components of the record always correspond, this entails
that we will preserve the number of records across the board, hence preserving the
same record ordering, thus also guaranteeing that x = x’ and x = x’.

By adopting the equivalence of the previous and next offset for the AttributeTable from
the previous sub-proof, we can then also prove that each record of the AttributeTable
always corresponds to an equivalent one in the AttributeTable.

(l,v,7) € AttributeTable” < ActivityTable(r) = {I,i,j,p, x) A 7i(j, k) = ©

3,7 .{I',v,7") € AttributeTable® A ActivityTable[r'] = (!, i,j, p, x)

Given that we can prove that [ = [ also by the previous sub-case and 7 = r as
the records’ index will always correspond after sorting and indexing, we can close
this sub-goal.
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Last, we need to prove that the PhiTable" tables are equivalent, which can be closed
as follows:

i j,w,d, e PhiTable' < Li()(0) =1 Ate ¢i(j,x) A til¢(1) ={d,w)

< {1,i,j,w,d, 1) € PhiTable®
0

Appendix B.2. Nested Equi-Join Properties

Proof (for Lemma 2). If L # (5 with L= (A1,Ay,..., Ay, then we can rewrite the defini-
tion of L'« as follows:

t Loas — { g\, ® (F(Ar) 42 Ansas) ] fet }

If Ay ¢ dom(f), then f(A;) = & by assuming to represent a NULL value as an empty table
by default. While doing so and by f| S\{A;} = f by former assumption, the former result can

be rewritten as:
:{t\s\{Al} ‘ tet} —t
O

Proof (for Lemma 3). Given the hypothesis and with reference to Algorithm 3, we have
IR = &, which then yields L x R (Line 4). [

Proof (for Lemma 4). Given the hypothesis and with reference to Algorithm 3, this satisfies
the condition at Line 5, for which we can then immediately close our goal. [

Proof (for Lemma 5). As dom(S) ndom(U) = {N}, this violates the condition for the
rewriting Lemma 3, which is not then rewritten accordingly. Furthermore, the condition
dom(S(N)) ndom(U) # & violates the condition for the rewriting Lemma 4, which is then
not applied. Given IR as defined in Line 3 of Algorithm 3, we show that this algorithm
computes the following;:

(fir@ (AN) @3lux) | Fe L€ RF=1xs)

This equates to equi-joining the tables over the IR records where N ¢ IR by con-
struction, and by nesting all the records from the right table sharing the same IR values
with the records from the left table. Last, we can easily observe that this cannot be easily
expressed in terms of L (N?R, as the rewriting of the former expression in the following
way, for which it is evident that the former operator did not consider the recursive natural
joining of the records by considering the commonly-shared attributes during its descent:

LR = {Hs\ vy SE(N) Ows) | Fe t)
=@ (F(N)®3) | Fet,5eR)

This can be easily observed by the lack of =g component that captures the essence of
such a natural join condition. O

Appendix B.3. Language Properties

Proof (for Lemma 6). As by the conditions stated in the current Lemma we either generate
an empty morphism table MT7, | (no rules, no rewritings, no matches) or all the generated
morphisms are ignored as all the © values are falsified (Line 8 from Algorithm 8), then
we will always have an empty view A(g;) for all the GSM databases g; loaded in the
physical model. Considering this, the proof is an application of Equation (10), by which
the materialisation of a GSM database g; with a view A(g;) containing no changes simply
returns g;. As g; is stored in a physical model, this result is also validated via Lemma 1. O
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Proof (for Property 1). This condition is generated by Line 4 from Algorithm 8, as we use
the reverse topological order index Ortopo(g;) associated with each GSM DB g; to visit the
entry-point objects or, when nested, their containing object associated with the reported
morphism in MT[L;, G;]. O

Proof (for Lemma 7). As per previous discussions, the proof for this lemma will be given
intuitively by analysing the Cypher representation of the graph grammar represented
visually in Figure 2 and previously represented by our proposed Generalised Graph Gram-
mar language in Listing 1. We then provide the query required for rewriting the sentence
expressed in Figure 6a:

The current Neo4j v5.20 implementation does not support the theorised graph incre-
mental views for Cypher [32]. As we require to update the graph while querying, it is not
possible to entirely create a new graph without restructuring or expanding a previously
loaded one as per graph joins [7] or nesting [6] by simply returning some newly-created
relationships or vertices; returning a new graph and rewriting a previous match will come
at the cost of either restructuring the previously loaded graph, thus requiring additional
overhead costs for re-indexing and updating the database while querying, or by creating
a new distinct connected component within the loaded graph (CREATE statements from
Listing A2). As it is impossible to refer by the vertices and edges through their ID, thus
exploiting graph provenance techniques for mapping the newly created vertices to the ones
from the previously loaded graph [45], we are forced to join the loaded vertices (e.g., Lines
35-37,50-52, and 67) with the newly created ones (e.g., Lines 38, 53, and 68, respectively)
by their property values (e.g., Lines 39, 54, and 70, respectively). Our proposed approach
avoids such cost via the aforementioned objects” and containments’ ID-based morphism
representation while keeping track of the restructuring operations (property UPDATE, in-
sertion NEWOB]J, deletion DELOBJ and DELCONT, and substitution REPLOBJ) over a graph
¢ within an incremental view A(g) (Section 4.3).

Listing A2. Cypher representation for Figure 2 to rewrite the sentence from Figure 6a.

\\Create the grouped vertices

MATCH (a)-[:subj]->(b)-[:ccl->(c)

WHERE (b)<-[:conjl-() OR (b)-[:conjl->()

WITH a, Collect(b.name) as names, c

WHERE size(names) > 1 // To make sure it is only grouping
— vertices with multiple names

OPTIONAL MATCH (a)-[:negl->(d)

CREATE (x {name: apoc.text.join(names, ‘ ’), cc: c.name, dobjRel
< : a.name})

WITH a, ¢, d, x, names

CALL apoc.create.addLabels(x, names) YIELD node

CALL apoc.do.when(

d IS NOT NULL,

‘“SET x.neg = d.name’’,

)
’

{c:c, d:d, a:a, x:x3})
YIELD value as~neg

// Create the origins

WITH neg

MATCH (n) // Match only vertices with no relationships

WITH LABELS(n) as namelLabels, Collect(DISTINCT n) as nameNodes
WHERE size(namelLabels) > 0

FOREACH (nNode IN nameNodes |

FOREACH (nLabel IN namelabels |

CREATE (y {name: nLabel})<-[:origl-(nNode)))
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25

26 // Create dobj node

27 WITH =

28 MATCH (d)<-[:dobjl-(a)

29 WITH Collect(DISTINCT d.name) as objects, a~FOREACH (obj IN
< objects |

30 CREATE (y {name: obj, dobjRel: a.name}))

31

32 // Check for ’det’

33 WITH =

34 MATCH (n) WHERE NOT (n)-[I1->() AND NOT (n)<-[I1-0)
35 WITH n

36 MATCH (d)<-[:dobjl-(a)

37 MATCH (e)-L:origl->Q)

38 WHERE e.dobjRel = a.name AND d.name = n.name

39 OPTIONAL MATCH (d)-[:det]->(f)

40 CALL apoc.do.when(

41 f IS NOT NULL,

42 ’SET n.det = f.name’,

43 7

44 {n:n, f:f3})

45 YIELD value as~det

46

47 // Create relationships

48 WITH det

49 MATCH (m) WHERE NOT (m)-[1->() AND NOT (m)<-[I1-Q)

50 WITH m

51 MATCH (d)<-[:dobjl-()

52 MATCH (e)-[:origl->()

53 WHERE e.dobjRel = m.dobjRel

54 WITH DISTINCT e, m

55 CALL apoc.do.when(

56 e.neg IS NOT NULL,

57 ’CALL apoc.create.relationship(e, e.neg + ¢¢ ’’ + e.dobjRel, {3,
< m) YIELD rel RETURN rel’,

58 ’CALL apoc.create.relationship(e, e.dobjRel, {3}, m) YIELD rel
< RETURN rel’,

59 {e:e, m:m})

60 YIELD value as~dobjRel

61

62 // Create ? acl node

63 WITH dobjRel

64 MATCH (p) WHERE NOT (p)-[1->() AND NOT (p)<-[1-0)

65 WITH p

66 MATCH (a)-[:acl]l->(b)

67 MATCH (c)<-[:origl-(d)-[J1->(e)

68 WITH DISTINCT p, a, e

69 WHERE e.name = a.name

70 CREATE (y {name: ’?’})<-[:acl]-(e)

71 WITH p, vy

72 CALL apoc.create.relationship(y, p.dobjRel, {3}, p) YIELD rel as~
— aclRel

73

74 // Group the groups
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WITH aclRel

MATCH (a)-[:conjl->(b)-[:ccl->(c)<-[:ccl-(a)

MATCH ()<-[:origl-(d)-[rl1->0)

WHERE type(r) CONTAINS a.name OR type(r) CONTAINS b.name

WITH a, b, ¢, d, r

ORDER BY d.name ASC

WITH Collect(DISTINCT d.name) as names, ¢

CREATE (x {name: apoc.text.join(names, ’ ’ + c.name + ’ ’)3})
WITH x, names

CALL apoc.create.addLabels(x, names) YIELD node as~groupedGroup

// Add properties to rels

// mark

WITH groupedGroup

MATCH (c)<-[:mark]-(a)-[:dobjl->(b)

MATCH (d)-[rl->(e)

WHERE type(r) CONTAINS a.name AND b.name = e.name

CALL apoc.create.setRelProperty(r, ’mark’, c.name) YIELD rel as~
— markRel

// aux

WITH markRel

MATCH (d)<-[:aux]-(a)-[:subjl->()-[:ccl1->0)

MATCH ()<-[:origl-(f)-[r1->()

WHERE type(r) CONTAINS a.name

CALL apoc.create.setRelProperty(r, ’aux’, d.name) YIELD rel as~
<— auxRel

// Create rels to orig groups

WITH auxRel

MATCH (a)-[:origl->(b)

MATCH (x) WHERE NOT (x)-[1->() AND NOT (x)<-[1-Q)

WITH DISTINCT a, x

WHERE apoc.text.join(LABELS(a), ’ ’) IN LABELS(x)

CALL apoc.create.relationship(x, ’orig’, {3}, a) YIELD rel as~
— origRel

// Rel from M+T to A+B+C|C+D

WITH x

MATCH (d)<-[:subjJ-(a)-[:ccomp]l->(b)-[:subjl->(c)

MATCH (e)-L:origl->(f)

WITH a, b, c, d, e, f, x

ORDER BY d.name ASC, c.name ASC

WITH Collect(DISTINCT c.name) as endNames, x, Collect(DISTINCT d
< .name) as startNames, e, a~WHERE apoc.text.join(startNames
<~ , 7 ’) = e.name AND apoc.text.join(endNames, ’ ’) IN
— LABELS(x)

CALL apoc.create.relationship(e, a.name, {}, x) YIELD rel as~
< finalRel

WITH finalRel
MATCH q=(0) -[1->0
MATCH (2z)
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CALL apoc.create.removelLabels(z, LABELS(z)) YIELD node // Remove
< all labels from vertices

WITH q, z

RETURN q, z

Cypher does not ensure to apply the graph rewriting rules as intended in our scenarios:
let us consider the dependency graph generated from the recursive sentence “Matt and Tray
believe that either Alice and Bob and Carl play cricket or Carl and Dan will not have a way to amuse
themselves” and let us try to express patterns in Figure 2b,c as two distinct MATCH-es with
their respective update operations as per the following Listing:

MATCH (a)-[b:ccl->(c)

WITH Collect(a.name) as names, Collect(DISTINCT a) as nameNodes,
— C

CREATE (x {name: apoc.text.join(names, ’ ’), cc: c.name})

FOREACH (p IN nameNodes | CREATE (y {name: p.name})<-[:origl-(x)
— )

WITH x

MATCH (a)-[:dobjl->(b)

CREATE (y {name: b.name})

WITH a, x, vy

CALL apoc.create.relationship(x, a.name, {3}, y) YIELD rel

WITH y

MATCH a=() -[1->0

RETURN q

Instead of generating one single connected component representing the result, we
will generate as many distinct connected components as subgraphs being identified as
matching the patterns, while this does not occur with a simple sentence structure (Figure 3a)
where we achieve the correct result as in Figure 5. We must MATCH elements of the graph
multiple times, constantly rejoining on data previously MATCH-ed in earlier stages of the
query for establishing relationships over previously grouped vertices (Lines 108 and 118
from Listing A2). This then postulates the inability of such language to automatically apply
an order of visit for restructuring the loaded graph (e.g., we need to tell the query language
to first group-by the vertices—Lines 2-15—and then establish the orig relationships—Lines
18-24) while not expressing an automated way to merge each distinct transformed graph
into one cohesive, connected component. This then forces the expression of a generic graph
matching and rewriting mechanism to be dependent on the specific recursive structure
of the data. Thus, requiring the creation of a broader query, where we need to explicitly
instruct the query language on the correct way to visit the data while instructing how to
reconcile each generated subgraph from each morphism within one final graph.

During the delineation of the final Cypher query succeeding in obtaining the correct
rewritten graph (also Listing A2), we also highlighted the impossibility of Cypher propagat-
ing the temporary result generated by a rewriting rule and propagating it to another rule
to be applied upstream: this requires carrying out intermediate sub-queries establishing
connections across patterns sharing intermediate vertices, and the re-computation of the
same intermediate solutions, such as vertex grouping (cfr. Line 4 and Line 116). Since
Cypher also does not support the explicit grouping of vertices based on a pattern as in [46],
this required us to identify the vertices satisfying each specific pattern, label them appro-
priately in a unique way (e.g. Line 9), and then compare the result obtained (e.g., Line 20
for generating orig relationships). This limitation can be overcome by providing two inno-
vations: first, using nested relational tables for representing morphisms, where each nest
will contain the sub-pattern of interest possibly to be grouped. Second, we track any vertex
substitution for entry-point vertex matches via incremental views. This substitution can
be easily propagated at any level by considering the transitive closure of the substitution
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function (Definition 5), while the order of visit in the graph guarantees the correctness of
the application of such substitution (Algorithm 8).

Listing A2, constructed for the specific matches referring to the sentence “Matt and
Tray...”, will not fully execute on a different sentence without the given dependencies, as no
match is found, and therefore, no rewriting can occur. Current graph query languages are
meant to return a subgraph from the given patterns. In Cypher, you must abide by what is
contained within the data, if the data are not there we need to remove the match from the
query, which we cannot forecast in advance. This results in constant analysis of the data.
For us, the intention is to have graph grammar rewriting rules whereby if a match is not
made, no rewriting occurs.

By leveraging such limitations of Cypher while juxtaposing the desired behaviour
of the language, we derive a declarative graph query language where patterns can be
expressed similarly to Figure 5. O

Proof (for Lemma 8). This is a direct application of the SOS rules from Figure 8: any
removed vertex will not be replaced by a newly inserted vertex within the matched entry-
point ego-net if not explicitly updating the containment to also add the newly created
object. If an entry-point was removed, the only way to preserve the connectivity of the
GSM objects is to exploit the replacement, through which we will explicitly state that,
for any explicitly declared container within the matched pattern, we will insert the created
object or any other previously matched object of choice within the container’s containment
relationships also containing the object. [

Proof (for Lemma 9). This requires discussing the SOS rules from Figure 8, from which
we set or update values, labels, containments, and properties associated with objects.
Concerning label updates, such updates occur over variable x, in which variable resolution
p is always in the form (x, A(g), true): if the variable does not appear in the morphism, we
expand the first two cases from Figure A1. We need to exclude the case it was declared
with a new statement from Figure 8, as we will have otherwise x in I'V from A(g). As we
have the parameter true, this also excludes the rule NOFRES (Figure Al). We can then
see that we do not create an optimally matched containment, as expected by the intended
semantics. Thus, we restrict our case to FORCERES (Figure A1), on which we see that a
new object is created, thus updating A(g), and that we know the ID of this object as it will
be naturally the next incrementally number being available. Then, the label update will
always occur, which will then preserve the update in A(g). These choices are reflected
in the materialisation phase by extending each database g and prioritising the changes
described in the view A(g). O

Proof. Given the possibility of visiting several patterns Ly, ..., L;, we can express the
matching of those in our proposed query language as rules p; = L; - Jfor1 <i < n,
where both objects and containments must be explicitly referenced with a variable. Still,
this formulation will not explicitly remove any object or containment not being visited.
Enabling this requires the extension of the former query with two additional rules, one
for removing all the vertices not visited in the different pattern (om), and the other for
explicitly removing unmatched containments (cm). Given the variables A?, ..., W’ referring
to matched objects and A€, ..., W to matched containments in Ly,...,L,, we can then
express om and cm as the following rules being defined immediately after p,:

om = (2Z)
where (Z unmatched p; . A" A (... Z unmatched p, . W")
— del Z (2);

cm = (X)--LY:1->(2Z)
where (Y unmatched p; . A° A (... Y unmatched p, . W°)
— del Z (2);
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As we rewrite the same matching object, no replacement will occur and given that
the matching (Z) and (X)--[Y:1->(Z) will return all the objects and containments across
the databases, we have to further test those to delete only the ones being not matched in
Li,...,Ly. O

Proof (for Corollary 1). This follows from our previous proof, for which we clearly showed
that our proposed language can match and rewrite graphs declaratively while considering
optional rewrites. Cypher has some limitations in this regard, as it forces the user to specify
the order in which the matching and rewriting rules should be applied. Furthermore,
our language can return the matched morphisms similarly to SPARQL while allowing
the generation of multiple morphism tables rather than just one, and selecting just the
objects and containments being matched while removing the remaining ones similarly to
Cypher. Therefore, the proposed language over GSM generalizes over current graph query
languages over a novel generalised semistructured model enabling this. [

Appendix B.4. Time Complexity

Proof (for Lemma 11). Regarding Algorithm 5, as we defined a graph connecting each
rule appearing in the query, which will be then represented as a vertex, in the worst-
case scenario, we will have a fully connected graph with E = V x V. Thus, the cost of
creating this graph is quadratic, as O(|V| + |V|?) is in O(|V|?). Given that the approximate
topological sort uses a DFA visit of the resulting graph and that the layering is linear over
the size of the vertices, and given that |V| = |gg| by construction we, therefore, obtain an
overall global quadratic time complexity over the size of the query when expressed via the
number of available rules. [J

Proof (for Lemma 12). Suppose that each rule has at most ¢ containment relationships,
which will be provided by disjunction reference to all the k containment labels recorded
in the physical model. Thus, the caching phase will take at most ck|gg| + k time, as we
might still consider all of these labels if we have containments for which the containment
relationship is not specified.

Thus, the caching mechanism will guarantee sole access to each PhiTable® once. By es-
timating an average branching factor  across the loaded GSM in the physical model and
by assuming that, in the worst case scenario, all the objects will contain containments for
all the k labels, then the cost of caching the tables to make them ready to the morphism
representation takes k|db|Op time, where O is the average number of objects stored across
GSM databases.

Now, we consider the cost associated with a table of size |db|OB. We can freely assume
that rewriting operations are in O(1), as in our implementation, morphisms are striped by
schema information and are merely represented as tuples while associating the schema to
the sole table. Similarly, the projection costs are linear over the size of the table, while the
nesting operation can be performed in linear time while reducing the size of the table to
|db|O due to the ego-net assumptions enforced within the structure of the matching pattern.
Overall, this comes at O(|db|OB) time.

In the worst-case scenario, the association of containment to a table will take cost
k|db|OB, thus totalling an overall cost in O(ck|db|OB), which also dominates the time
complexity of the other phases. [

Proof (for Corollary 2). This proof refers to the time complexity of Algorithm 7, which can
be seen as a corollary of the previous lemma, for which we already derived the estimated
table size m = |db|OB for each required table composing the final morphism. Let us denote
r (and 0) as the maximum number of required (and optional) matches appearing across
all L; from gg-s. As the nested relational algebra can be always expressed in terms of “flat”
relational algebra, we can upper-bound the time complexity of Algorithm 3 by O(m?).
This gives us a worst-case scenario time complexity of O(m"*°) for computing P; for each
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rule p; € gg, which is a linear time complexity over the size of the worst-case scenario
yielded table.

The nesting operator vg_, 4 (t) from Equation (5) being optionally used to nest mor-
phisms if entry-point vertices are grouped by a direct ancestor can be easily implemented
with a linear time complexity over the size of the table that we want to nest: this boils
down to computing the equivalence class of =g over the fields R = dom(S§(¢))\{A, B} and
holding such information as a map from the values f(R) for each f € t to the collection of
rows t|g for which f|g = f|g. Thus, Line 16 comes with a linear cost over the size of the
table Pi-

Given that the time complexity of computing the symmetric closure of a relationship
is trivially linear while the time complexity of computing the transitive closure for a
relationship is upper-bounded by the Floyd—Warshall algorithm with a cubic time, this

leads to a worst-case time complexity of O( |db|63) time for computing each ¥; (Lines 17
and 18).

We can freely assume that the insertion cost of each morphism within the MT[-, -]
table comes at a linear cost, while the sorting of each MT[L;, g;] comes with a cost of
O((r + 0)m™ ™ log(m)) with m = |db|OB. This phase clearly dominates over all the previous
ones, and thus we can freely assume that the time complexity of computing each mor-
phism is in O((r + 0)m"*°log(m)). This leads to an overall time complexity of O(|gg|(r +
0)m"°log(m)) for generating all the morphisms, which can be still upper-bounded by a
polynomial time complexity. O

Proof (for Lemma 13). In Section 4.3, we observed that all the functions that were there
introduced can be computed in O(1) time via the GSM view update; these operations also
occur with the definition of —, at the basis of the graph rewriting operations outlined in
Section 6.5 and Figure 8: the worst case scenario for the evaluation of such expressions
refers to the evaluation of variables associated with nested relationships, thus referring to
at most B object per morphism I'. Given that each rewriting operation considers one single
morphism at a time and that, within the worst-case scenario, we consider the cross-product
of the objects associated with both variables, the computation of each operation shall take
at most O(B?) time.

Given |gg|m"*° the number of possible nested morphisms as determined from the
previous corollary, this overall leads to an overall time complexity of O(|gg|m"°B?) for
overall computing Algorithm 8. [

Proof (for Corollary 3). This is a corollary for all the previous lemmas, as the composition of
polynomial-time algorithms leads to an overall algorithm of polynomial-time complexity. [
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