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Larissa C. Shimomura
l.capobianco.shimomura@tue.nl
Eindhoven University of Technology
Eindhoven, Netherlands

Constraints play a key role in data management research, e.g., in
the study of data quality, data integration and exchange, and query
optimization. As graph-structured data sets are commonly used in
a diverse number of applications, the study of graph dependencies
is also of increasing interest. Recently, different classes of depen-
dencies for graphs have been proposed such as Graph Functional
Dependencies (GFDs [3]), Graph Entity Dependencies (GEDs [2]),
and Graph Differential Dependencies (GDDs [4]). However, these
dependencies focus on generalizing functional dependencies (i.e.,
variations of equality-generating dependencies) and cannot capture
tuple-generating dependencies (TGDs) for graph data [1].

We introduce a new class of graph dependencies called Graph
Generating Dependencies (GGDs)[5] which supports TGDs for
property graphs. A GGD expresses a constraint between two (pos-
sibly) different graph patterns enforcing relationships between
property values and topological structure.

The main differences of our proposed GGDs compared to pre-
vious works are the use of differential constraints (on both source
and target side), edges are treated as first-class citizens in the graph
patterns (in alignment with the property graph model), and the
ability to entail the generation of new vertices and edges. With
these new features of the GGDs, we can encode relations between
two graph patterns as well as the (dis)similarity between its vertices
and edges properties values.

A graph generating dependency (GGDs) is defined as
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where: (1) Qs[x] and Q;[x,y] are graph patterns, called source
graph pattern and target graph pattern, respectively; (2) ¢s is a set
of differential constraints defined over the variables X (variables
of the graph pattern Qg); and ¢; is a set of differential constraints
defined over the variables x U y, in which X are the variables of the
source graph pattern Qs and y are any additional variables of the
target graph pattern Q.

A differential constraint in ¢s on [X] (resp., in ¢; on [X,7]) is a
constraint of one of the following forms [4, 6]: (1)da(x.A,c) < ta;
(2) 84,4, (x.A1,x" A3) < ta,a, and (3)x = x" or x # x’ where
x,x” € X (resp. € x UT7) for Qs [x] (resp. for Q¢ [X,7]), 54 is a user
defined similarity function for the property A (resp. §4, 4, us a user
defined function for the properties Aj, A2) and x.A is the property
value of variable x on A, c¢ is a constant of the domain of property
Aand ta, ta, A, are pre-defined thresholds.

AGGD o = Qs[x], s — Q:[x, Y], ¢ holds in a graph G, denoted
as G = o, if and only if for every homomorphic graph pattern match
hg[x] of the source graph pattern Q¢[x] in G satisfying the set of
constraints ¢s, there exists a homomorphic match h; [, y] of the
graph pattern Q;[x,y] in G satisfying ¢; such that for each x in
X it holds that hs(x) = h:(x). In case a GGD is not satisfied, we
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Figure 1: Example of GGD: If an article a mentions a per-
son p then the same article a should have an edge labelled
“is_about" to a node theme in which the distance between
the theme name and the string “human” is zero.

typically fix this by generating new vertices/edges in G. See an
example of a Graph Generating Dependencies on Figure 1.

Based on the semantics of the GGDs, we develop an algorithm for
solving the validation problem for GGDs. The validation problem
consists of checking if, given a finite set £ of GGDs and graph G,
GEZ.

GGDs can be used for different applications, one of the applica-
tions is Entity Resolution (ER) . As mentioned beforehand, the main
novelty of the GGDs is the generation of new vertices or edges in
case a GGD is not validated. Given this feature, it is possible to
rewrite ER matching rules or conditions as GGDs.

Towards entity resolution, we can define the source graph pat-
terns as several disjoint patterns from (possibly) different graph
sources and use the target graph pattern specifications as the rep-
resentation of the deduplicated graphs. Thus, using this approach,
we can also encode more information than just vertex-to-vertex, or
row-to-row in relational databases, as we consider all the informa-
tion in a defined graph pattern.
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