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1 Introduction

Nowadays, Big Data frameworks are widely used for processing information in various domains, from modern industrial
enterprise [1] to social networks analysis [2]. Graph data is one of the most common types of data in modern applications.
In can be found both in explicit forms (like social networks, computer networking) and implicit forms (language processing,
collaborative filtering, computer vision). The problem of processing Big Graphs can be solved in various ways, for
example, by creating specialized high-performance hardware for processing graphs [3, 4]. However, the most common way
for Big Graphs processing is to use specialized Big Data frameworks for Big Graphs processing.

The dominant graph model in such frameworks is usually a flat graph model or property graph model (which is, in fact,
the multigraph model). However, the flat graph model is not flexible enough and may not be a convenient solution for
modeling complex data domains with hierarchical relationships. For example, the assembly sequence problem of complex
technical products requires not a flat graph but a hypergraph model [5].

One of the existing extensions of the traditional graph model is the metagraph model. In this article, we describe the
metagraph model and consider possibilities of the implementation of this model with the current state of Big Data graph
processing technologies.

The article is organized as follows. A brief review of the Big Data based graph processing is given. The metagraph
model is formally defined and compared with hypergraph and hypernetwork models. The metagraph textual representation
and the principles of the metagraph storage model are discussed. The generalized structure of the metagraph Big Data
processing engine is proposed.

Copyright © 2019 for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
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2 The Brief Review of the Big Data Based Graph Processing

At present, probably the most widespread technology in Big Data processing is MapReduce algorithms, which are used in
various Hadoop ecosystem-based solutions. The core principle of these algorithms is to store data separated into multiple
partitions (usually over multiple physical machines), perform computations individually on each partition (“map” phase),
later combining them on the “reduce” phase. MapReduce solutions perform well when used for aggregate operations on
array-like data, but have some severe limitations, especially when dealing with graphs.

Graph processing problems tend to have low computational locality, i.e., graph processing algorithms (like PageRank,
graph clustering, triangle counting, etc.) often require dealing with many non-locally stored nodes simultaneously. There
are some ways to increase locality by user-defined heuristics (like storing vertices with the same domain name on the same
machine in case of web graph). However, in general, graph algorithms require the processing of remotely-stored data or
even processing graph as a whole, which in the case of MapReduce creates heavy computational and network workload.
Secondly, MapReduce is a functional approach, thus performing multiple operations (which is often needed in graph
algorithms) requires a series of MapReduce jobs with passing the entire graph state between them.

In 2010 Google introduced Pregel architecture [6], which addresses these limitations. Pregel is based on BSP (batch
synchronous parallel) model and suggests a vertex-oriented approach instead of basic graph-oriented. Graph processing is
performed on the vertex level. In this model, the graph is split into multiple partitions assigned to distributed workers by
master-worker. Computation occurs in so-called “supersteps.” During one superstep each worker performs compute-
function on each vertex of its subgraph. Vertex computation includes processing of the incoming messages, changing the
vertex value (if necessary), and emitting messages over outgoing edges. After each vertex is computed, the next superstep
begins. Messages sent by vertex during computation will be received only at the following step. On initial iteration,
compute-function is called for all vertices. Later they can declare themselves inactive (“vote halt”). The algorithm
converges when all vertices become inactive, and there are no more incoming messages.

Pregel architecture is adopted by multiple products. Apache Spark GraphX [7] is an extension of Apache Spark resilient
distributed datasets (RDD) API, which allows performing parallel in-memory computations over a cluster. GraphX includes
Pregel implementation with the batch synchronous model. GraphX is built upon Spark and unifies Spark data parallelism
with graph parallelism of the Pregel model, allowing to create a graph from distributed data. Vertices and edges of the
graph are stored as separated RDDs, which can be co-located and co-partitioned for better performance. Unlike the default
Pregel model, in GraphX, messages can access attributes of both source and destination vertices. GraphX proposes a single
system that supports the entire pipeline of graph analytics, including data preprocessing, graph processing, and post data
analysis.

Apache Giraph [8] is an open-source implementation of Pregel architecture used by Facebook. It is a similar project to
GraphX but outperforms it according to experiments conducted by Facebook engineers [9], though it is less flexible in
terms of supported data sources. Apache Giraph offers some extensions over the basic Pregel model, like sharded
aggregators, which allow to perform aggregate operations on worker nodes and avoid the master bottleneck. Giraph also
allows executing different computational functions on different supersteps (controlled by the master worker).

GraphLab [10] (currently incorporates another project PowerGraph [11]) is a graph processing framework also based on
a vertex-oriented BSP model. Unlike GraphX and Giraph, Grahlab uses GSA (Gather-Sum-Apply) model. In this model,
vertices can access (pull) neighbors data during the “gather” stage without receiving messages from them. GraphLab
processing can run either synchronously with superstep barriers like in Pregel-styles system, or asynchronously.
Asynchronous mode allows reducing messaging because neighbor nodes can fetch adjacent inactive node data, and avoid
superstep barriers with distributed locking. However, the asynchronous mode is more prone to inconsistency, and
distributed locking itself requires network exchange. Asynchronous mode is also less deterministic and fault-tolerant and is
reported to be more challenging to debug.

Among graph-processing tools, it is worth mentioning Apache Flink Gelly [12], built on top of streaming framework
Apache Flink. Unlike the products above, it is not a batch-processing framework. It is also a vertex-centric platform. It
allows performing neighbor aggregation operations with accessing neighbors of each vertex (incoming, outcoming, or
both). Flink uses its iterative streaming nature to implement superstep iteration process with messaging and vertex-oriented
update operations. Flink Gelly also supports Gather-Sum-Apply model. Gather, sum, and apply are user-defined functions
wrapped in the map, reduce, and join operators, respectively. In each superstep, the active vertices are joined with the edges
in order to create neighborhoods for each vertex. The gather function is then applied to the neighborhood values via a map
function. Finally, the outcome of the sum phase is joined with the current vertex values.

It is essential to point out that Hadoop and Spark-based systems are designed for mostly read-only analytical processing.
For mutable data, it may be beneficial to use OLTP-database like Neo4j, which can be integrated with graph processing
framework (Spark and GraphX natively support connectors to Neo4j). In this case, the graph processing framework would
serve as external compute solution for data stored in the database.

Pregel architecture solves most problems of MapReduce, has its limitations. Firstly, the requirement of message passing,
even though it is beneficial compared to whole graph shuffling, can create heavy network workload and may become the
system’s bottleneck. Secondly, supersteps of the algorithm occur synchronously. The next superstep comes only when the
previous is finished. It eliminates races and deadlock problems, but if some vertex or subgraph computation takes a large
amount of time (which may be the case for a complex graph structure), some workers may stay idle for a long time. Finally,
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high degree nodes with many incoming edges are likely to receive many messages, which leads to increasing computation
and network workload for these nodes, at the same time increasing idle time of other nodes [13].

Apart from the mentioned technical limitations of existing graph processing solutions, it is essential to point out that
those solutions have no natural way of processing more complex graph data. Current graph processors are designed for
handling conventional graphs with binary edges. In many domain areas, we can find more complex relations between data
than simple peer-to-peer connections. One possible extension of the flat graph model is hypergraph. Now hypergraphs are
mainly considered as auxiliary structures for indexing, partitioning [14], etc. The only well-known attempt to implement a
hypergraph processing framework is the HyperX framework for the Spark platform [15]. However, gradually, the
community begins to develop the idea that Big Data frameworks should work with more complex graph structures [16]. As
a complex graph model, we propose to use a metagraph data model, which is discussed in detail in the following section.

3 The Metagraph Model and its Comparison to Other Complex Network Models

In this section, we will formally define the metagraph model and compare it with other well-known complex network
models.

According to [17]: “a complex network is a graph (network) with non-trivial topological features — features that do not
occur in simple networks such as lattices or random graphs but often occur in graphs modeling of real systems.” The terms
“complex network™ and “complex graph” are often used synonymously. According to [18]: “the term ‘complex network,’
or simply ‘network,” often refers to real systems while the term ‘graph’ is generally considered as the mathematical
representation of a network.” We using these terms also synonymously.

3.1 The Metagraph Model Definitions

Thus, the metagraph is a kind of complex network (or complex graph) model, proposed by A. Basu and R. Blanning in their
book [19] and then adapted for information systems description in our papers [20, 21]:

MG =(V,MV ,E,ME), (1)

where MG — metagraph; V' — set of metagraph vertices; M} — set of metagraph metavertices; £ — set of metagraph edges;
ME — set of metagraph metaedges.

Metaedge is an optional element of the metagraph model aimed for process description. Since we are talking about a data
model in this article, this component is not considered.

Metagraph vertex is described by a set of attributes:

v, = {atrk},vi eV, )
where v; — metagraph vertex; atr, — attribute.
Metagraph edge is described by a set of attributes, the source, and destination vertices and edge direction flag:

e = <vs,vE,eo,{atrk }>,el, € E,eo =true | false, 3)

where e; — metagraph edge; vs — source vertex (metavertex) of the edge; vz — destination vertex (metavertex) of the edge;
eo — edge direction flag (eo=true — directed edge, eo=false — undirected edge); atr; — attribute.
The metagraph fragment:

MGiz{evj},evje(VuEuMV), 4)

where MG; — metagraph fragment; ev; — an element that belongs to the union of vertices, edges, and metavertices.
The metagraph metavertex:

my, =<{atrk},MGj>,mv,. eMV, (%)

where mv; — metagraph metavertex belongs to set of metagraph metavertices MV; atr, — attribute, MG, — metagraph
fragment.

Thus, metavertex, in addition to the attributes, includes a fragment of the metagraph. The presence of private attributes
and connections for metavertex is a distinguishing feature of the metagraph. It makes the definition of metagraph holonic —
metavertex may include a number of lower-level elements and in turn, may be included in a number of higher-level
elements.

From the general system theory point of view, a metavertex is a particular case of the manifestation of the emergence
principle, which means that a metavertex with its private attributes and connections becomes a whole that cannot be
separated into its component parts.
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Figure 1 — The example of data metagraph

The example of data metagraph (shown in Figure 1) contains three metavertices: mv;, mv, and mv;. Metavertex mv,
contains vertices vy, v,, v3 and connecting them edges e, e,, e;. Metavertex mv, contains vertices v4, vs  and connecting
them edge e4. Edges e, e5 are examples of edges connecting vertices v,-v,4 and v3-vs are contained in different metavertices
mv; and mv,. Edge e; is an example of the edge connecting metavertices mv; and mv,. Edge e is an example of the edge
connecting vertex v, and metavertex mv,. Metavertex mv; contains metavertex mv,, vertices v,, vi_ and edge e, from
metavertex mv; and also edges ey, es, eg showing holonic nature of the metagraph structure.

3.2 The Comparison of the Metagraph and the Hypergraph Models

According to [22], the hypergraph may be defined as follows:
HG=<V,HE>,vieV,hejeHE, (6)

where HG — hypergraph; V' — set of hypergraph vertices; HE — set of non-empty subsets of V' called hyperedges; v; —
hypergraph vertex; he; — hypergraph hyperedge.

A hypergraph may be directed or undirected. A hyperedge in an undirected hypergraph only includes vertices, whereas,
in a directed hypergraph, a hyperedge defines the order of traversal of vertices.

The example of an undirected hypergraph is shown in Figure. 2. The example contains thee hyperedges: he;, he, and hes.
Hyperedge he; contains vertices vy, v,, v4, vs. Hyperedge he, contains vertices v, and v;. Hyperedge he; contains vertices vy
and vs. Hyperedges he; and he, have a common vertex v,. All vertices of hyperedge he; are also vertices of hyperedge he;.

Figure 2 — The example of an undirected hypergraph

Comparing the metagraph and hypergraph models, it should be noted that the metagraph model is more expressive than
the hypergraph model. It is possible to note some similarities between the metagraph metavertex and the hypergraph
hyperedge, but the metagraph offers more details and clarity because the metavertex explicitly defines metavertices,
vertices, and edges inclusion, whereas the hyperedge does not. The inclusion of hyperedge he; in hyperedge he,; in Figure 2
is only graphical and informal because, according to hypergraph definition, a hyperedge inclusion operation is not explicitly
defined.

Thus, the metagraph is a complex graph model, whereas the hypergraph is a near flat graph model that does not fully
implement the emergence principle.
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3.3 The Comparison of the Metagraph and the Hypernetwork Models

It should be noted that there are two versions of hypernetwork models were proposed.

The first version of the hypernetwork model was proposed by Professor Vladimir Popkov with colleagues in the 1980s.
Professor V. Popkov proposes several kinds of hypernetwork models with complex formalization, and therefore only the
main ideas of hypernetworks will be discussed in this subsection. According to [23], given the hypergraphs
PS =WS,,WS,,WS,,... WS, - The hypergraph ps = ws, is called primary network. The hypergraph WS; is called a secondary

network of order i. Also given the sequence of mappings between networks of different orders:
{®,}: WS, —2> WS, —2 . WS, —2— PS . Then the hierarchical abstract hypernetwork of order X may be

defined as:
ASK:<PS,WS1:-"aWSK;q)l""’q)K> (7)

The emergence of this model occurs because of the mappings @; between the layers of hypergraphs.

The second version of the hypernetwork model was proposed by Professor Jeffrey Johnson in his monography [24]. The
main idea of Professor J. Johnson's variant of the hypernetwork model is the idea of hypersimplex (the term is adopted from
polyhedral combinatorics). According to [24], a hypersimplex is an ordered set of vertices with an explicit n-ary relation,
and hypernetwork is a set of hypersimplices. In a hierarchical system, the hypersimplex combines k elements at level N
(base) with one element at level N+1 (apex). Thus, hypersimplex establishes an emergence between two adjoining levels.
The example of hypernetwork that combines the ideas of two approaches is shown in Figure 3.

,.""hyper- : l P,
/ simplex | PS

Figure 3 — The example of the hypernetwork

The primary network PS is formed by the vertices of hyperedges he; and he,. The first level WS, of the secondary
network is formed by the vertices of hyperedge he;. Mapping @, (according to Professor V. Popkov model) is shown with
an arrow. The hypersimplex (according to Professor J. Johnson model) is emphasized with the dash-dotted line. The
hypersimplex is formed by the base (vertices v; and v, of PS) and apex (vertex vs of WS)).

It should be noted that unlike the relatively simple hypergraph model, the hypernetwork model is a full model with
emergence.

Consider the differences between the hypernetwork and metagraph models. According to the definition of a
hypernetwork, it is a layered description of graphs. It is assumed that the hypergraphs may be divided into homogeneous
layers and then mapped with mappings or combined with hypersimplices. The metagraph approach is more flexible because
it allows combining arbitrary elements that may be layered or not using metavertices.

Comparing the hypernetwork and metagraph models, we can make the following notes:

e Hypernetwork model may be considered as ‘“horizontal” or layer-oriented. The emergence appears between

adjoining levels using hypersimplices. The metagraph model may be considered as “vertical” or aspect-oriented.
The emergence appears at any level using metavertices.

e In the hypernetwork model, the elements are organized using hypergraphs inside layers and using mappings or
hypersimplices between layers. In the metagraph model, metavertices are used for organizing elements both inside
layers and between layers. Hypersimplex may be considered as a particular case of metavertex.

e Metagraph model allows organizing the results of previous organizations. The fragments of the flat graph may be
organized into metavertices, metavertices may be organized in higher-level metavertices, and so on. Metavertex
organization is more flexible then hypersimplex organization because hypersimplex assumes base and apex usage,
and metavertex may include general form graph.

e  Metavertex may represent a separate aspect of the organization. The same fragment of a flat graph may be included
in different metavertices whether these metavertices are used for modeling different aspects.

Thus, we can conclude that the metagraph model is more flexible than the hypernetwork model. At the same time, unlike

the hypergraph model, the metagraph model is a complete graph model with emergence. Therefore, in the proposed
approach, we will use the metagraph model.
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4 The Proposed Approach

In this section, we will consider the proposed approach for metagraph Big Data processing. Firstly, we will consider the
language for the textual representation of the metagraph data model. Then we will discuss the metagraph representation via
a flat graph model that is used for the storage model. In the last subsection, we will discuss the generalized structure of the
metagraph Big Data processing engine.

4.1 The Metagraph Textual Representation

Probably the most common way of representing graph data in textual form is Resource Descriptive Framework (RDF), part
of the Semantic Web technologies [25]. RDF model describes data via predicate triples. Each triple consists of a subject, a
predicate, and an object. Triple is a natural way to represent a flat graph binary edge. There are some specialized graph
engines that store and process RDF graphs efficiently, such as gStore and TrinityRDF. gStore evaluates SPARQL queries
by subgraph matching, while, TrinityRDF uses graph exploration to answer SPARQL queries.

Semantic web technologies are brought to the level of industrial technologies and are used in many information systems.
The standard for RDF practical implementation is SPARQL query language by the World Wide Web Consortium, explicitly
designed for retrieving and manipulating data in RDF-triples format. Creators of GraphX framework also state that their
graph representation adopts RDF concepts of triples view of graphs.

Our article [26] shows that the RDF approach has several limitations in complex situations representation. The first
limitation is that the RDF data model consists of very small basic data items — “subject-predicate-object” triples. As a result,
an average-sized relational database may correspond to a triple store containing billions of triples. The second limitation is
the N-ary relation limitation. This limitation is that the RDF model does not allow simple ways to describe N-ary relations
between vertices of the semantic graph, which worsen the description of complex situations in the semantic graph. The
article [26] also shows that the metagraph model is free from these shortcomings.

The RDF model may be represented in several textual notations: XML (using namespace
rdf="http://www.w3.0rg/1999/02/22-rdf-syntax-ns#"), N3, Turtle.

To represent the metagraph in the textual form, we propose to use the predicate model close to logical programming
languages, e.g. Prolog. The classical Prolog uses the following form of the predicate: predicate(atom,,atom,,...,atom,).
We propose to use an extended form of predicate where along with atoms predicate can also include key-value pairs and
nested predicates: predicate(atom,...,key = value,..., predicate(...),...). The mapping of metagraph model fragments into
predicate representation is shown in Table 1, according to our paper [20].

Table 1 — The textual representation of the metagraph model

No Metagraph representation Textual representation
mv;

1 @ @ @ Metavertex(Name=mv, v;, v,, v3)

2 Edge(Name=ey, v, v,)

3 Edge(Name=e;, vy, v,, co=false)

4 1. Edge(Name=e,, vy, v,, eo=true)
2. Edge(Name=e;, vs=v, Vg=V,, eo=true)
Metavertex(Name=mv,, vy, v,, V3,

5 Edge (Name=e, vy, v»),
Edge(Name=e,, v, v3),
Edge(Name=e;, v, v3))
Metavertex(Name=mv,, vi, V3, V3,

6 Edge(Name=e,, vs=Vvy, Vg=V,, eo=true),
Edge(Name=e,, vs=Vv,, Vg=V3, eo=true),
Edge(Name=e;, vs=v;, Vg=V3, co=true))
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attribute

7 count >—~(5) Attribute(count, 5)

Vi

attribute
Coount >—=(5)
Vertex(Name=v,

Attribute(count, 5), Attribute(reference, mv2))

attribute

reference

Case | shows the example of metavertex mv; which contains three nested disjoint vertices vy, v,, and v;. The predicate
corresponds to metavertex, nested vertices are isomorphic to atoms that are parameters of the predicate. As the name of the
predicate “Metavertex” is used as the corresponding element of the metagraph model. The key-value parameter “Name” is
used to set the name of metavertex. This case is simplest, since nested vertices are disjoint, and metavertex, in this case, is
isomorphic to the hypergraph hyperedge.

Case 2 shows the metagraph edge, which may be represented as a particular case of metavertex containing source and
destination vertices. This case is also isomorphic to the hypergraph hyperedge. The metagraph edge is represented as a
predicate with the name “Edge.” The source and destination vertices are represented as predicate atom parameters.

Case 3 also shows the metagraph edge, which fully complies with the formal definition of undirected edge, including
direction flag parameter.

Case 4 shows an example of a directed edge. The direction flag parameter is also used. The source and destination
vertices may be represented as predicate atom parameters (case 4.1) or as predicate key-value parameters (case 4.2).

Case 5 shows an example of metavertex mv; which contains three nested vertices v;, v, and v; joined with undirected
edges e, e, and e;. Edges are represented with separate predicates that are nested to the metavertex predicate. Case 6 is
similar to case 5 unless edges ey, ¢, and e; are directed.

The attribute may be represented as a particular case of metavertex containing name and value. Case 7 shows a simple
numeric attribute representation. Case 8 shows an example of vertex vl containing numeric attribute and reference attribute
that refers to the metavertex mv2. The attribute is represented as a predicate with the name “Attribute”.

Thus, we have defined a predicate description of all the main elements of the metagraph data model.

The textual representation of the metagraph model may be used for storing metagraph model elements in relational or
NoSQL databases.

Also, it is well compatible with the classical Big Data approach. Nowadays, the lambda architecture described in [27] is
considered to be a classic approach. The textual representation of the metagraph model is the base for processing metagraph
data on all layers of the lambda architecture. On the batch layer, the textual representation is used for storing in the master
dataset. On the serving layer, the textual representation helps to construct the batch views. On the speed layer, the textual
representation helps to construct the realtime views.

4.2 The Principles of the Metagraph Storage Model

The metagraph model discussed in section 3 may be considered as a “logical” metagraph model. To store the metagraph
data efficiently, we must create mappings from the “logical” model to “physical” models used in different databases. Our
paper [26] discusses the metagraph model mappings to the flat graph model, document model, and the relational model. The
experiment results show that the flat graph model mapping is the most efficient, and this approach will be discussed in the
current subsection.

The main idea of this mapping is to flatten the hierarchical metagraph model. It is impossible to turn a hierarchical graph
model into a flat one directly. The key idea to do this is to use multipartite graphs [28]. Consider there is a flat graph:

FG=(FG",FG"), ®)
where FG” — set of graph vertices; FG” — set of graph edges.
Then a flat graph /G may be unambiguously transformed into bipartite graph BFG:
BFG = <BFGVERT , BFG"P°F )

BFG"™ =(FG" ,FG™), ©)

FG" & FG” |FG* <> FG"",

where BFG"*" — set of graph vertices; BFG*”“* — set of graph edges. The set BFG"**" can be divided into two disjoint and
independent sets FG”" and FG**, and there are two isomorphisms FG" <> FG*" and FG* <> FG** . Thus, we transform
the edges of graph FG into a subset of vertices of graph BFG. The set BFG™’°* stores the information about relations
between vertices and edges in graph FG.

It is important to note that from the bipartite graph point of view there is no difference whether original graph FG
oriented or not because edges of the graph FG are represented as vertices and, orientation sign became the property of the
new vertex.
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From the general system theory point of view, transforming edge into a vertex, we consider the relation between entities
as a special kind of higher-order entity that includes lower-level vertices entities.

Now we will apply this approach of flattening to metagraphs. In the case of metagraph, we use not bipartite but tripartite
target graph 7FG:

TFG = <TFG VERT TGP ) ,
TFG"™ = <TFGV,TFGE,TFGMV>, (10)

TFG" &V, TFG* < E,TFG" < MV.

The set TFG"™" can be divided into three disjoint and independent sets TFG', TFG®, TFG™". There are three
isomorphisms  between  metagraph  vertices, = metavertices, edges and  corresponding  subsets  of

TFG"™ " . TFG" <>V ,TFG* <> E,TFG"" <> MV . The set TFG*P“* stores the information about relations between

vertices, metavertices, edges in the original metagraph.

Consider the example of the metagraph model flattening represented in Figure. 4. The vertices, metavertices, and edges
of original metagraph are represented with vertices of different shapes.

From the general system theory point of view, emergent metagraph elements such as vertices, metavertices, edges are
transformed into independent vertices of the flat graph.

From a practical point of view, each vertex of the resulting flat graph remembers its own stereotype (metavertex, vertex,
edge) in the original metagraph. This allows restoring the metagraph back from a flat graph. The stereotype can be stored as
a vertex attribute directly in the graph database or in separate storage. It can be linked to the vertex unique “id.”

mv,

Figure 4 — The example of metagraph flattening, the metagraph for flattening shown on the left and the example of flattened
metagraph shown on the right

It is important to note that the metagraph model flattening does not solve all problems for graph database usage.
Consider the example of a query using the Neo4j database query language “Cypher”: (nl:Labell)-[rel:TYPE]->(n2:Label2)

The used notation is RDF-like and supposes that graph edges are named. However, the flatten metagraph model does not
use named edges because metagraph edges are transformed into vertices.

Thus, query languages of flat graph databases are not suitable for the metagraph model because they blur the semantics
of the metagraph model.

It should be noted that metagraph physical representation via a flat graph can be mapped to textual predicate
representation. Individual entities of predicate description (vertices, edges, and metavertices) are all represented by
individual flat graph vertices. Because of that metagraph processing framework can read data stored in the form of textual
predicate representation and import it into flat graph data structure handled by programming tools, similarly to how modern
graph processing frameworks import data from RDF representation.

Such representation will require additional memory to store extra edge vertices, but at the same time, it will allow using
high-performance approaches, used in flat graph storages [29]. The essential element of graph storage is the optimization of
graph traversal. Traditional techniques for this optimization are hash indexes for starting and ending vertices of edges,
which allow traversing a path in O(1)-time, and some sort of routing tables. By routing table, we mean vertex adjacency
list, a data structure with all incoming or outcoming edges of a vertex. This approach can be found in popular graph
database Neo4j and GraphX processing framework. These optimizations make it possible to quickly perform a series of
traversals and quickly retrieve adjacent vertices (both optimizations are essential for most graph algorithms, from PageRank
to graph clustering). Though the metagraph is aimed to describe complex domains with hierarchical relations, it is still a
form of a graph. Thus demand for effectively performing common graph tasks over metagraph storage still exists. Such
benefits would not be achieved in the relational database or with tree-like indexing.

Using common graph model on a physical level also makes it possible to save metagraph in external storage and create
hybrid transactional-analytical systems. An example of such a hybrid model for flat graphs is the integration of ACID-
database Neo4j and Spark processing framework, which suggests using the Spark framework as an analytical tool for data
imported from Neo4j storage.
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The metagraph model transforms into the document and relational models in slightly different ways. However, the main
principle remains the same. The emergent metagraph elements such as vertices, metavertices, edges are transformed into
independent elements of the target model.

4.3 The Generalized Structure of the Metagraph Big Data Processing Engine

Based on the ideas discussed in the previous sections, in this subsection, we describe a generalized structure of the
metagraph Big Data processing engine, represented in Figure 5.

6. Processing

N

Big Data flat graph 3. Processing query
processing engine
5. Flattening T 7. Unflattening l O
1. Query
. . Query processing
Flattening/unflattening module module <—

4. Loading T 8. Saving 1

The user
Metagraph storage 2 Bata:query

Figure 5 — The generalized structure of the metagraph big data processing engine

Step 1. Query. The user is sending a query to the “query processing module.” The query consists of two parts: the “data
query” and the “processing query.” The “data query” selects the data to be processed. The “processing query” specifies how
to process the data.

Step 2. Data query. The “query processing module” translates the “data query” and sending the appropriate commands
to the “metagraph storage.”

Step 3. Processing query. Simultaneously with step 2, the “processing query” is translated into the processing program
for the corresponding “Big Data flat graph processing engine,” according to the processing model used by the engine. The
processing models were discussed in section 2 (Pregel model, Gather-Sum-Apply model, and so on).

Step 4. Loading. The metagraph data is loaded from the “metagraph storage” into the “flattening/unflattening module.”

Step 5. Flattening. The “flattening/unflattening module” transforms metagraph data to the flat graph data. This module
may be considered as a separate software unit or as a part of the complex metagraph storage. The flattened graph data is
sent into the “Big Data flat graph processing engine.”

Step 6. Processing. Based on the data from step 5 and the processing program from step 3, the “Big Data flat graph
processing engine” processes the graph data.

Step 7. Unflattening. The processed flat graph data is transformed into the metagraph data using the
“flattening/unflattening module.”

Step 8. Saving. The query results in the metagraph form are saved to the “metagraph storage.”

In order not to overload the Figure 5, it does not show various options for providing the user with the results of the
query. The user can receive the results of the query from the “metagraph storage” or directly from the
“flattening/unflattening module.”

Two main tasks of further research follow from the proposed structure: the development of the languages for the
metagraph “data query” and “processing query” and development of translators (interpreters or compilers) for these
languages. These tasks open a broad scope for research. In particular, the development of the “data query” language and its
translator depends on different variations of the physical model of the metagraph storage. Also, the development of the
“processing query” language depends on the processing model and implementation features of the Big Data flat graph
processing engine.

Thus, the proposed approach makes it possible to process the metagraph data using the “Big Data flat graph processing
engine.”
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5 Conclusions

Nowadays, Big Data frameworks are widely used for processing graph information. The dominant graph model in such
frameworks is usually a flat graph model or property graph model (which is, in fact, the multigraph model). However, to
describe complex situations, flat graph models may not be enough. To describe complex situations, we propose the use of a
metagraph model.

The key element of the metagraph model is metavertex. From the general system theory point of view, a metavertex is a
particular case of the manifestation of the emergence principle, which means that a metavertex with its private attributes
and connections becomes a whole that cannot be separated into its component parts.

The metagraph model is a complex graph model, whereas the hypergraph is a near flat graph model that does not fully
implement the emergence principle. Also, the metagraph model is more flexible than the hypernetwork model.

The main elements of the metagraph data model may be represented in textual form using the predicate description.

The metagraph model may be transformed into a flat graph model based on the multipartite graphs.

The generalized structure of the metagraph Big Data processing engine makes it possible to process the metagraph data
using the traditional “Big Data flat graph processing engine.”
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