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Abstract—Graph has become a powerful tool for representing
and modeling objects and their relationships in vaous
application domains such as protein interaction, soal networks
and chemical informatics. With the emergence of thee
applications, developments of graph databases areny useful to
store graph data. However, performance query procesng on
graph database (GDB) is still inadequate due to thehigh
complexity of processing graph data. As a result,fiective graph
structures to store graphs are the current researcharea to
complete efficient query processing on the graph dabases. In
this paper, a new compact graph representative staiure(CGRS)
is proposed to perform efficient graph query procesing. In
CGRS, a graph is represented holistically via itsdge code using
edge dictionary. The idea of graph decomposition isised to
specify all connected, induced subgraphs of a givegraph
without changing the structure of the original graphs. Using
CGRS, two types of graph queries can be processedraph
isomorphism query and subgraph isomorphism query. @emical
compound dataset is applied to test the effectivese of our
proposed CGRS. The analysis of storage space, graph
construction time and query response time offers goositive
response to our newly proposed CGRS structure.

Keywords—graph databases, graph query processingph
isomorphism query,subgraph isomorphism query

A graph describes relationships over a set ofieatiWith
node and edge labels, a graph can depict the wtttsof both
the entity set and the relation. The graph dataltaseains
large amount of graphs and a graph handles billadnsodes
and relationships. Determining the graph databasmtmrs
which constitute answer set of a graph query frograph
database is a key performance issue in all grapheba
applications [7,1].

A graph database is a kind of No-SQL data stoy&] fhat
uses graph structures with nodes, edges and pegpdd
represent and store information. No-SQL may notuireq
fixed table schemas and avoids join operations. pksra
databases are the most scalable, high performarage tov
guery and store highly interconnected data.

Though studied previously, efficient graph query
processing in the graph database is central réseaea[9,2].
Typical querying tasks for the graph databasesudelgraph
isomorphism query processing, subgraph isomorpltaery
processing and similarity query processing.

For graph isomorphism query, one looks for a djmeci
graph structure in the graph database. Graph igawson test
is one of the most commonly used matching conditihich
determine that a query graghmatches a grapdpif and only if
g is isomorphic tog. For subgraph isomorphism query, one
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looks for a specific pattern in the graph databAsmatching
condition is used to decide if a pattern subgrapturs in a
graph. Subgraph isomorphism test is one of the most
commonly used matching conditions which determimat &
patternp matches a grapfpif and only ifp is a subgraph af.

For similarity query, one looks for graphs in apgralatabase
that are similar to a query graph. Graph edit distais a
common way to measure the similarity between tvapigs.

A primary challenge in computing the answers dpgr
queries is that pair-wise comparisons of graphsealty hard
problems. For graph queries, one faces the graphaghism
problem, known to be NP-complete. Therefore, figdan
efficient search technique is immensely importam¢ do the
costs of pair-wise comparisons and the increasiag sf
modern graph databases. The success of any grapbada
application is directly dependent on the efficierafygraph
indexing and query processing mechanisms.

In this paper, a proficient compact graph repregame
structure is proposed to process graph isomorphiseny and
subgraph isomorphism query. In CGRS, edge codses tp
represent the graph. Edge code of each graph iocigs the
structural information of graph in the databasegdedode is
based on edge-based representation of the undirecte
connected graph. Edge dictionary in CGRS contalms t
distinct edges in the graph database with uniqestifiers.
The graph decomposition work is the enumerationalbf
connected, induced subgraphs of a graph. Moreover,
algorithms for CGRS structure, graph isomorphisrarguand
subgraph isomorphism query are proposed to quesphgr
efficiently. The comprehensive study shows that GGR
decreases storage space and time complexity (ra&phg
construction time and query processing time) thaier@DB
graph storage structure [10].

The rest of the paper is organized as follows tiGed|
discusses about the related work of graph indesctstres and
query processing. Section Il represents the fbdeéinitions
and notations used in the proposed work. Sectiodi$¢usses
about proposed approach. Section V presentgrabisn of
CGRS algorithm. Section VI discusses graph isonismph
query and subgraph isomorphism query. In sectioh Wé
discuss the experimental result of our proposedesys
Section VIII concludes our paper.

In recent years, a number of efficient indexesehbeen
proposed for graph query processing on graph dsg¢sba

Among existing techniques, GDIndex[6] proposed
method of indexing graph databases using structgragh
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decomposition. The index is made up of two pariseated
acyclic graph (DAG) and a hash table. DAG containges
which are distinctive, induced subgraphs of theabase
graphs. Hash table indexes each subgraph fordastdrphic
lookup. Canonical codes of graphs are used to fash keys.

Definition 3: Exact Graph Matching

A graph Gmatches exactly withgraph Qif there exists
a bijective mappingf: V(G) 2 V(Q) and two vertices; and
v, are adjacent in G, if and only if , their correspding

No candidate verification is required using GDIndex verticesu;andu, are adjacentin Q.

However, this index is not designed for databakat do not
have a large number of distinct graphs.

An efficient Fast-Graph Automorphic Filter (F-GAF)

algorithm [11] is proposed that used grid-code espntation
of graphs. Given a graph database, this algorithetks the
automorphism of graphs without generating huge rermd$
permutation matrices used in canonical labeling.

GraphGrep[5] is a path-based technique to indeplyr
databases. This technique enumerates paths uphteshold
length from each graph. An index table is consedcand
each entry in the table is the number of occurrenée¢he path
in the graph. However, the graph database conthirge
amount of paths and can have an effect on the noesface of
the index.

To overcome

Definition 4. Exact Subgraph Matching

A subgraphG;(V;,E) of a graphG(V,E) has a vertex set
Vi(G) € V(G) and E(G) € E(G). For labeled graphs, an
additional condition is that the labels of corrasgiog vertices
in the bijective mapping should also be identical.

IV. OURPROPOSEMRPPROACH

The proposed CGRS contains mainly two phases: input

graph phase and query graph phase. Input grase pevers
four components: preprocessing, subgraph deconquosit
engine, edge code generating engine and storagey Qraph
phase also covers four components: preprocessilyg eode

the path enumeration overhead ofjenerating engine, edge code querying engine anrdgs.

GraphGreph, C-tree[8] was proposed that createphgra Therefore, edge code generating engine and stoesge

closures and builds an index over these closureteeC
organizes graphs hierarchically where each intemadie
summarizes its descendants by a graph closure. idzded
verification is still needed for sub graph quertesmatch a
query with every leaf node.

OrientDB[10] is the another way of storing graptusture.
It is a high-performance open source graph datalibeses a
new indexing algorithm called MVRB-Tree, derivedrfr
Red-Black Tree and B+ Tree. Therefore, it has benef
having both fast insertions and ultra fast lookupsientDB
holds the promise of a flexible schema. It hag@nst security
profiling system based on users and roles and steBQL as
a query language.

I1l.  PRELIMINARIES

Definition 1. Labeled Graph

A labeled graphG is defined as 5-tuple,V(E,Ly,Lg,l)
whereV is the non-empty finite vertex set called vertjcasd
E is the unordered pairs of vertices called edheandLg are
the set of labels of vertices and edges &rid a labeling
function assigning a label to a verteX > L, or an edgé:E->
Le.

Definition 2. Graph Isomorphism

Let G=(V,E,Ly,Lgl) and GII=(VIL,E[,LOyLOEID) be
two graphs. A graph isomorphism fro@ to G[J is an

injective function f. V=2 Ly such that (1) Vuev,
[(W)=I0(f(u)), and (2) Y(u,v) € E ,I(uv)=10(f(u),f(v)).
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common used in both phases. The architecture of £@&R
shown in Figure 1.
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Figure 1. Architecture of proposed system



A. Preprocessing stored in the CGRS structure for the purpose ok-tased

The chemical datasets are in the form of xml fitlgsl  Storage.
image files (such as .png file). In graph theohg graphs can ¢ Edge Dictionary
be represented in terms of xml files. These xrefsfihire in the
form of GraphML format. The input graph to the systis
GraphML file format. GraphML is a comprehensive aady-
to-use file format for graphs.

In the preprocessing step, the vertex list of timut graph
or query graph is generated from GraphML file. Bveertex
in the graph is assigned with unique ID. Then ttigeelist of

The edge dictionary contains unique edges with
global unique IDs to represent edges in the gragibdse.
When a graph introduces to the database, the dlistin
edgesDe) in the graph are searched and added to the edge
dictionary if the dictionary does not contain thesiges. In the
dictionary, these edges are assigned with globigluenDs for
the graph is computed. The edge in the graph imelfas Iﬁgh:(;u?\:;% théggisig]rg.egllgrzgf?r:efhg ({:]Sraepfﬂulit/lmcazggxlzec;/set
(SaE.Dig) whereS is the source verteid, E is the edge label - % edges in chemical structures are the sardestming

and Diy is the destination vertexd. Figure 2 shows the ; . o
chemical compound halothane. Figure 3 depicts th(tehe edges of the chemical structures in the diatipinis more

; : . efficient.
corresponding GraphML file of halothane inputted ttee Figure 4 shows the step by step procedure of

system. . S . . .
Y processing edge dictionary. The input to the edgiodary is
Br = the edge list of the incoming graph. The edge @ty works
according to the steps in the following procedure.
a ID:=0
(]| F For eache € EL(h) do
Figure 2 Halothane Compound If ¢ = gthen
De(hy):= &
<?xni version="1.0" encodi ng="UTF-8"?> .
<graphm xm ns="http://graphm . gr aphdr awi ng. or g/ xni ns" > If AD«(hy) € EDictthen
<key id="aton for="node" attr.name="atoni attr.type="string"/> i X
<key id="label" for="edge" attr.name="edgelLabel " attr.type="string"/> EDict.ID:= EDict.ID+1
<graph id="Gl" edgedefaul t="undirected" info="hal othane"> EDict.Edge:=EDict.Edge+{h)
<l-- nodes --> Return EDict
<node id="1"><data key="at on{ >Br </ dat a></ node>
<node id="2"><data key="at on{>C</ dat a></ node> . . o
<node id="3"><data key="atont >0 </ dat a></ node> Figure 4 Procedure of Processing Edge Dictionary
<node id="4"><data key="at on{>C</ dat a></ node>
<node id="5"><data key="at ont>F</ dat a></ node> H H H
<node id="6"><data key="at ont >F</ dat a></ node> Halothane compound shown in Figure 2 contains Gsdg
<node id="7"><data key="atonl >F</ dat a></ node> <BF,S,C>, <C’5,C|>, <C,S,C>, <C,S,F>, <C,S,F> amSﬂ:>.
<l-- edges --> These edges are inputted to the edge dictionaryhdnedge
d ="1" t t="2"><data key="I abel ">s</ dat a></ ed it ioti icti
<edge Sources"2" target =" 3" s<dat & Key"| abel * sa< dat as</ edgen dictionary, the distinct edges are searched. Taeret distinct
<edge source="2" target="4"><data key="|abel " >s</dat a></ edge> edges in halothane: <Br.s,C>.<C.s.Cl>.<C.s.C> qa$ >
<edge source="4" target="5"><data key="|abel " >s</dat a></ edge> ) T A ! = . ’ )
<edge source="4" target="6"><data key="| abel " >s</ dat a></ edge> After that each of these distinct edges are matebitdedges
<edge source=ra’ target=17"><data key='label ">s</ dataz</ edge> in the dictionary. If the edge is not defined i tHictionary
EfS[ZSEE N the edge is inserted into the dictionary with ueidgdentifier.
If the edge is already defined in the dictionathg tedge is
Figure 3 GraphML File of Halothane Compound filtered out. In this way, the dictionary can sawe storage

space. Assume that there is no edge in the edgerdicy and
halothane is the first compound entering into théRS
structure. Table 1 shows the edge dictionary caointgi the
edges in halothane.

The input GraphML file of halothane is parsed uskng
parser in the preprocessing step. The verticeaidtedge list
of halothane are as follows.

1 2 3 45 6 7 Table 1 Edge Dictionary Containing Edges in Halotha
Vertices list( halothane): Br C CI C F F F
ID Edge
1 Br,s, C
Edge list(halothane): <Br,s,C>, <C,s,Cl>, <C,s,€€,s,F>, <C,s,F>, <C,s,F> 2 C,s, Cl
3 C,s,C
4 C,s F

B. Storage

The storage contains two partdge dictionary and edge D- Subgraph Decomposition Engine
code storeEdgedictionary stores the edges of the incoming
graphs to the systentdge code storage stores the edge codﬁ1
of incoming graphs and their subgraphs CGRS, the graphs
are transformed to their edge codes and these amligs are

Graph decomposition is the enumeration of all cotet
duced subgraphs of a graph. All edges in gr&plare
partitioned into subsets so that each subset isirttieced
subgraphd) of G. The smallest subgraph contains two nodes
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and one edge exactly. Subgraph decomposition engir@mntains 21 subgraphs and these subgraphs ared sitore
contains two steps: (1) findingorganizer between subgraphs CGRS structure.

and (2) forming a new subgraph by unifying two saipis. E. Edge Code Generating Engine

In the first step,c-organizer is Qetermined be_tween WO A graph is represented holistically into an edgdecthat
subgraphs. To compute c-organizer, the verticestwdi  captures the structural representation of the graple edge
subgraphs are thiels of corresponding vertices. The smallestcode  generating engine computes the adjacent edge
subgraphs of the original graph are all edgesi;gteph. The jrformation of each edge appeared in the graphryEegge in
number of subgraphs with their respective vertisedefined e graph is assigned with global unique identifigready
asiky wherei is the number of vertices andis the number of  yefined in the edge dictionary. For each edgthe adjacent
sgbgraphs with vertices. To cqmputékm subgraphs for the edges ot are investigated in the graph where the idensfadr
given graph, we need to examine whetBlersubgraphs have the adjacent edges are the global edge identifietse edge
c-organizer to merge these two graphs. In that casehave gictionary. Figure 6 describes the procedure farstmicting
some restrictions: to mer@, subgraphsg-organizer must be edge codes of the graphs.
‘1’ (i.e; the two subgraphs hdscommon organizer), and to
combine3k, subgraphs, the organizer must Beetc. Thusc- VEL(h € he
organizer need@-1) to combine twak,, subgraphs. To find- Find all gq; for each e EL(h)
organizer between subgraphs, we define the formada
follows:

Substitute eachgand e with corresponding EDict.ID
EC(h):= all e of each e

c-organizer =idy =Graph;si-1 Return EC(h)

In the second stepk,,, subgraphs are merged to form new
(i+1)k,, subgraphs depending on theorganizer in the
previous step. The formula of unifying two subgrapis
defined as follows:

V(Gnew) =id[V(@)] vid[V(g)]

The proposed subgraph decomposition engine wor
according to the step by step procedure decrib&igure 5.

Figure 6 Procedure of Constructing Edge Code

According to the procedure in Figure 6, the edgdecof
halothane compound is defined as follows:

Edge code (halothane): 1{2,3}2{1,3}3{1,2,4,4,4}4884}4{3,4,4}4{3,4,4}

k‘?able 2 describes the subgraphs of halothane Wwélr edge
codes.

n=|GJ, a=b=2, m=1 Table 2 Subgraphs and Edge Codes of Halothane Gordpo
For eache€ EL(G) do
_ No. Subgraph Edge Code
g:=e 1 BrC 1
SG.SubGraph:=SG.SubGrapkg,) 2 Ccl 2
3 cC 3
bk 1= blrtg 4 CF 4
m:=m+1 5 CCIBr 1{2}2{1}
; 6 CCBr 1{3)3{1}
While ((n-a)>1
ile ((n-a)>1) 7 CCCl 2{3}3{2}
For eachg; € bk, do 8 CFC 3{4}4{3}
For eachg, € bk, do 9 CFF 4{4}4{4}
10 CCICBr 1{2,3}2{1,3}3{1,2}
If (g #g) then 11 CCBIF 1{3)3{1,4)4{3}
If (Ig N g) =| g-1then 12 CCCIF 2{3}3{2,4}4{3}
B 13 CFFC 3{4,4}4{3,4}4{3,4}
g = {9} v {g} 14 CFFF 4{4,4}4{4,4}4{4,4}
SG.SubGraph:=SG.SubGrapl{g;) 15 CCICBrF 1{2,3}2{1,3}3{1,2,4}4{3}
ara+l 16 CCBrFF 1{3)3{1,4,4}4{3,4}4{3,4}
: 17 CCCIFF 2{3)3{2,4,4}4{3,4}4{3,4}
! , 18 CFFFC 3{4,4,44{3,4,4}4{3,4,4}4{3,4,4}
Figure 5 Procedure of Decomposing Subgraph 19 CCICBIFE 1{2,312{1,3}3{1,2,4,414{3,4}4{3,4}
Halothane compound shown in Figure 2 has 56 subgrap 22 ES(BZVIEEE 2{2}3{2’3’1‘1}1{3‘2'3}2{3’1’1}1{2’3’3}
in total. However, these subgraphs contains duglica {3)3{2.4,4,414(3,4.414(3,4.414(3,4.4}

subgraphs and our proposed system filters out tipfichted

F. Edge Code Querying Engine

subgraphs. In that case, filtering the duplicatetbgsaphs
cannot affect the original structure of input graph the
subgraphs are identical, only one subgraph is étoreCGRS
structure. Removing the duplicated subgraphs smraduce
the amount of storage space in our proposed sygtéer. the
duplicated graphs are filtered out, halothane camgdo

The edge code of the input query graph is matchitt
that of other graphs in the database to check ehdtie two
graphs are isomorphic or not. Using the proposent ebde,
the system finds the graphs that are exact matthetquery
graph. The input query graph can be graph isomsnplgjuery
or subgraph isomorphism query.
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isomorphic to the graph stored in the CGRS stregtilre two
graphs have the same edge code representation hend
proposed system concludes that the graphs are ipbinand
then the original graph stored in CGRS is display&d query
graph is subgraph isomorphic to the graph in CGRS,
system finds the original graph(s) that containgbery graph.
Then the original graph(s) in CGRS is displayede Hetail
description of graph query processing is discusseskction
VI.

V. CGRSALGORITHM

The CGRS algorithm works according to the steps

described in section V. For each input graph, algorithm
generates edge code for each graph and storesithenpe
code store. For edge dictionary, if the edges énittiput graph
are not already defined in the dictionary, thesgeedare
inserted into it with global unique identifiers.la 3 explains
notations used in CGRS algorithm.

Table 3 Notations Used in CGRS Algorithm

Notation Definition
GDB Graph databa
G Graph in GDB
EL(G) Edge listin G
EDict Edge dictionary
n No. of vertices in G
EC(G) Edge code of ;
MG Main graph rray list
SG Subgraph array list
e Edge of G
€ad Adjacent edge of e
bkn No. of m subgraphs with b vertices
D¢(G) Distinct edge in §

Alogrithm 1 CGRS

Input: GDB4—{G,G,,...,G}, EL(Gy), EDict
Output: cgrs, EDict
n=|G|, a=b=2, m=1
For eachG, € GDBdo
EDict:=UpdateEdgeDictionary(EL(EBEDict)
EC(G):=GenerateEdgeCode(EL(GEDict)
MG.Graph:=MG.Graplv {Gi}
MG.EdgeCode:=MG.EdgeCodeEC(G)
For eache € EL(Gy) do
g:=e
EC(g):=GenerateEdgeCode(ELYgDict)
SG.SubGraph:=SG.SubGrapHhg)
SG.EdgeCode:=SG.EdgeCad&C(g)
bk := bkntg;
m:=m+1
While ((n-a)>1)
For eachg; € bk, do
For eachg, € bk, do
If (g # g) then
If (I N gl) =| gl-1then
g ={oi} v {g}
EC(g):=GenerateEdgeCode(EljgEDict)
SG.SubGraph:=SG.SubGrapH(g;)
SG.EdgeCode:=SG.EdgeCod&C(g;)
ar=a+l
Return cgrs
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Procedure 2 GenerateEdgeCode(EL((3,EDict)

VEL(h) e he
Find all gqjfor each e= EL(h)
Substitute each.gand e with corresponding EDict.ID
EC(h):= all g of each e
Return EC(h)

Procedure 2 UpdateEdgeDictionary(EL(h),EDict)

ID:=0
For eache € EL(h) do
If @ =gthen
De(h):= &
If AD«hy) € EDictthen
EDict.ID:= EDict.ID+1
EDict.Edge:=EDict.Edge-+{hy)
Return EDict

VI. GRAPH QUERYPROCESSING

Using CGRS, two types of graph queried can be ssem®
graph isomorphism query and subgraph isomorphisenyqu

A. Graph Isomorphism Query

Graph isomorphism query retrieves the graph in the
database that is equal to the given query graghcan be
responsively answered without candidate verificatiorough
the use of proposed CGRS structure. Candidateicagidn is
to test whether each graph in the candidate setdised the
result of the query. When the query graph entaesquery is
transformed into edge code. The query’s edge odwiched
with all graphs’ edge codes that are the samedditlee query
graph. Then, the database graph is returned thathesmthe
graph query. The following algorithm describes ttep-by-
step process for graph isomorphism query.

Algorithm 4 GraphlsomorphismQuery

Input: CGRS-structure, EDict,G
Output: D «—{G}
EC(G):=GenerateEdgeCode(EL{GEDict)
vV G € CGRS-structure
If |Gy =G| then

If EC(G) is matched with EC((Bthen

Dy:=G

Return Dg

Suppose the edge code of the query graph is catest
using proceduré&enerateEdgeCodeNe assume that a query
graph has at least two vertices and one edge. Yéblist a
necessary condition that forms the basis for pingsexact
graph isomorphism queries. Thus we state the fatigw
theorem.
Theorem 1 Given a query grapb, if Q is an exact graph of
database grapB, then ECQ) = EC(G).
Proof. By definition, if Q andG are same, then every edge of
Q appears irG. while applying procedur&enerateEdgeCode
on Q, all adjacent edges for every edgeQ@nwvere computed
during the edge code construction fQ@. Therefore, if
parametric quantities of EQJ are identical to EQ), then
EC@Q) = ECG).

The intuition is as follows. If a query is an ekgcaph of
the database graph, then its edge list is equaktedge list of
the database graph. Therefore, the adjacent edgexlo edge




that appear in the edge code of the query willritediy appear
in the edge code of the database graph.

B. Subgraph Isomorphism Query

A subgraph query retrieves all the graphs in thmlthse
that are supergraphs of a given query graph. Spbgr
isomorphism query can be responsively answered owith
verification through the use of proposed CGRS. Wlhien
query graph enters, the query is transformed intedge code.
The query’s edge code is matched with all grapgeecodes
that are the same size of the query graph. Thend#tabase
graphs are returned that contain the subgraph guEng
following algorithm describes the step-by-step pssc for
subgraph isomorphism query.

Algorithm 5 SubgraphlsomorphismQuery
Input : CGRS-structure, EDict,G
Output: G,y G}
EC(&):=GenerateEdgeCode(EL{GEDict)
VvV G € CGRS-structure
If |G| =|G| then
If EC(G)=EC(G) then
If Giis DB graphthen
Dy:=Dg+ G
Else if G is the subgrapthen
find supergraph f G
Dy:=Dg+ G
Return Dy
Assume that we construct the edge code of the qgraph

using procedur&enerateEdgeCodaNe establish a necessary

condition that forms the basis for processing sapiyr
isomorphism queries. Thus we state the followireptem.
Theorem 2 Given a query grapl®, if Q is a subgraph of
database grapB, then ECQ) <€ EC(G).

Proof. By definition, if Q is a subgraph d&, then every edge
of Q appears inG. while applying procedure 2 o, all
adjacent edges for every edgeQrwere computed during the
edge code construction fo€. Therefore, if parametric
qguantities of EQQ) are contained in EQG), then ECQ) <
EC(G).

The intuition is as follows. If a query is a sulghmaof a
database graph, then its edge list is a subséteoédge list of
the database graph. Therefore, the adjacent edgexlo edge
that appear in the edge code of the query willritediy appear
in the edge code of the database graph.

VIl. EXPERIMENTALRESULTS

A performance study for CGRS is presented in thiisn
which is focused on chemical compound graph datas
Chemical graph datasets are in the forms of imdgs $uch
as (.png) files and XML files. Chemical
downloaded from http://pubchem.ncbi.nlm.nih.gav/CGRS
applied OrientDB to store information about registegraphs
in our proposed system. Therefore, we compare CBRS
OrientDB to describe our comparison results. Moegpv
OrientDB’s Apache 2.0 license is extremely liberdhe
performance evaluation judges the efficiency of pheposed
work.

datasetse ar

A. Performance Analysis of Storage Space

A comprehensive study on chemical compound dataset
compare storage space of CGRS and other technigases
conducted. The storage space for various typesaphg such
as complete, dense and sparse graphs was studainplete
graph is a graph that contains the maximum numbedges
i.e. n(n-1) edges in the graph. A dense graph ggaph in
which the number of edges is close to the maxirnattrer of
edges. A graph with only a few edges is calledasspgraph.
Figure 6 shows the analysis of storage space tcat
different graph structures. Various numbers of gsapetween
500 and 3000 graphs are tested. The maximum giiaphss
195 (i.e., no. of edges in the graph) and the mimmrgraph
size is 3. Storage space of four techniques suémage file,
xml file, OrientDB and CGRS are analyzed.
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—8— Image file(.png
—&— XML

—- OrientDB
——CGRS

—~

500 1000 1500 2000 2500 3000
No. of graphs

Figure 6 Analysis of storage space for variousofigraphs between
different graph structures

From our empirical analysis, the storage space GRE
using edge code is compact when compared to image
file(.png), xml file and OrientDB. It can reduceaalt 8 times
storage space than image file(.png)and about m@stithan
xml file. It can also reduce the storage space a#@1 times
than OrientDB.

Figures 7, 8 and 9 show the storage space toaafloc
sparse, dense and complete graphs for differenphgra
structures. Various numbers of graphs between 2d01800
graphs are tested for different types of graph$ sicsparse,
dense and complete graphs. CGRS saves storage aipauate
23.83 times and 10.79 times for sparse graphs wbempared
to image file(.png) and xml file. It can save therage space
about 7.49 times than OrientDB for sparse graphsaves

€lbout 10.77 times, 6.35 times and 4.53 times stospgce for
dense graphs when compared to image file(.png),fikenhnd
OrientDB. It also reduces about 4.56 times and 3ifs
storage space for complete graphs when comparéuage
file(.png) and xml file. It can save the storagaapabout 2.94
times than OrientDB for complete graphs.

82



4500

4000

3500

3000

2500

2000

1500

1000

500

—8— Image file(.png)
—A— XML

—- OrientDB
—4—CGRS

N

4

o
4 v

»

. ¥

n
Q
=]

400 600 800 1000

No. of Graphs

Figure 7 Analysis of storage space for sparse goaphieen different graph

structures
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In CGRS algorithm, generating edge code taR€3m) times
as follows. CGRS algorithm takes comparisons to generate
distinct edge list of each graph whereis the number of
edges in the graph. The same numbemotomparisons is
required to check the edge dictionary whether tiges in the
input graph already exist in it or not. Themcomparisons are
needed to get the adjacent edge information of ®dgehe
graph. Therefore, the total number of comparisaeded for
constructing edge code [im+m+m)=3m.

Table 4 describes computational time complexitineen
four techniques for generating graph representatiugctures
such as canonical code, OrientDB, F-GAF and edg#e.co
Table 5 shows the number of comparisons betweem fou
techniques for 100 graphs. CGRS can reduce at [t
times computational time complexity when comparedtd
canonical labeling. It can reduce about 5 times maational
time complexity than OrientDB. It can lessen atste®.33
times computational time complexity than F-GAF.

Table 4 Computational Time Complexity between Fbechniques

Technique Computational Time Complexity
Canonical Coc o(n!)
OrientDB O(nm)
F-GAF O(4m)
Edge Code O(3m)

Figure 8 Analysis of storage space for dense gbeplieen different graph

structures
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where,
n= number of vertices in the graph
m= number of edges in the graph

Table 5 Comparison between Four Techniques for)(@d@phs

No. of graphs in GDB=100
Techniques

No: of No. of Canonical . Edge
vertices | Edges Code OrientDB F-GAF Code

Sparse graphs
10 12 3.62x1H 1.2x10 | 4.8x16 | 3.6x10
15 18 2.4x18 46x10 | 9.2x1G | 6.9x1G
20 24 2.65x1% 1.05x10 | 1.4x1d | 1.05x1d

Dense grapt
10 21 3.62x19 2.5x10 1x10 7.5x10
15 28 2.4x18 8.4x10 | 1.6x1d | 1.26x1d
20 35 2.65%1% 1.53x10 2x10 1.53x10
Complete graphs

10 30 3.62x19 4x10 1.6x10 | 1.2x10
15 40 2.4x1*¢ 1.16x1C | 2.3x1¢¢ | 1.74x1¢
20 48 2.65x1Y 1.8x10 | 2.4x1d | 1.8x1d

C. Performance Analysis of CGRS Construction Time

CGRS is implemented in java and uses OrientDB graph
database to store CGRS structure. All experimeet® vnade
using Pentium(R)Dual Core CPU with 2 GB memory and
Window 8. From the empirical analysis, executiongivaries

Figure 9 Analysis of storage space for completelytzetween different graph  for sparse, dense and complete graphs. This isubecaur

structures

B. Performance Analysis of Computational Time
Complexity

The computational time complexity of an algorithm
guantifies the amount of time taken by an algoritormun as a
function of the size of the input to the problemheTtime
complexity is commonly estimated by counting thenber of
elementary operations performed by the algorithnenehan
elementary operation takes a fixed amount of timperform.

proposed work is based on edge based representhigure
10 shows the construction time for various no. cdphs
between CGRS and OrientDB. In our analysis, theirmim
number of vertices in a graph is 3 and maximum remuds
vertices is 90.

From the empirical analysis, the construction tinvasy
depending on the numbers of graphs in the storagetsre.
Number of graphs between 200 and 1000 graphs stezitand
takes the average graph construction time to com@&RS
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and OrientDB. In average, CGRS reduces about Bn@sti 500000
construction time than OrientDB for sparse grapfts. dense
graphs, CGRS reduces about 4.5 times construdtias tthan 500000
OrientDB. It lessens about 4.2 times constructionet for z
T 400000
1200000 é
=
.S 300000
1000000 S ---#--- Sparse Graph
’g '3 = & = Dense Graph
E é 200000 —&— Complete Graph
[t 800000 ---#--- Sparse_CGRS
'% ---- Dense_CGRS 100000
S 600000
g —#— Complete_CGRS o
8 400000 -k Sparse_OrientDB 10 15 20 25 30 35
--k-- Dense_OrientDB No. of vertices in graph
200000 —&— Complete_OrientDB
0
200 400 600 800 1000
Figurel2 Analysis of CGRS construction time fofeliént types of graph
No. of Graphs using subgraph decomposition
complete graphs when compared to OrientDB. D. Performance Analysis of Query Response Time

Figure 10 Analysis of construction time for varidus. of graphs between
CGRS and OrientDB

Figure 11 shows the analysis of construction tiraevieen
CGRS and OrientDB using various vertices sizes.GBRS,
construction time can save about 7.58 times thaen@B for
sparse graphs. The construction time can save &btmies in
CGRS for dense graphs when compared to OrientDB. F
complete graphs, CGRS reduces about 5.33 timedraotisn

Figure 13 shows the analysis of the query resptinse
between CGRS and OrientDB for graph isomporphiseryqu
Average query size is 60 and we apply chemical bdestes
with various sizes containing 200 to 1000 graphssuine that
the query size is the no. of edges in the graptaudme our
Jroposed work is based on edge-based represent&tiom
our analysis result, the query response time of SEGR
reduced about 6.25 times for sparse graphs oventB. It

4000 can decrease about 6.2 times for dense graphs edmpared
13500 to OrientDB. The querying time of CGRS lessens algo09
times than OrientDB for complete graphs. Therefdie
7 3000
E‘ 2500 M Sparse_CGRS 3000
’E —--#--Dense_CGRS
£ 2000 ~ 2500
é 1500 —#— Complete_CGRS é ~M- Sparse_CGRS
§ --&- Sparse_OrientDB g 2000 = Dense_CGRS
1000 ? —8— Complete_CGRS
--k=--Dense_OrientDB 1 1500
500 > -4+ Sparse_OrientDB
—&— Complete_OrientDB & .
0 > 1000 --k--Dense_OrientDB
10 20 30 40 50 60 S )
No. of vertices in graph (o4 —h— gompletefOnentD
500 —8— CGRS
; ; 0
times than OrientDB. o ' o 200 400 500 80 1000
Figurell Analysis of construction time for variows of vertices in
graph between CGRS and OrientDB No. of Graphs
Figure 12 shows the analysis of CGRS constructioe t

over sparse, dense and complete graphs using glibgraquerying time of CGRS decreases about 6 times than
decomposition. From our analysis result, it takesentime for  OrientDB in average.

complete graphs when compared to sparse and deagksg Figure13 Analysis of query response time for vasioo. of graphs
The construction time of sparse graphs can redboeta.4 ) between CGRS and OrientDB )
times than complete graphs. For dense graphs, rootish Figure 14 shows the analysis of query response fane
time can save about 1.5 times when compared to letenp Various guery sizes between CGRS and OrientDB. Fsam
graphs. empirical result, the query response time of CGR&uces

about 6.45 times than OrientDB for query size (d0)can
reduce about 6.08 times than OrientDB for querg 420).
For query size (40), the querying time of CGRS dases
about 5.91 times than OrientDB.
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Figure1l4 Analysis of query response time for vagiquery sizes between
CGRS and OrientDB

Figure 15 shows the analysis of the query resptinse
over 1000 database graphs for various numbersrtitee in
graph between CGRS and OrientDB. From our anafgsislt,
the query response time of CGRS reduces about t6r#s
than OrientDB for sparse graphs. It can lessen tab&utimes
than OrientDB for dense graphs. The querying tin@@RS
also reduces 4.95 times for complete graphs whepaced to
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OrientDB. Therefore, the query response time of GGR

decreases about 5.91 times than OrientDB in general
Figure 15 Analysis of query response time over Q)@daphs for various
no. of vertices in graph between CGRS and OrientDB

Figure 16 shows the analysis of subgraph queryoresp
time over (1000) database graphs for various noedfices
(10-60) in the graph. The maximum graph size indhbase
is 195 and minimum graph size is 5. The average dizjuery
graph is 9. From our analysis result, it takes mtoree for
complete graphs when compared to sparse and deagksg
The subgraph query response time of sparse gravhseduce
about 2.08 times than complete graphs. For deregghgr the
response time can reduce about 1.39 times when arechpo
complete graphs.

Figure 17 shows the analysis of subgraph quenyorese
time for various subgraph query sizes (7-12) in ghaph.
From our analysis result, it takes more time whea query
graph size is larger. The query response time ddp@nds on
the number of database graphs which are supergddjfigen
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query graph. For query size 7, the subgraph quespanse
time decreases about 1.6 times than query sizé&dr2query
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Figure 16 Analysis of subgraph query response tivez (1000) graphs for
various no. of vertices in graph
Figure 17Analysis of subgraph query response time for vargwbgraph
query sizes

VIII.

Our goal is to process graph isomorphism query and
subgraph isomporphism query in CGRS efficientlyu§ha
new way of representing a graph holistically vizdge code
is proposed. Graphs can be stored in CGRS and egueri
holistically. CGRS avoids verification for answegirgraph
query using edge code. CGRS is effective in stogiragphs in
terms of storage space. From our empirical analytie
storage space of CGRS can save about 8 timesriageifile
(.png), about 4.9 times than XML file and 4.31 tanihan
OrientDB. The construction time of CGRS can redatkeast
3 times when compared to OrientDB. The queryingetiof
CGRS reduces about 6 times than OrientDB. Perfocman
analysis offers a positive response to our newlgppsed
CGRS structure for efficient graph query processing

CONCLUSION
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