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Abstract — Frequent subgraph mining (FSM) is a
subset of the graph mining domain that is extensively
used for graph classification and clustering. Over the past
decade, many efficient FSM algorithms have been devel-
oped with improvements generally focused on reducing the
time complexity by changing the algorithm structure or
using parallel programming techniques. FSM algorithms
also require high memory consumption, which is another
problem that should be solved. In this paper, we propose
a new approach called Predictive dynamic sized structure
packing (PDSSP) to minimize the memory needs of FSM
algorithms. Our approach redesigns the internal data
structures of FSM algorithms without making algorithmic
modifications. PDSSP offers two contributions. The first
is the Dynamic Sized Integer Type, a newly designed
unsigned integer data type, and the second is a data
structure packing technique to change the behavior of the
compiler. We examined the effectiveness and efficiency
of the PDSSP approach by experimentally embedding it
into two state-of-the-art algorithms, gSpan and Gaston.
‘We compared our implementations to the performance of
the originals. Nearly all results show that our proposed
implementation consumes less memory at each support
level, suggesting that PDSSP extensions could save
memory, with peak memory usage decreasing up to 38%
depending on the dataset.

Key words — Frequent Subgraphs, Data Mining,

Memory, Space Complexity.

I. Introduction

Data mining extracts useful information from large
databases. Graph mining is a subdomain of data mining
that focuses on information extraction from graph-based
structured data and is used in a variety of real-world
and scientific applications, such as social networks and
bioinformatics. The size of the graphs used in graph

mining is growing rapidly, having now increased well
into the petabytes!!l. In 2000, 2.1 billion vertices and
15 billion edges existed on the web graph created by
search engines!?. Today, search engines leverage new
infrastructures that support even larger web graphs,
which can include over one trillion vertices!l.

Genome sequencing is another important research
area using graph mining. Recent works have attempted
to solve the genome assembly problem by using graphical
representations of the genomes. One example is the de
Bruijn graph that was generated based on a k-mers
calculation in Velvet algorithms. The maximum number
of nodes in this graph reached nearly 4 million!.

The most widely used application domain of graph
mining looks at graph pattern mining problems, also
referred to as Frequent subgraph mining (FSM). These
challenges are wellstudied with numerous applications in
areas such as computational chemistry, bioinformatics,
and social networks!®/. FSM considers the enumeration
of frequent subgraphs, either in a single graph or a graph
database. During the enumeration of subgraphs, memory
requirements become exponentially larger compared to
the size of the input data. For this reason, various methods
exist to optimize memory and CPU usage of these FSM
algorithms. Improvements have focused on distributing
the computational power and memory requirements
to different nodes by parallelization techniques, like
Map/Reduce or the Message passing interface (MPI).
Using compression techniques, changing the data storing
structure or format with new technologies, such as
Cassandra or Hadoop, offer additional working solutions.
However, all these optimization techniques require
modifications to the FSM algorithms.

Applying High-performance computing (HPC) for
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FSM applications is an active area of research, especially
on Symmetric multiprocessing (SMP) systems. In these
systems, one shared memory is used by more than one
core. Any FSM algorithm paralleled on an SMP system
requires more memory than a single-threaded counterpart
configured to increase the level of parallelization owing
to the data sharing needs between threads. As a result,
space complexity becomes a more significant problem for
this type of systems!©.

In this study, we develop a new approach to decrease
the memory requirements of FSM algorithms when they
are run as a single-threaded implementation or an HPC-
based structure. Our proposed approach can be applied
to various FSM algorithms and does not require these
algorithms to be redesigned!”.

The remainder of this paper is organized as follows.
We first define several FSM preliminaries and challenges
in Section II. In Section III, we discuss our method and
describe our experimental study in Section IV. The final
section offers conclusions of our research.

II. Definitions

A graph is constructed by pairing a set of vertices
V with a set of edges E and is defined by G = (V, E),
if £ C VzV and every edge e € E relates to a pair of
vertices (v1,v2).

Two graphs G; and Gy are isomorphic if G; =
(Vi, E1) and Gy = (Vh, Es) are topologically identical.
This relationship means that there is a mapping from Gy
to G2 such that each edge in F; is mapped to a single
edge in Fy and vice versa. If the graph includes labels,
then this mapping must also exist between the labels on
the vertices and edges.

The graph G2 = (Va, Es) is a subgraph of another
graph G; = (V1, Fy) when Vo C Vi, Ey C Ey(vl,02) €
Ey; — V4 €V, and vy € V5 can be found, as in Fig.1.

(®)
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Fig. 1. Representation of graph. (a) G1; (b) Subgraph of G

The graph G; = (V1,F7) in Fig.1(a) containing
the vertex set Vi = {a,b,¢,d,e} and edge set E; =
{ab,ad, be,be, ce,de} is shown. So, the graph Gy =
(Va, Es) of Fig.1(b) with vertex set Vo = {¢, d, e} and edge
set By = {ce de} is a subgraph of graph Gj.

Subgraph isomorphism occurs between two graphs
Gy = (W4, E1) and G2 = (Va, E) when an isomorphism
between G5 and a subgraph of G exists. In other words,

identifying this characteristic is important to determine
if G5 is included in G.

A frequent subgraph is defined as a graph that
frequently occurs within a graph database, which is a
special type of database comprising of a single large graph
or multiple small graphs. Given a labeled graph dataset
Gp = {G1,Ga,..
subgraph g is the percentage (or number) of graphs in
Gp where g exists as a subgraphl®). If D is the input
database, then the graph support Gp is denoted by Sup
(Gp).

Frequent subgraph mining is the process of discover-
ing subgraphs within a given set of graphs®!. For example,
with the presented graphs in Fig.2(a) and 2(b), a frequent
subgraph is the graph shown in Fig.2(c).

Many efficient FSM algorithms have been developed,
such as gSpan!'%, Gaston!''], CloseGraph('?/, SPINUI3,
Mofal¥, EDCI® and FSGE®. In these studies, two
basic approaches were applied to the FSM problem. The
first approach shares similar characteristics with Apriori-

., Gk}, the support or frequency of a

based frequent item set mining algorithms as it begins
searching for small-sized subgraphs, and then extends
the search by joining subsequently found subgraphs.
The well-known Apriori-based frequent subgraph mining
algorithms include AGM, FSG, and an edge-disjoint path-

join algorithm!*7!.

(a) (b)

()

Fig. 2. Representation of graph. (a) Input graphs; (b) and (c)
Frequent subgraph

The second approach employs a pattern-growth
algorithm that begins at an initial edge and extends the
graph by directly adding a new edge in every possible
position. Then, the process checks if the generated graph
supports a threshold value. Well-known pattern-growth-
based graph mining algorithms include gSpan, MoFa,
SPIN, and Gaston!'8:19,

The gSpan and Gaston algorithms are applied to
testing our proposed approach. gSpan (graph-based
Substructure pattern) uses DFS-codes for presenting and
storing graph; The test to search and compare frequent
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subgraphs for isomorphism is performed via a DFS code
tree. So, with this feature, gSpan does not require
candidate pattern generation as it generates all exact
frequent subgraphs.

gSpan also guarantees the completeness of the mining
results with minimum DF'S codes by pruning non-minimal
children from the solution space. Algorithm 1 describes
the pseudo-code of gSpan, which is an integration of the
algorithm descriptions presented in Ref.[10].

Algorithm 1 gSpan
Method 1 GraphSet_projection(GS, FS)
sort labels of the vertices and edges in GS by frequency;

remove infrequent vertices and edges;

relabel the remaining vertices and edges (descending);

S1:= all frequent 1-edge graphs;

sort S in DFS lexicographic order;

FS:= S8t

for each edge e in S' do
init g with e, set g.DS = {hlh € GS,e € E(h)};
Subgraph__mining(GS, F'S, g);

GS :=GS — ¢
if |GS|< minSup
break;

Method 2 Subgraph__mining(GS, FS, g)
if g # min(g)
return;
FS:=FSuU{g};
enumerate g in each graph in GS and count g¢’s children;
for each c (child of g) do
if support(c) > minSup
Subgraph__mining(GS, F'S, c);
Enumeration of g: Finding all the exact positions of g in
another graph

All pattern-growth algorithms generate duplicated
candidates during the enumeration process. In gSpan,
these duplicated candidates represent non-minimal codes.
Instead of calculating the minimum DF'S code of s from all
possible DF'S codes and selecting the smallest to compare
with s, gSpan defines an efficient function ‘isMin(s)’ in
the ‘Subgraph mining’ method. As a heuristic search
designed using the DFS lexicographic order, this search
concludes when a prefix of a DFS is generated and is less
than s, representing that s is not minimal.

For support calculation and candidate enumeration,
gSpan uses a Transaction ID (TID) list that includes
the ID of each graph in the database containing the
corresponding subgraph.

To find the set of frequent graphs, we use the
memory-based algorithm Gaston (Graph sequence tree
extraction), which is based on the observation that most
frequent substructures in practical graph databases are
free trees. This algorithm employs a highly effective
strategy to enumerate the frequent free trees first.
Gaston first stores all embeddings (nodes and edges) to
generate only the refinements that appear and achieve fast
isomorphism testing. The paths and trees are checked

next, and the subgraph isomorphism test is performed
last. Gaston only outputs the cycled graphs, so it works
faster than gSpan, FFSM, and Mofa.

To summarize the Gaston algorithm, let P(U) be a
subgraph found in U. The first step finds all frequent
edges in the database, F';. For each frequent edge p,
the algorithm generates the descendants G of p with
the set of allowable extended edges L (for each block).
According to the type of G and the extended edges, the
algorithm determines the paths, trees, or cyclic graphs
in the database. The pseudocode if-else sections perform
these operations, as outlined in Algorithm 2.

Algorithm 2 Gaston
Input: U, one of the units of the database

sup, minimum support.
Output: P(U), the set of frequent subgraphs in U.
Fy = {frequent edges in U};
for each p € Fy {
L = {allowable extended edges of p};
for each allowable extended edge | € L {
G’ = Adding [ to p;
L’ = {allowable extended edges of G'};
if I is a node refinement {
if G’ is a path
find paths with G’ and L/;
else
find trees with G’ and L’;
}
else
find cyclic graphs with G’ and L’ ;

III. Predictive Dynamic Sized Structure
Packing (PDSSP)

In this section, we describe our contribution to the
standard FSM algorithm, which reads datasets from an
external resource, processes the data, and writes back to
the disk. A flowchart of the standard FSM algorithm is
depicted in Fig.3(a).

Our proposed PDSSP approach redesigns the
internal data structures of the FSM algorithm without
making algorithmic modifications, thereby acting only as
an extension. After applying the PDSSP to a standard
FSM implementation (FSM__PDSSP), the modifications
are depicted in Fig.3(b).

All FSM implementations use a fixed-type integer
for all variables. The idea of the PDSSP is that if
the maximum value to be stored in the integer-based
variables can be estimated, then varying-length integer
data types can also be employed. In this way, the memory
requirements of FSM implementations can be reduced.

We analyzed FSM implementations and observed
that only unsigned integers are utilized due to the
structure of the input data. Table 1 lists the standard
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unsigned integer types with corresponding storage sizes
and value rangesl®). We experienced high memory
usage when choosing improper integer data types.
Consequently, we focused on exploring a solution to create
varying-length unsigned integer data types.

Graph
dataset

Graph
dataset

Dynamic sized integer

v

FSM CORE

v

Data structure
packaging

FSM CORE

Frequent
subgraphs

Frequent
subgraphs

)
il

(@) (b)

Fig. 3. Flowcharts of standard FSM and PDSSP_ FSM

Table 1. Standard unsigned integer types and their
storage sizes and ranges

t
Type S O,rage Value range
size
Unsigned |y 0 to 255 (28)
char
Unsigned 16
short. int 2 bytes 0 to 65,535 (219)
Unsigned 30
int 4 bytes 0 to 4,294,967,295 (232)
1
Unsigned 64
; 8 bytes 0 to 18,446,744,073,709,551,616(2°%)
long int

FSM__PDSSP offers two contributions. First, the
Dynamic sized integer type (ds_Int) is a newly designed
unsigned integer data type that features a varying
capacity range from 0 to 2%4, which can be changed
on demand. Second, a “data structure packaging”
component uses a data structure packing technique that
adjusts the behavior of the compiler. Details about these
contributions are discussed in the following sections.

FSM implementations store the maximum possible
values of graph features in memory as an integer data
type regardless of the number of samples, edges, and
vertices in the dataset. PDSSP is designed to convert
this static memory usage into a dynamic state. Hence,
our proposed model includes two stages with a flowchart
of its implementation presented in Fig.4.

Read dataset Predictive
version
v switch

Analyze dataset '

S—
run precompiled

FSM_PDSSP vl
—

S
run precompiled
FSM_PDSSP v2

run precompiled

vertex and graph size fit to FSM PDSSP v3
_ _

ds_Int<3>

True

run precompiled

vertex and graph size fit to FSM_PDSSP_v4

—— Y
True
S
run precompiled

vertex and graph size fit to FSM_PDSSP_v5

S
True
)
run precompiled
FSM_PDSSP vé6

If edge,
vertex and graph size fit to
ds Int<6>

. \ )
[ruc

S
run precompiled |,

vertex and graph size fit to
FSM_PDSSP_v7
—

True

)
run precompiled

FSM_PDSSP v8
—

If edge,
vertex and graph size fit to
ds_Int<g8>

True

[ Run original binary ]

Fig. 4. Our proposed flowchart to use FSM with PDSSP

The first stage is the Predictive version switch (PVS)
that scans the input dataset file containing the stored
graphs digitized in the DIMACS[?Y format, as shown
in Table 2. On the “analyze dataset” module in Fig.4,
PVS determines the proper integer value range and
selects the appropriate pre-compiled PDSSP version to
execute. FSM__PDSSP is an FSM version for which the
primitive integer data type is replaced by the dynamic
length ds_ Int data type. An appropriate size of ds_ Int is
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determined by the range of values given in Table 3.

Table 2. Input dataset file format

t # <graph_id>

v <vertex_ id><vertex_ label>

e <edge_ from><edge_to><edge label>
<next_ graph_or_end_of file>

Table 3. Comparison of ds__Int and standard
integer types

Value Standard data ds_Int type | Saving
range type / size (byte) / size (byte) | (byte)
0 to 28 Unsigned char / 1 ds Int<1>/1 0

0 to 216 | Unsigned short int / 2 | ds_ Int<2>/ 2 0

0 to 224 Unsigned int / 4 ds_ Int<3>/3 1

0 to 232 Unsigned int / 4 ds Int<4>/ 4 0

0 to 240 | Unsigned long int / 8 | ds_Int<5>/5 3

0 to 248 | Unsigned long int / 8 | ds_Int<6>/ 6 2

0 to 256 | Unsigned long int / 8 | ds_Int<7>/7 1

0 to 264 | Unsigned long int / 8 | ds_Int<8>/ 8 0

The C/C++ languages enable changing primitive
integer data types only at compile time and not during
runtime.  Therefore, the FSM_PDSSP code is pre-
compiled before the operation for each type of ds_ Int. As
shown in Fig.4, a determiner module chooses the optimum
pre-compiled binary FSM__PDSSP based on the number
of edges, vertices, and graph size. If the determiner
module cannot identify a version to execute, then the
original binary is executed. Finally, the detected frequent
sub-graphs are written to the disk.

1. Predictive version switch (PVS)

The PVS is a preprocessing module developed as
an independent software that is modified to meet the
requirements of gSpan and Gaston. PVS takes as input
parameters the input dataset file, the name of the
algorithm, minimum support level, and output file, and
its pseudo-code is given in Algorithm 3.

After scanning the input dataset, PVS finds the
maximum integer values used to store the transaction
count, vertex number, edge number, and label numbers.
Then, PVS runs the appropriate PDSSP version.

2. Dynamic sized integer type (ds__Int)

A new unsigned integer variable type, ds_Int, is
designed as part of the solution. As seen in its pseudo-code
implementation in Algorithm 4, the idea of ds_Int is to
store unsigned integer values into an unsigned array using
bitshifting operations. Leveraging this method, ds_Int
can also support larger numbers than 254 with minimal
algorithmic modification. For this study, we limited this
scale to 2% to compare with the unsigned long integer
type.

The difference from the standard unsigned integer
type is that ds_ Int can be declared to store 1 to 7 bytes
and from 0 to 2%4 value correspondingly. In the C/C++
languages, primitive unsigned integers typically require

1, 2, 4, or 8 bytes but not 3, 5, 6, or 7 bytes. This
dynamically sizable ds_Int enables the programmer to
define 3, 5, 6, or 7 byte integers; hence, a significant
amount of memory is saved, depending on the dataset.
Algorithm 3 Predictive Version Switch (PVS)

PVS (A dataset file ds_file, an algorithm selection

alg_select, a minimum support level min_ sup, an output

file out_file)
Set TransactionCount, maxVertex, maxEdge, maxLabel

to zero;
Read graphs from ds_ file into Dataset
for each row in Dataset do
if type of row is transaction then
Increase T'ransactionCount by 1
else if type of row is label and label ID of row is
greater than maxLabel then
Set max Label to label_ID
else if type of row is vertex and vertex_ID of row is
greater than maxVerter then
Set mazVertex to vertex_ID
else if type of row is edge and edge_ ID of row is
greater than maxEdge then
Set maxEdge to edge_ID
end if
end for
if alg_select is gSpan then
Run “gSpan_ PDSSP” with ds_ file, min__sup, out__ file
else if alg_select is Gaston then
Run “Gaston_ PDSSP” with ds__file, min__sup, out__file
end if

Algorithm 4 ds_ Int
struct ds_ Int (An unsigned integer data InputData, size

of ds__Int value byte_ size)
Set StoredData with an empty unsigned char array in
byte_ size size
function get () returns integer
Set OutputData to zero
for i from 0 to byte_size do
Set Output DatawithOutputData & (i X 8 byte left
shifted StoredDatali])
end for
return OutputData
end function
function set (InputData) returns nothing
for j from O to byte_size do
Set StoredDatalj] to StoredData & (j x 8 byte right
shifted InputData)
end for
end function

Comparisons of ds_Int and standard unsigned
integer data types with corresponding storage savings
are shown in Table 3. When the upper limit of the
value range is higher, especially greater than 232, the
memory space savings increases. To demonstrate the
benefit of using ds_ Int, we tested the following example.
Assume 222 integer items exist in an array and the
maximum value to be stored is 23°. If standard integer
types are used to store the array, then an unsigned long
integer type must be preferred owing to its supported
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size limit. The memory space required for this operation
22
is calculated to be (Y7,8)/1024 = 32,763KB.

When a ds_Int<5> integer type is used for the same
operation, the memory space requirement reduces to

(232:21 5) /1024 = 20, 480KB, which is a reduction in the

memory requirement of (1 — gg‘;gg) =3™%

3. Data structure packing

Data structure packing is the final and fundamental
component of the PDSSP approach. First, we review how

data is stored and accessed in memory.

In computer systems, stored data in memory have
two properties: value and storage location (address in
memory). Data alignment means that the address of the
data should be evenly divisible by any power of 2 because
the CPU does not read one byte at a time. By default,
the value of the word size depends on the architecture of a
system. Word sizes tend to be 4, in most cases, and if the
size of the data is smaller than a word size, empty spaces
are added to the end of the data for data alignment. This
technique is called “padding”.

Compiler padding is illustrated in the following
example. Here, an int is assumed to be 4 bytes, and char
is a single byte. struct mydata {char C; int L; char B; int
Ji ks

Fig.5 illustrates how ‘struct mydata’ would be
padded to align with 4 byte boundaries. As the alignment
of an ‘int’ on this platform is 4 bytes, 3 bytes are added
after ‘char C’, and 3 bytes are added at the end of
‘char’ B. Because of this padding, the addresses of the
data in this structure are evenly divisible by 4, which
is a process referred to as structure member alignment.
As a consequence, the size of the structure in memory
increases.

In this case, the CPU must perform additional
operations to access the data, such as loading two chunks
of data, shifting out unwanted bytes, and then combining
them. These extra operations can slow the performance
of the CPUI?2),

As described above, our new data type ds_Int is
fully adjustable from 1 byte to 8 byte storage sizes and
avoids the misaligned data access caused by compiler
alignment options. In our C/C++ implementation, we
use the “#pragma” preprocessor directive to configure the
compiler to work with the specified structure packing size
when activated!?3].

The PVS scans the input dataset file and finds the
integer value range during the “analyze dataset” step in
Fig.4 before determining the appropriate ds_Int type.
As a result, if 3 bytes fit for the integer data type, our
proposed “data structure packaging system” selects the
ds_Int<3> data type.

Fig.6 illustrates the new memory alignment when
then integer data type reduces to 3 bytes. As a result, 6

bytes of waste have been saved with our proposed method.

C Padding

Padding Padding

LO L1 |L2| L3

BO

Padding Padding Padding

Jo| J1 | J2 |J3

Fig. 5. Memory alignment and padding of struct mydata

C LO L1 L2

BO (JO J1| J2

Fig. 6. Memory alignment when ds_ Int<3> used

4. Embedding PDSSP into FSM algorithms

As mentioned in the previous section, PDSSP is
designed as an extension to FSM implementations. To
embed PDSSP into an FSM implementation, memory
profiling will determine the most memory-demanding
data structures. If any greedy data structures are found,
these may be replaced by our ds_ Int types.

We used the Valgrind and Massif Visualizer tools24
to profile the memory consumption of the gSpan and
Gaston implementations. The most memory-demanding
data structures were determined and replaced with
the ds_Int type. The original data structures and
replacements are shown in Table 4.

IV. Experiments

We examined the effectiveness and efficiency of the
PDSSP approach by embedding it into two state-of-
the-art algorithms called gSpan and Gaston. We then
compared our proposed FSM__PDSSP implementation
with the classic implementation.

1. Datasets

To evaluate the performance of our PDSSP approach,
we conducted experiments with three real-world datasets,
Anticancer screen datasets (NCI)[?°l, Dobson and Doig
(DD) molecule dataset?! and the AIDS antiviral screen
dataset (AIDS)I?7l. In addition to these real datasets,

we also generated three synthetic datasets, named
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T10KV5KE14K, T58KV100E100, and T114KV200E200.
The metadata for each benchmark dataset is listed in
Table 5.

Table 4. The comparison of original data
structures and PDSSP structures

Original data structure
struct Edge{
int from;

int to;
int elabel;

gSpan-1

unsigned int id;
//other codes
b
struct PDFS {
unsigned int id;
Edge * edge;
PDFS * prev;
//other codes
h
struct Legoccurrence{
Tid tid;
OccurrencelD ccurrenceid;
Nodeld tonodeid, fromnodeid;
//other codes

gSpan-2

Gaston-1

}s

PDSSP data structure

#pragma pack(n)
struct Edge{

ds_ Int<v_ max>from;

ds_ Int<v_ max>to;

ds_ Int<elabel__max>elabel;

ds_ Int<e_ max>id;

//other codes

gSpan-1

b
#pragma pack()
#pragma pack(n)
struct PDFS {
ds_ Int<tid_max>id;
Edge * edge;
PDFS * prev;
//other codes

gSpan-2

h
#pragma pack()
#pragma pack(n)
struct LegOccurrence{
ds_ Int<tid_ max>tid;
ds_ Int<tid__max+1>occurrenceid;

ds_ Int<v__max>tonodeid, fromnodeid;
//other codes

Gaston-1

b

#pragma pack()

2. Test environment

For this study, we downloaded the gSpanCORK
implementation of the gSpan algorithm, which was
28] Gaston was

291 Because

developed by Thoma, Marisa, et al.l
downloaded from its official web sitel
both implementations are open source and coded in
C/C++, we easily embedded our proposed PDSSP
implementation. All source codes were compiled for x64

architecture in CentOS Linux release 7.1, with GCC 4.8.3.
The C++ compiler version that supports C11 standards
was used to compile the PDSSP binaries. The test
hardware included a 2-core Intel Xeon CPU E5-2670 2.60
GHz processor and 4 GB RAM. These implementations
were developed to run in a singlethreaded mode.

Table 5. Comparison of gSpan and gSpan+PDSSP on
benchmark datasets

Dataset
G IG] | [Vumax(G)] | [Emax (G)| | |Lmax-v| | ILvax-kl
NCI 20586 112 119 64 3
DD 1178 5747 14267 88 0
AIDS 56213 221 247 61 3
T10KV5
1031 4 142
KE14K 0317 5747 67 88 3
TH8KV1
58242 112 119 63 3
00E100
T114KV
200E200 114455 221 247 63 3

Note: \d|: the total number of graphs in the dataset;
|[Vaax (G)]: maximum number of vertices in any graph;
|EMAX(G)|: maximum number of edges in any graph;
|LMax-v|: maximum number of vertex labels;
|LMax.g|: maximum number of edge labels.

3. Experimental results

We executed our implementation and the original
on the benchmark datasets given in Table 5. The
original implementations of gSpanCORK and Gaston
were compared to the corresponding FSM_PDSSP
implementations that we label as gSpan+PDSSP and
Gaston+PDSSP. The running times and maximum
memory consumptions (e.g., peak memory) were collected
for various support levels. All tests were performed three
times to ensure consistency.

The results are shown in Tables 6 and 7 with
the memory usage listed in megabytes and run times
in seconds for each benchmark. The “gSpan Orig”
column corresponds to the original implementation, and
“gSpan+PDSSP” corresponds to the PDSSP embedded
version. The bold values in these tables indicate better
results.

The tests were repeated for various support levels
ranging from 5% to 30%. At the lower support levels,
run times were longer, as expected, which is why it
requires more time to find the frequent subgraphs at a
low support level while also consuming more memory.
Due to the subgraph isomorphism tests performed during
the frequent subgraph mining, the run time and allocated
memory increase exponentially with the size of the
dataset.

Tables 8 and 9 show the overall memory and run time
improvements achieved through our embedded PDSSP
approach. As shown in Table 8, the memory usage
is significantly reduced in all the cases, with savings
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ranging from 27.44% to 19.88% on all six benchmark
datasets, and an average improvement of 25.66%. The
table also indicates that improvement is accomplished by
our PDSSP approach. The run time is also slightly better
than the original implementation, as suggested from the
average run time of the six benchmarks that our PDSSP
embedded gSpan algorithm requires 1.15% less time to
run.

Table 6. Comparison of gSpan and gSpan+PDSSP on
benchmark datasets

To consider this observation, gSpan uses an adjacency list
for graph representation and Gaston uses a hash table,
which makes Gaston the fastest out of the four algorithms,
MoFa, gSpan, FFSM, and Gaston®®. We selected
gSpan as a “fairly optimized” representative, whereas
Gaston was chosen as a “well-optimized” representative
to demonstrate our approach. So, our embedded PDSSP
may cause some delay in Gaston, which represents a worst

Table 7. Comparison of Gaston and Gaston+PDSSP on
benchmark datasets

The results of our second experiment are shown in
Table 9. As with gSpan embedded with PDSSP, the
memory usage is also significantly reduced for Gaston
with PDSSP. The reduction ranges from 38.42% to
14.03% across the six benchmark datasets with an average
improvement of 26.65%. However, the run times for all
experiments are worse than the original implementation,
with an average run time 15.16% longer than the original.

2 2 Mem. usage (MB’s) Run time (Sec) - 2 Mem. usage (MB’s) Run time (Sec)
17} ~— ~—
4}: % Gaston Gaston + Gaston Gaston + é &' Gaston Gaston + Gaston Gaston +
A | 2 Orig. PDSSP Orig. PDSSP Al 2 Orig. PDSSP Orig. PDSSP
5 142,57 107,29 37,97 37,84 5 77,01 48,48 4,54 5,8
10 113,4 85,26 11,15 11,03 10 55,88 34,81 1,45 1,93
5| 15 94,33 71,18 6,66 6,44 5[ 15 45,33 28,62 0,87 1,13
Z |20 86,01 62,83 4,63 4,58 Z 20 36,41 24,13 0,6 0,76
25 74,36 54,38 3,71 3,69 25 30,49 20,13 0,46 0,59
30 75,8 54,75 3,3 3,32 30 28,46 13,89 0,39 0,27
5 84,68 59,72 718,24 717,87 5 40,27 34,15 142,86 164,15
10 82,46 57,17 171,21 168,14 10 37,68 31,55 40,32 50,37
A | 15 80,95 55,95 77,03 77,89 A | 15 35,2 30,43 21,12 23,32
A [20 81,14 55,38 47,72 47,37 A 20 33,38 29,04 12,61 15,42
25 79,54 54,51 32,56 31,72 25 33,33 28,74 8,42 9,83
30 78,79 54,39 23,47 23,28 30 32,47 27,8 6,18 7,06
5 147,82 110,12 10,93 10,7 5 53,84 34,23 1,36 1,88
10 96,98 71,83 5,19 5,11 10 48,36 29,86 0,7 0,93
A 15 92,86 68,18 4,1 4,02 A 15 43,55 27,47 0,51 0,66
2 [ 20 86,27 65,86 3,32 3,29 2 [ 20 41,06 26,25 0,4 0,52
25 78,4 58,27 2,68 2,61 25 35,64 23,84 0,32 0,38
30 75,36 57,26 2,47 2,39 30 33,14 21,71 0,25 0,05
S 5 2434 1827 684,71 671,71 S 5 1224 772,82 97,68 112,91
;;j 10 1699 1304 179,46 172,87 @ 10 | 836,11 513,39 29,58 34,6
S [ 15 1418 1050 102,59 99,27 S [ 15 | 63645 397,22 18,15 20,86
; 20 1188 906,99 71,42 69,81 ; 20 5274 331,93 12,37 14,85
© [ 25 1001 765,91 58,29 57,62 © [25 | 427,06 279,71 9,82 12,13
& [730 | 877,57 648,09 47,87 47,7 & [30 | 382,12 246,1 7,95 9,08
B 5 1927 1594 236,45 227,01 S 5 964,08 747,84 38,57 44,56
210 1412 1086 103,9 103,18 2 10 | 627,82 490,56 17,79 21,15
§ 15 1191 956,61 73,16 72,45 § 15 | 489,02 390,57 11,21 12,73
% | 20 1042 841,67 59,03 57 % [ 20 [ 427,09 351,73 8,22 10,06
= |25 | 927,74 746,53 51,2 50,99 = [25 395,7 318,78 6,61 8,02
& 730 | 919,89 731,68 46,27 45,88 & 730 | 387,75 309,25 5,48 6,01
X 5 190,18 138,58 25,80 25,99 X 5 107,21 90,07 6,51 8,71
5 | 10 [ 15378 110,98 12,54 12,38 = [ 10 71,99 59,63 1,47 1,83
< [ 15 145,49 104,14 10,04 10,18 < [ 15 45,63 38,70 0,75 0,83
; 20 135,00 99,48 9,13 9,39 ; 20 41,35 35,52 0,65 0,73
S | 25 128,77 92,43 8,65 8,69 S [ 25 36,81 33,23 0,60 0,66
& | 30 [ 12551 91,95 8,08 8,18 & [ 30 37,25 32,77 0,53 0,41

case for our approach of up to a 15% delay. While an
actual delay is expected to be much smaller, 15% remains
acceptable as the Gaston algorithm can operate up to
50% faster compared to gSpan. The corresponding rows
from Tables 6 and 7 may be compared to the run times
of gSpan and Gaston on the same dataset with the same
support level.

The memory requirements of the FSM algorithms
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are inversely proportional to the level of support.
Nearly all results suggest that our proposed PDSSP
implementation consumes less memory for each support
level. The experimental results show that FSM__PDSSP
saves memory with peak memory usage decreasing up to
38%, depending on the dataset.

Table 8. Memory and run time improvement for
the PDSSP employed gSpan algorithm

Memory Run time

Dataset gsgjjgviith gSpan with

Ppssp() | | DSSPCR)
NCI —25,90 -1,13
DD -30,87 -0,81
AIDS -25,31 -2,06
T58KV100E100 —24,57 -2,09
T114KV200E200 -19,88 -1,72
T10KV5KE14K —27,44 0,90
AVERAGE 25,66 1,15

Table 9. Memory and run time improvement for
the PDSSP employed Gaston algorithm

Memory Run time

Dataset gassjig\iith gaston with

ppssp(%) | TPSSP(R)
NCI —38,42 19,15
DD —14,58 17,25
AIDS -35,87 11,54
T58KV100E100 -36,70 17,55
T114KV200E200 -20,29 16,89
T10KV5KE14K -14,03 11,44
AVERAGE —26,65 15,64

V. Results and Discussion

Frequent subgraph mining is one of the most
challenging problems in the graph-mining domain. This
research provides the novel approach of PDSSP to
minimize memory consumption of FSM algorithms.

To demonstrate the efficiency of PDSSP, experiments
were performed on real and large synthetic datasets. The
total run times and maximum memory consumption were
compared with the original implementations. Our results
suggest that PDSSP significantly decreases memory
usage, although some delay may be introduced in the
run time of welloptimized FSM implementations, such as
Gaston.

Our PDSSP approach offers two contributions of a
new Dynamic Sized Integer Type as a designed unsigned
integer data type and a “Data structure packaging”
component. For future work, we plan to use MapReduce
and the MPI to improve the performance of our PDSSP
embedded FSM algorithms.
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