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Abstract. In recent years several frequent subgraph miners were pro-
posed. The authors of these new algorithms typically compared the run-
times of their implementations with those of previous implementations
to confirm the efficiency of their methods. To get a better perspective on
the mutual benefits of the algorithms, Worlein et al. [9] performed an ex-
perimental evaluation of re-implementations of several depth-first graph
miners, where also some statistics beyond runtimes were compared. In
this paper we present results of an additional experimental comparison of
several graph miners, which differs in the following aspects from this pre-
vious study: (1) we compare original implementations; (2) we compare
these implementations on a larger set of measures than runtimes, thus
providing further insight in the benefits of the algorithms; (3) we include
breadth-first graph miners and free tree miners in the comparison.

1 Introduction

Given a database consisting of small graphs, for example, molecular graphs, the
problem of mining frequent subgraphs is to find all subgraphs that are subgraph
isomorphic with a large number of example graphs in the database. References
to applications can be found in [2, 4,8, 3]. The first frequent subgraph miner was
Inokuchi et al.’s AGM algorithm (2000), for unconnected subgraphs. The algo-
rithm was followed by the FSG algorithm of Kuramochi and Karypis [7] (2001),
and an adaption of AGM, AcGM, for mining connected subgraphs [6] (2002).
These initial algorithms performed the search breadth-first; the first depth-first
graph miners were MoFA [2] and gSpan [10] (2002), followed by FFSM [5] (2003)
and GASTON [8] (2004). In parallel, also free tree (cycleless graph) miners were
developed: both the breadth-first FREETREEMINER (2003) and the depth-first
HYBRIDTREEMINER (2004) by Chi et al. (see [3] for references). The develop-
ment of new graph miners was motivated by the supposed inefficiency of earlier
graph miners. In this paper, we perform a large set of experiments with the im-
plementations of the graph and free tree miners that were used in most of these
original publications.

We have several aims by doing these experiments. First, our study veri-
fies earlier studies, both the studies of the original implementers, as the re-
implementation study of [9]. This provides either additional evidence for the
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results obtained in these studies, or will allow us to refute claims made in these
studies, in both cases providing us additional insights in the effects of, for in-
stance, implementation optimizations. Second, by computing additional mea-
sures, we wish to obtain a deeper understanding in the true benefits of the graph
mining algorithms. It can be observed that most graph mining algorithms can
be separated in separate components for ‘candidate generation’ and ‘candidate
evaluation’. Until now, most algorithms provide a unique combination for each of
these elements. By performing additional experiments, we can provide insight in
the question if it is useful to try out different combinations of these components.
Thus, this study is complementary to the earlier graph mining study of [9], and
our earlier study on the efficiency of frequent tree miners [3].

The paper is organized as follows. First, we shortly review the problem of
frequent subgraph mining and the frequent subgraph miners. The main part of
the paper consists of a large number of experiments. Finally, we conclude.

2 Concepts and Algorithms

In this section we briefly recall the most important concepts and algorithms.

Concepts A labeled undirected graph is a quadruple (V, E, A\, X), where V is
a set of vertices, E C {e CV : |e] = 2} is a set of edges, and \: VUE — X' is
a function that assigns labels to the vertices and edges. In this paper, we only
consider connected graphs, in which there is a path between every pair of nodes.
Graph G' = (V',E', N, X') is a subgraph of graph G if V' CV, E' C E, for all
x € VUE" : N(z) = A(x) and X’ C X. Graph G and G’ are isomorphic iff there
is a bijective function ¢ : V' — V' such that (1) V{v1,v2} € E: {¢(v1), p(v2)} €
E' and A({v1,v2}) = N(d({v1,v2})), (2) Vo € V : A(v) = N(é(v)). Graph
G is subgraph isomorphic with G’, denoted by G’ = G, iff G is isomorphic
with a subgraph of G’. The corresponding function ¢, which maps nodes from
the subgraph to the supergraph, is called an embedding. Given a multiset of
graphs D (also referred to as database graphs), the frequency (or support) of
a graph G, denoted by freq(G) is the cardinality of the set {G’ € D|G’ = G}.
Assuming that each database graph has an identifier, this set could alternatively
consist of identifiers; we refer to this set as the transaction identifier (TID) list
of the subgraph. Given a threshold minsup, a (pattern) graph G is frequent
iff freq(G) > minsup; frequent subgraph miners find all such subgraphs. An
important property is the antimonotonicity property that states that if G >
G, freq(G) < freq(G'). If we start searching from the smallest subgraphs, a
consequence of this property is that we do not need to consider supergraphs of
infrequent graphs; we can cut parts of the search space.

Two different subgraphs can be isomorphic with each other; let V- = {vy,va},
E = {{v1,v2}} and ¥ = {a, b}; then the graph G; = (V, E, A1, X) with A1 (v1) =
a and A\(v2) = b is isomorphic with the graph Gy = (V| E, A9, X)) having
A2(v1) = b and Ag(vz) = a. Care has to be taken that frequent subgraph miners
do not find such isomorphic subgraphs multiple times. All algorithms address
this issue by determining a canonical string for a graph. The idea is that every
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graph has a corresponding string representation, for example, (vy,ve, a,b) for Gy
and (v1,ve,b,a) for Gy. By imposing a total order on the strings of isomorphic
graphs, for example, lexicographically, we can decide that one representation
is the highest. This string is considered to be the canonical representation of
the isomorphic graphs. As no polynomial algorithm is known to compute graph
isomorphism or subgraph isomorphism, all graph mining algorithms use expo-
nential search algorithms to find the canonical label or embeddings; free tree
mining algorithms, on the other hand, can exploit polynomial algorithms.

Breadth-First Algorithms The breadth-first algorithms have the same
setup as the original APRIORI algorithm for mining frequent itemsets [1]. They
iterate a process of generating candidate subgraphs and determining their sup-
port in the database. Candidates are generated by joining two subgraphs that
were previously found to be frequent. After the joined subgraph is obtained, it is
checked whether all its subgraphs are frequent; if not, the candidate is pruned.

To represent candidates, AcGM and FSG use a canonical string that is ob-
tained from an adjacency matrix. FSG’s code allows for the quick computation of
the canonical string for any given graph. AcGM’s representation is optimized to
minimize the generation of non-canonical graphs. Chi et al.’s FREETREEMINER
is similar to AcGM, but uses a polynomially computable canonical string.

The search for embeddings is improved by exploiting the observation that
an embedding for a supergraph is also an embedding for its subgraphs. In FSG
and the FREETREEMINER, a TID list is stored with every pattern graph. AcGM
takes the idea a step further by also storing one embedding for each database
graph in the TID list, and using it as the start of the exponential search.

Depth-First Algorithms The depth-first algorithms do not subdivide the
search into strict candidate generation and candidate evaluation phases. Es-
sentially, each of these algorithms scans all embeddings of a subgraph in the
database, and collects from that scan the support of the refinements, i.e., the
individual edges and nodes that can be connected to the subgraph. The search
recurses immediately on each of the frequent refinements.

To avoid duplicate subgraphs in the output, all depth-first graph miners use
a special kind of canonical string, which has the property that every prefix of
the string is also canonical. A refinement corresponds to extending a canonical
string. For each extended string, it is checked whether it is canonical; any non-
canonical string can be removed immediately. Although for every refined string
it has to be checked with an exponential algorithm if the resulting string is really
canonical, an interesting property of most codes is that it often easy to decide
that a code is not canonical. As a small example, almost all codes sort sibling
nodes in the order of their labels. This order limits which new siblings can be
added; we will call this the ‘label trick’. Such simple tricks limit which nodes in
the data have to be scanned for extensions. gSpan, FFSM and GASTON differ
in their canonical string, and consequently, also in the ‘easy’ rules that can be
used to eliminate strings that are not canonical:
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— gSpan uses a code that consists of a list of edges in the order of a depth-first
traversal tree of the subgraph. Canonical refeinements can only connect to
a node on the rightmost path of this tree. The ‘label trick’ applies to gSpan.

— FFSM uses a code that consists of a concatenation of columns of an adjacency
matrix. The last column of the adjacency matrix restricts to which nodes
new nodes can be connected; ‘label tricks’ can also be applied in FFSM.

— GASTON uses a code that consists of a concatenation of a code for paths,
trees and cycles. The code allows to determine in O(1) time if a refinement
leads to a non-canonical code for a tree. The ‘label trick’ can not be applied.

— The HYBRIDTREEMINER uses another code to represent free trees. The code
is efficiently computable, and guarantees that trees or paths are never enu-
merated more than twice.

To evaluate the frequency of subgraphs, several alternatives have been proposed.
In gSpan and GASTON (RE variant) a TID list is maintained with every sub-
graph. All embeddings are recomputed for graphs in the TID list. For each
embedding, refinements that are not pruneable by easy rules, are counted. Non-
canonical refinements are pruned later.

An alternative is to not to recompute embeddings, but to store them, as only
embeddings of subgraphs can lead to embeddings of supergraphs. Although the
frequency of refinements could be collected from the data, FFSM and GASTON
(OS variant) use a more elaborate approach, in which the embeddings of some
refinements are obtained by joining the embeddings of other subgraphs. The
motivation is that this reduces the chances of building embedding lists for graphs
that are not frequent, as at least two subgraphs need to be frequent before an
embedding list is constructed. However, to reduce the number of subgraphs for
which the embedding list has to be stored at the same time, it is necessary
that joining is performed in a ‘local’ way in the search tree. To this purpose, all
algorithms require an additional set of embedding lists for graphs that are not
canonical.

3 Experiments

For our comparison, we obtained source code of the FREETREEMINER, the Hy-
BRIDTREEMINER and GASTON (RE, OS), and binaries of gSpan, FFSM, FSG
and AcGM. The source code was compiled using the GNU C compiler and the O3
compiler option. We used a range of 6 different datasets: (1) three tree datasets
(A1, A3, A4) were generated using Zaki’s tree dataset generator [11]. A4 is equal
to A1, except for the node labels. Most frequent trees in dataset A3 have diam-
eter 2, and differ mainly in degree of the nodes; (2) two molecular datasets. The
PTE dataset was used in [10, 8], and includes hydrogens in the graph encoding;
the Cancer datasets is a similar, although larger, dataset obtained from the Na-
tional Cancer Institute, and does not include hydrogen in the encoding?; (3) a
protein secondary structure dataset of Huan et al. [4].

3 We performed further experiments with molecular datasets and real-world tree
datasets. Results on these datasets are similar and omited due to space constraints.
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Properties regarding the number of equally labeled nodes, edges and neigh-
bors, are listed in Figure 1. These properties are important, as they yield a
higher branching factor in algorithms that perform an exponential search for
embeddings. The datasets represent a broad range of such properties.

To perform our experiments we used two computers: all cyclic graph datasets
were mined on an AMD Athlon XP1600+ with 512MB main memory, running
Mandrake Linux 10; all free tree datasets were mined on an Intel Pentium IV
2.8Ghz with 512MB main memory, running Red Hat Linux 7.3.

The results of runtime experiments are given in Figure 3. The experiments
are measured using the Unix time command and are averaged over 3 runs.

The experiments show the importance of the branching factor of subgraph
isomorphism algorithms. The depth first graph mining algorithms fail miserably
on the A4 dataset, which has a high branching factor (they run too long, or
consume too much memory); only the breadth-first FREETREEMINER performs
well. Otherwise, however, the FREETREEMINER usually performs worse than
FSG. The A3 dataset shows the difference between breadth-first algorithms that
have to find one embedding per database graph (like FSG), and depth-first
algorithms that have to find all embeddings. In some cases the breadth-first
graph miners run out of memory, which is caused by extremely large sets of
candidates.

The results on the cyclic datasets are similar to those on the tree datasets,
and confirm the observations of previous publications.

The runtime experiments however do not show whether differences are due to
a ‘better’ canonical form, as claimed by several authors, or due to more optimized
implementations or memory-runtime trade-offs. Results of experiments to assess
the quality of the canonical form are listed in Figure 4. The following statistics
are listed in this table:

— frequent graphs: the number of frequent subgraphs resulting from the runs
of all algorithms;

— suboptimality: the number of frequent subgraphs for which the canonical
string test is computed, divided by the number of frequent subgraphs; the
higher this number is, the less well does the code prevent isomorphic graphs
using easy rules, and thus more redundant supports are computed;

— join efficiency: the number of joins that results in a frequent subgraph, di-
vided by the total number of joins that is performed; the closer to 100% this
value is, the better does the algorithm succeed in only computing embedding
lists that are really frequent; in the case of GASTON, there is a distinction
between the joins between embedding lists of trees and of cyclic graphs;

— join necessity: the number of joins that results in a subgraph with support
higher than zero, divided by the total number of joins that is performed; if
this number would not be close to 100%, joining of embedding lists would
not make much sense, as we are performing many computations that an
algorithm that collects extensions from data would not need to perform.

For GASTON and the HYBRIDTREEMINER, we obtained these measures by chang-
ing the source code. For gSpan and FFSM, we used the Valgrind tool available
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A1 1% PTE 2% Protein 75%

Algorithm 1x 3x 5x Regression| 1x 2x 3x  Regression 1% 2x 3x

GasToN (0OS) 4.6s 14.8s 26.1s  5.5z-1.4s| 7.9s 15.2s 23.0s 7.5x+0.4s| 60s 116s 183s

Gaston (RE) 8.7s 27.7s 48.0s  9.92-1.8s|39.9s 76.3s 112.4s 36.223.7s| 148s 398s 643s
(78s) (166s) (290s)

FFSM 29.7s 55.7s 82.2s 26.3x+3.4s| 177s 353s 554s
(148s) (398s) (643s)

gSpan 15s 47s 81s 16.6x-2.2s| 100s 186s 271s 85.4x+14.9s

FSG 17s 35s 53s 9.1x+7.7s| 316s 402s 489s 86.3x+229.8s|1253s 2264s 3275s

AcGM 107s 170s 234s 63.52+43.3s

HYBRIDTREEMINER| 46s 146s 248s 48.9z-1.1s

FREETREEMINER [243s 715s 238.9z+1.5s

Fig. 5. Scale-up experiments on several datasets; experiments between brackets were
obtained on an Intel Pentium IV.

at www.valgrind.org. Valgrind makes it possible to count numbers of function
calls, even with sufficient reliability for binaries that have been compiled without
debugging information. We counted the number of calls to the isCanonicalForm
(FFSM) and isDuplicate (gSpan) functions, allowing us to determine the sub-
optimality of the graph codes. The functionality of these functions was confirmed
by the authors of the binaries.

The tables provide a large amount of information. Most interesting is the
good performance of gSpan’s code. In terms of optimality, this code performs
best in almost all cases. This result suggests that if we combine the code of gSpan
with the evaluation mechanisms of the other algorithms, we might achieve similar
runtimes as for these other algorithms. Comparing GASTON to FFSM, GASTON
is less optimal than FFSM on cyclic graphs, but joins more efficiently. Only
considering trees in the molecular databases, GASTON’s code is more optimal.
The good result of the HYBRIDTREEMINER on the A3 dataset can be explained
by the fact that most frequent subtrees in this database turn out to be (single)
centred; HYBRIDTREEMINER'’s tree code is optimized for such trees.

The most interesting observation is that there is no strong relation between
the runtime experiments and the efficiencies of the graph codes. Then what does
determine the efficiency of the graph miners?

More insights can be obtained from the experiments in Figure 5 and Fig-
ure 2. In Figure 5, we repeat the same mining experiments for increasingly
larger datasets that are obtained by concatenating the same dataset multiple
times. In general, the algorithms scale linearly. The constant in the linear re-
gression relates to the operations that are independent of the dataset size, such
as candidate generation. The time to count candidates is comparable in both
the breadth-first and depth-first graph miners that do not use embedding lists.
The effort to find all embeddings is apparently negligibly higher than the effort
to find only one. On the Protein dataset, however, the scale-up is not linear. If
we perform this experiment on two different computers, we can conclude that
he reason is the very small size of this dataset. Without using embedding lists,
the data fit all within the cache of the CPU, and the computation is extremely
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fast. On a computer with less cache (like the Athlon) the advantage of in-cache
computations is lost more quickly as the dataset grows larger.

Finally, the memory usage experiments show that the runtime differences
between FFSM and gSpan are the result of a memory-CPU trade-off. Please
note that the differences in memory usage are strongly influenced by the choices
made in the binaries for the amount of bits used to represent node labels, etc.,
and are therefore only indicative.

4 Conclusions

In this study, we have confirmed that there is not a strong relation between the
canonical string that is used and the runtime behavior of the algorithms. Poly-
nomially computable codes, such as used in frequent tree mining, are often less
efficient from a practical point of view. Of the many canonical codes that have
been proposed, the DFS code that was introduced in gSpan perform consistently
most well. Given its conceptual simplicity, this code should be preferred.

The differences between breadth-first and depth-first graph mining are sig-
nificant. In most cases, the depth-first miners are faster and require less memory.

Many of the runtime differences between graph miners can be attributed to
two aspects. First, there are the typical high performance computing issues, such
as caching behavior; second, there is the memory usage-runtime trade-off.
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