






of I/Os, since the disk I/O cost is dominant in overall performance.
Although gIndex performs worse than SwiftIndex and FG-Index
in the number of I/Os for large query sizes, it performs the best for
all query sizes except Q4 due to a good combination of the lowest
number of candidates and low disk I/O costs. This is because it
significantly outperforms FG-Index and SwiftIndex in terms of the
average number of candidates, although gIndex performs slightly
worse than them in terms of disk I/Os.
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(a) Cold Run.
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(b) Hot Run.

Figure 17: Average elapsed time by varying query sets
(PubChem, buffer size = 1000 MBytes).

4.4 Summary of New Findings

• There is no single winner for all experiments.

• To our surprise, although gIndex is the oldest method among
all representative graph indexing techniques we consider, it
performs the best for sparse datasets (AIDS and PubChem)
since its pruning power is the best, and thus, the I/O cost is
usually the lowest. Here, we obtain real disk I/O costs by
bypassing the OS filesystem caching. Note that all existing
work uses small datasets, and these files are already in OS
filesystem cache during query processing. Thus, the disk I/O
cost is marginal in existing experiments. However, in reality,
with large databases, the disk I/O cost is dominant in query
processing.

• gIndex performs slower than FG-Index dense datasets with
small labels, since it uses many ineffective features to mini-
mize the number of candidates, and thus the number of “in-
dex pages” (i.e., posting lists) accessed is the largest.

• The database construction costs of gIndex and FG-Index are
comparable to the tree feature based indexing techniques for
sparse datasets (only a couple of times slower). We also con-
firm this fact with Gaston [4, 24], a state-of-the-art tree/graph
mining tool, which supports tree/graph mining “from graphs”
within the same framework.

• For a small sparse dataset using large query sizes, SwiftIndex
performs the best in terms of elapsed time since it utilizes a
fast feature selection algorithm called PrefixQuickSI.

• Tree+� performs the best with large query sizes for dense
datasets in terms of the number of candidates since the previ-
ously reclaimed graph feature sets have good pruning power.
However, due to the cost of graph mining on the fly, it per-
forms very poor with small buffer sizes for dense queries and
datasets.

• gCode performs the worst with small buffer sizes for sparse
graph sets since 1) its index-level pruning power is much

lower than other feature-based indexing techniques, and 2)
index lookups over the vertex signature dictionary are very
expensive with small buffer sizes. Instead, gCode performs
the best in cold runs with large query sizes (Q20 and Q24)
for dense graphs in terms of disk I/Os.

• C-Tree performs poor for most cases since its index-level
pruning power is the lowest, and the cost of its pseudo graph
isomorphism test is more expensive than VF2. It is even
slower than SeqScan with small buffer sizes.

5. CONCLUSION
In this paper, we provide a comparison of disk-based graph in-

dexing techniques by using a common framework called iGraph
and full disk-based implementations rather than (full or partial) in-
memory based implementations. We performed extensive experi-
ments with small and large real datasets by varying parameter val-
ues such as the buffer size.

Although there is no single winner for all experiments, to our sur-
prise, gIndex, the oldest method among all representative graph in-
dexing techniques we considered, performs the best for most queries
for sparse datasets (AIDS and PubChem) since its pruning power
is the best, and thus, the I/O cost is usually the lowest. Tree+� per-
formed the best for dense datasets in terms of the number of candi-
dates, although it performed very poor with small buffer sizes for
dense queries and datasets. For dense graphs, gCode performed
the best with large query sizes (Q20 and Q24) with cold run in
terms of disk I/Os, while it performed the worst with small buffer
sizes for sparse datasets, since its index-level pruning power is
much lower than other feature-based indexing techniques. C-Tree
performs poor for most cases (even slower than SeqScan with
small buffer sizes) since its index-level pruning power is the lowest,
and the cost of its pseudo graph isomorphism test is more expensive
than VF2.

We believe that our community will benefit greatly from our im-
plementations and new findings. The source code of the graph in-
dexes that we implemented will be released at http://www.igraph.or.kr/.
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