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Figure 7: Index Construction for SPath

has one or more parent GO Terms, and each protein may
have one or more GO terms. The original GO terms in the
yeast protein interaction network consist of 2; 205 distinct
labels. We relax these GO terms by using their highest level
ancestors. There are 183 such highest level GO terms in
total, which constitutes our vertex label set §.

As to the graph queries, GraphQL suggests two extreme
kinds of graphs with totally difierent structures: cliques and
paths. For biological networks, the clique structure corre-
sponds to protein complexes, while the path structure cor-
responds to transcriptional or signaling pathways. We fur-
ther extract general induced subgraphs by randomly choos-
ing seeds in the network and traversing the network in a
DFS fashion. These generated graphs can be thought of as
general queries with arbitrary structures lying in the middle
of the two extremes: path and clique.

9.9 Synthetic Disk-resident Graphs
We further evaluate our algorithm, SPath, on a series of

disk-resident synthetic graphs based on the Recursive Matrix
(R-MAT) model [3]. The graphs generated naturally follows
the power-law in- and out-degree distributions. All the pa-
rameters of the graph generator are specifled with default
values suggested by the authors. For SPath, we maintain
both the global lookup table and the histogram structures
of neighbor signatures in main memory, while keeping all
the ID-Lists on disk.

We flrst examine the index construction cost of SPath on
difierent large networks. We generate four large networks
with |V (G)| = 500; 000; 1; 000; 000; 1; 500; 000 and 2; 000; 000,
and |E(G)| = 5∗|V (G)|, respectively. For each graph gener-
ated, the vertex labels are drawn randomly from the label set
§, where |§| = 1% ∗ |V (G)|. Note in a typical modern PC,
the number of potential tree or graph indexing structures
can be excessively large, which requires a storage in the tera-
byte or even peta-byte order. In this scenario, GraphQL fails
simply because it cannot scale up on these large networks.
However, as shown in Figure 7(a), SPath scales linearly with
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Figure 8: Query Response Time for Subgraph
Queries in the Synthetic Graph

an increase of the network size, which makes SPath a feasible
graph indexing solution applicable in large networks. Fig-
ure 7(b) illustrates the index construction time for SPath.
Note building SPath from the network is a pre-processing
step and executes only once before the real graph query
processing, so the cost is still afiordable for large networks.

We then test the query processing performance of SPath
on one synthetic graph G with size |V (G)| = 1; 000; 000 and
|E(G)| = 5; 000; 000. We further generate subgraph queries
with difierent sizes 5, 10, 15, and 20 by randomly extracting
induced subgraphs from G by DFS traversal. For each spe-
ciflc query size, we generate 1; 000 queries and measure the
average query response time. As shown in Figure 8(a), SPath
can achieve satisfactory response time even when the query
size is large. However, all previously proposed methods, in-
cluding GraphQL, cannot answer graph queries on this mas-
sive network. Figure 8(b) shows the individual time spent
by difierent query processing components of SPath. As both
decomposition and selection are performed in main memory,
they take up little time during query processing. However,
instantiation needs to retrieve ID-lists from disk, so it be-
comes the leading factor and potential bottleneck for graph
queries on large networks.
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