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Abstract

Graph databases supporting retrieval based on struc-
tural similarity utilize structure indexes. A structure
index is a data structure that indexes different struc-
tural features of member graphs. These features are
typically extracted at insertion time. However, as the
extraction of structural features may suffer from com-
binatorial explosion, the structure index takes long in-
sertion time and large disk space. The member graphs
cannot be modified, since even a simple structural
modification may require re-extraction of structural
features. The depth to which structural features were
extracted during insertion, forms a hard limit on query
precision, which cannot be changed at query time. In
order to address these issues, a new model is intro-
duced that combines the database graph storage and
the structure index into one data structure. There is
no need to extract structural features at insertion time,
no hard limit on query refinement and graph modifi-
cations are supported naturally.

1 Introduction

Several application areas like image retrieval, CAD,
cartography and bioinformatics require management
of a collection of graphs. Graphs depict relationship
structures that exist in the application domain.

In this work, we are concerned with databases of
labeled graphs. A labeled graph is of the form G =
(V,E, VL, EL, δ, γ). Here V is the set of nodes or ver-
tices, E is the set of edges across the nodes, VL and
EL are sets of node labels and edge labels respectively,
and δ : V → VL, γ : E → EL represent node and edge
labeling functions. Usually, the following inequalities
hold: |VL| � |V | and |EL| � |E|.

Often it is required to retrieve graphs based on
their structural properties. User may want to find out

International Conference on Management of Data
COMAD 2006, Delhi, India, December 14–16, 2006
c©Computer Society of India, 2006

all member graphs which are structurally similar to
a query graph. Two graphs G1 and G2 are said to
be structurally similar if one can be rewritten as the
other with a small number of edge (and node) addi-
tions or deletions. In this paper, we are concentrating
only on the labeled structural similarity. In labeled
structural similarity computation, node and edge la-
bels are taken into account, while in topological simi-
larity search, nodes and edges are treated as typeless
or unlabeled entities.

Answering structural queries is a hard problem
since it involves one or more (sub)graph isomorphism
checks. In graph databases, the problem is com-
pounded by the fact that the query graph has to be
matched against a set of member graphs.

In order to answer structural queries in interactive
response times, structure indexes have been developed
in existing literature [1, 2, 3, 4, 6, 7]. The common
theme behind these indexes is to extract structural
features of member graphs, typically at insertion time,
and store them in a global index. When a query graph
is presented, its own structural features are extracted
and compared with the features stored in the index.
This helps in pruning irrelevant member graphs from
the result set.

However, the structure indexes in the literature to-
day have the following problems: Extracting struc-
tural features is prone to combinatorial explosion as
the graph size and/or complexity increase. This has
two-fold disadvantages: long insertion time and large
disk space. Since even a single structural modification
may require re-extraction of structural features, mem-
ber graphs cannot be modified. To reduce the time
of feature extraction a limit is set on the length of
structural features being indexed. But this limits the
accuracy of the result also.

To address these shortcomings, a new model called
basis graph is introduced in this paper, where the
structure index and the graph storage are combined
into one data structure. Basis graph has the following
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Figure 1: Two example member graphs g1 and g2
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Figure 2: Basis graph for the graphs g1 and g2

advantages: Structural features need not be extracted
at insertion time. Modifying structural properties of
member graphs is straightforward. Query results can
be refined to any depth till isomorphism.

2 The Basis Graph

In the proposed approach, the entire database is log-
ically in the form of a single graph called the “basis
graph.” A node in the basis graph denotes a node label
that is seen in at least one graph in the database. An
edge labeled p connecting nodes li and lk denotes the
occurrence of at least one edge in at least one graph
in the database, that has a label p and connects nodes
having labels li and lj respectively. Conceptually, it
is similar to DataGuides [8]. However, the objectives
of basis graph are quite different, resulting in an im-
plementation that is optimized to answer structural
queries.

Figure 2 shows the basis graph formed after insert-
ing graphs g1 and g2 from fig. 1. Between the two
graphs, there are four node labels: C, H, O and Cl,
which are shown in the basis graph.

The basis graph structure is implemented by a set
of B+ trees. There is one B+ tree for each node of
the basis graph and two B+ trees for every edge that
connects distinct node labels. Self-loops have only one
B+ tree associated with them. Figure 3 expands a part
of the basis graph of fig. 2 to show the underlying data
structures. In that figure, a triangle represents a B+

tree.
Insertion of graphs: When a graph is added to
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Figure 3: Detailed structure of a part of basis graph
of Fig. 2

the database, a unique identifier gid is assigned to the
graph. Then, its nodes and edges are indexed in the
basis graph.

The B+ tree for a node depicting label L in the ba-
sis graph indexes records of the following form: [(gid,
name, rid)] Here, gid is the graph id that is being
added and name is the instance name of the L-labeled
node that is being added. 1 The term rid is a pointer
that points to a disk record containing attributes as-
sociated with this node.

For each edge in the basis graph of the form L-M,
there are two B+ trees. One indexes the edge la-
bel L-M, while the other indexes M-L. For undirected
graphs, both L-M and M-L will be added, while in di-
rected graphs, only one of them will be added depend-
ing on the edge direction. Even though there is dupli-
cation of data when storing undirected graphs, having
two B+ trees helps during query answering.

A B+ tree for an edge of the form L-M of the
basis graph holds records in the following form:
[(gid,name1,name2,rid)] Here name1 and name2 in-
dicate an L-M edge in the graph gid between nodes
with names name1 and name2. A record of
the form (gid, name1, name2, rid) in the L-M B+

tree will have a corresponding record of the form
(gid, name2, name1, rid) in the M-L B+ tree if the
graph is undirected.

For B+ trees representing self-loops of the form L-L,
an undirected edge is added twice. Suppose there is
an undirected L-L edge between nodes with names
a and b respectively. Then two records of the form
(gid, a, b, rid) and (gid, b, a, rid) are added to the tree.

Structural modifications of graphs: Addition
or deletion of nodes and edges are translated into addi-
tion and deletion of records in corresponding B+ trees.
A change in the attributes of nodes and edges does not
affect the basis graph.

Attribute Information: A hash file organization
is used to maintain attributes and their values, pointed

1Every node in a graph is identified by a unique combination
of label and name.



At level k = 2: 

        lw(g1) = {CCC, CCH, CCO, COH, HCH, OCO}

{(0,1,2)
(1,2,3)}

nw = {(0,1,3)
  (1,0,1)
  (1,0,0)
  (1,0,2)
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Figure 4: lw and nw sets for the graph g1

by the rid fields. In the implementation, each hash
bucket is a separate file. The attributes are hashed to
buckets based on the gid of their member graphs.

3 Processing Structural Queries

Basis Graph is an improvement over the structure in-
dex: Label Walk Index (LWI) [6]. LWI stores the
counts of label walks in member graphs. A label-
walk forms a dimension in a vector space. The num-
ber of name-walks associated with the given label-
walk, becomes its projection. Then, structural queries
are answered by comparing distance between the
query graph’s walk-vectors and the vectors of member
graphs. The walk-vectors of member graphs are com-
puted by lateral traversal of the LWI tree. However,
in the proposed approach, no seperate index is main-
tained. Instead, the required walk-vectors are com-
puted by querying various B+ trees on the fly.

Figure 4 shows the graph g1 from Figure 1, with
nodes being given names. The figure also shows the
set of label-walks lw(g1) and the set of name-walks nw
for each label-walk of length k = 2.

Next, we describe the process of retrieving graphs
from a database G = {G1, G2, . . . , Gn} that have a
labeled structural similarity to the given query graph
Q. The overall algorithm is as follows:

Algorithm: Similarity search
Input: graph database G, query graph Q, similarity thresh-
old d, max length l
Output: result set R

1. R← G

2. k ← 0

3. do

4. For each Gi ∈ G create label-walk lw(Gi) of length k
and for each lwj ∈ lw(Gi), create name walk nw(lwj)

5. Create label walk lw(Q) of length k and for each lwj ∈
lw(Q), create name walk nw(lwj)

6. Compare walk vectors for every Gi ∈ R and Q and
discard all Gi whose L1 distance from Q is greater
than d

7. k ← k + 1

8. while k < l

9. return R

For computing walk-vectors of member graphs, we
need to find the label walks of different length and
corresponding name-walks. The walks of length-0 and
length-1 are found by querying the B+ tress corre-
sponding to the basis graph nodes and edges, respec-
tively.

For lengths k > 1, a set of wild-card queries are
issued on corresponding B+ trees to obtain walks. For
every name-walk n1n2 . . . nk corresponding to a label-
walk of the form l1l2 . . . lk in graph with gid Gi, B+

trees of the basis graph at the edges incident on nodes
l1 and lk (at either ends of the walk) are consulted. In
other words, the walk l1l2 . . . lk is tried to be extended
from either ends.

Then, the following wild-card query is given on
the corresponding B+ tree: (Gi, n1, ∗) and (Gi, nk, ∗).
This returns the set of all node names that are con-
nected to n1 and nk. A set of k + 1 walks are then
generated from this result set.

4 Performance Studies

Performance studies for the basis graph approach was
conducted on an Intel Celeron 1.2 Ghz machine with
512MB of RAM. For input data, both synthetic graphs
and graphs of covalent structures of protein molecules
(obtained from PDB2) were used. The B+ trees that
made up the basis graph used page sizes of 8192 bytes
with fanout of approximately 300.

Figure 5 compares the insertion performance of Ba-
sis Graph (GRACE3), LWI and GraphGrep for differ-
ent graph sizes in terms of the number of edges, and
enr values. The factor edge-to-node ratio or enr was
used to model the complexity of enumerating walks of
greater lengths. For LWI and GraphGrep, the value
of max. length of walks to be enumerated (lp) was
set to 4 in these experiments. Since walks are not enu-
merated at insertion time, basis graph is unaffected by
different walk lengths and enr.

We also compared the pre-processing time of gIn-
dex (fig. 6), which needs to generate a DFS tree with
the smallest signature. Since DFS is not limited by a

2http://www.pdb.org/
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Figure 5: Insertion time against graph size and enr
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Figure 6: gIndex preprocessing time for enr = 2

parameter like lp, the pre-processing time for gIndex
is much more than that of basis graph or GraphGrep.

Labeled similarity search was carried out using basis
graph and LWI. GraphGrep crashed when the size of
the query graph exceeded 1000 and so was not included
in this evaluation. gIndex was not able to insert all the
graphs for the evaluation since it took a very long time.
It was also excluded from this evaluation.

Figure 7 plots the cumulative search time taken by
Basis graph and LWI for different graph sizes. The
maximum enr of the query graph was 2 in this exper-
iment. As is apparent, Basis graph incurs extra over-
head for walk generation at query time. However, this
is balanced by the advantages it provides over struc-
ture indexes.

Since query refinements in basis graph can be ex-
tended to any length, basis graph is also suitable for
answering topological similarity queries. [5] contains
more details about basis graph, and evaluation exper-
iments on topological similarity search.
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Figure 7: Similarity searching in Grace3 and LWI

5 Conclusions

Walk based indexing is a practical structural index
for graph databases in terms of result quality, which
had some limiting shortcomings. The proposed basis
graph model demonstrates a significant step forward
in making graph databases using walk-based indexing
practical.
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