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Abstract

We propose a framework for efficient OLAP on netk&
with a focus on the most interesting kind, the togizal
OLAP (called “T- OLAP"), which incurs topological
changes in the underlying networks. Topological GLA
operations generate new networks from the originak by
rolling up a subset of nodes chosen by certain tcaing
criteria. The key challenge is to efficiently conpu
measures for the newly generated networks and aarseir
queries with varied constraints. The effective
computational technigues, Topological-Distributiges is
proposed to achieve efficient query processing euloe
materialization. We also provide a Topological OLAP
query processing framework into which this techeids
weaved.
Keywords:
Theorems.
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1. Introduction

OLAP is On-Line Analytical Processing has been a
critical and powerful component lying at the coffe o
the data warehouse systems. OLAP analysis helps
companies improve their performance by:

» Providing quick response times. Conducting fast,
concise analysis lets companies quickly get to the
“why” behind business issues so they can address
them in a timely manner

* Delivering powerful, built-in time trending anaig

that let users spot trends quickly

 Aligning complex data with the business so it is
easy to understand enterprise-wide

» Reducing the burden on IT by providing fast and
easy self-service access to information

* Delivering a scalable, efficient technology thst
quickly refreshed with current data, and econonycal
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scales to satisfy the informational needs of many
users.

With the increasing popularity of network data, a
compelling question is the following:Can we
perform efficient OLAP analysis onetworks?” A
positive answer to this question would offer us the
capability of interactive, multi-dimensional and
multi-level analysis over tremendous amount of data
with complicated network structure.

2. Techniques and Framework

We propose one constraint-pushing technique based
on the unique characteristics of InfoNet OLAP, T-
Distributiveness and T-Monotonicity. The framework
taps the pow-erful techniques in traditional OLA® o
data cube and extends them further into the
information network setting. We use a simple
motivating example to introduce the two techniques.

DBLP Query Example:-

Given the DBL author
network, suppose the measuieof interest is the
“total number of publications”, i.e., for a givede
v, denoted a$ (v) its total number of publications.
Depending on the level of network to which v
belongs, v could represent an individual researcoer
research group, or an institution. A user couldchthe
submit queries asking to return “all researchers v
such thatd (v) > §". The measure in the above
example is in fact the "Degree Centrality”. We use
CD (v) to denote this measure, Degree Centrality, f
a node v. To formally represent the concept of
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networks at different levels, we need a definit@n
OLAP network hierarchy

Definition 1 [OLAP Network Hierarchy] Given a
network G (V, E) and a partitior of V (G) such that
I1G={V1 V2,... Vm}, m<|V (G)|. A network G
is called a higher-level network of G if 3 obtained
by merging each VEII G, 1<i < m into a higher-
level node % and the edges accordingly. G is then
called a lower-level network of'Gnd denoted by G
< G'. For each & V (G), V; is called the higher-
level node of v if ve Vy, which is denoted

as vV vy
The topological OLAP operations could be
asynchronous. A higher-level network can be

obtained by merging portions of a lower-level one,
leaving the rest unchanged.

2.1 Topological Distributiveness

Suppose we have three levels of networks where
nodes represent individuals, research groups and
institutions in each network respectively. Instedd
individuals, users could query about the institusio
with the total number of publications beyond a
certain threshold. The straightforward way is to
construct the networks” at the institution level by
merging the constituent author nodes for each
institution from the original networts, and compute
the measure by summing up over each. For large
institutions, the computation could be costly. Now
suppose we have already computed the measure for
the networkG' at the research group level, can we
exploit this partial result to improve efficiency®
turns out we can do that in this case due to the
distributiveness of this measure function. Basjcall
the measure value of an institution can be cosrectl
obtained by summing up over the measure values
already computed for the research groups. Consider
any set of verticesS = {vl1, V2,...... , Vk} and a
partitionIIs of Ssuch that S={S1,2,....., Sm}, m<

k. EachSi € Ilsis merged to a new vertax and the
whole setS is merged to a new vertex” by a
topological OLAP roll-up operation. We also
overload the notation to dendlie = {v'; V> Vin}. It

is easy to verify that whel€eSis the set of edges with
both end vertices if.

O W) = (Zo,ecCp (v)) = 2 |Es|

F1cigm(Tv,es Co W) — 2|Es,|) — 2 |Ep|
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vriells ) s
{Zoren Co @) — 2 |Eyy,|

It is clear that, since addition and subtractioe ar
commutative, distributive and associative, the ltesu
of computing by definition from the bottom-level
network is the same as the result of computing from
the intermediate-level one. Figure 4 is an illusbra

of the computationCD (v") is a total of 4+2+5+3 =
14 from G"”. We can get this measure directly from
the original network G by the given formula

(ZoesCo ) —21Es|l =(3+8+3+7+10+11
+7+5+6)-22+3+3+1+2+4+1+2+4+
1) = 14. We can also use partial measure results
computed for the intermediate netwoi® and
compute by (Z,,rigns Cp (v’i))—z |Enll =
(8+12+14)-2 (3+1+6) = 14. The computational cost
is reduced t® (m + |Exs |). This example shows that
the computation cost is greatly reduced by taking
advantage of partial measure results already
computed.

A
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7
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Figure 1 Topological Distributiveness for Degree
Centrality

Figure 2 T-Distributiveness for Shortest Path
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This kind of distributiveness of a measure funci®n
termed T-Distributivenessn this topological OLAP
setting.

Definition 2 [Topological-Distributiveness] Given a
measured and three attributed networks G, @nd

G" obtained by T-OLAP operations such that 'G5’

[l G", suppose we have availalde(G) and 6 (G,
then 6 is Topological Distributiveif there exists a
function g such that (G") =g(8 (G")) =g(@ (G)).
Although this example of "Degree Centrality” may
seem simple, it is interesting to note that otherem
complicated measures, even those involving
topological structures, are also Topological
distributive. For instance, it can be shown that th
measure of "Shortest Path” is also T-distributive.
Shortest path computation is a key problem
underlying many centrality measures, such as
Closeness Centralityand Between’s Centrality as
well as important network measures IB@metet
Topological distributiveness for Shortest Pathsslt
well-known that the shortest path problem has the
property of optimal substructures. In fact, shartes
path algorithms typically rely on the property tlzat
shortest path between two vertices contains other
shortest paths within it. Formally, we have the
following lemma, the proof of which is omitted and
readers are referred to.

Lemma 1.Given an attributed network G with a
weight attribute on edges given by function B(G)

— R, let p=«wy v Ve be a shortest path from
vertex y to vertex yand, for any i and j such that<

i <j <k, let g =« Vi Vp be the sub-path of p
from vertex vto vertex y. Then, pis a shortest path
from v to v.

Rationale: The significance of the optimal
substructure property of the shortest path prokkem
that it means the measure is Topological distritajti
thus providing an efficient way to compute the
measure for Topological OLAP roll-up operations.
We show our algorithm in Algorithm 2. The main
algorithm is Algorithm 1 in which we show that,
instead of computing from scratch from the lowest
network G, we are actually able to compute the
measure networl (G") for G” from the measure
networkd (G") already computed for an intermediate
networkG".

In Algorithm 1, in Line 3, we first compute all
shortest paths from the single souxcéeto all other
vertices. From Lines 4 to 7, we update the shortest
path between each pair of vertices ) by picking
the smaller-weight one between the existing shbrtes
path between them and the one which passes through
the new vertex”. In Algorithm 2, in Lines 1 and 2,
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we first set the shortest path weight betwgémand
other vertices to be a maximum weight value. From
lines 3 to 6, we calculate the shortest paths hextwe
v" and every other vertex by picking the one with
the minimum weight among all the shortest paths
between vertices i® andu. It is easy to verify that
the time complexity of computational costSffortest
Path Localis O(S| - |V (G) \ S). The time
complexity of the entire algorithm is therefo¥|V
(G)|2). The correctness of the entire algorithm can be
seen from the observation that for any pair ofivest

u andy, if the final shortest path,, in G"” does not
pass through the new verte¥% then it should also be
the shortest path betweenandv in the lower-level
network G'. Therefore, the final shortest path, in

G” must be the smaller-weight one between the
existing shortest path between themGhand the
new shortest path passing through By the optimal
substructure property in Lemma 1, the new shortest
path passing throug¥t’ must be the union of the two
shortest paths, one betweerandv”, and the other
betweernv” andv. When computing the shortest paths
betweerv' and other vertices, we do not use standard
single source shortest path algorithms. Instead,
Algorithm Shortest Path Local harnesses the
Topological distributiveness of the shortest path
measure.

Theorem 1Given an attributed networkG with edge
weights, G is obtained by mering a set of vertices S
={V1,Vo,.eennn. vi},S = V (G) in a Topological OLAP
roll-up operation to a new vertex”vand G is
obtained by partitioning S bif = {S;, S,.... S} and
merging the vertices in each Siintbev S; 1 <i <Kk,
then given the shortest path measure netvifex),
Shortest Path Local computes the shortest paths
between Vand all vertices in (G) \ S.

Algorithm 1 Shortest Path Main

Input: S, G andé (G")
Outpué: (G")

10 (G «— 0 (G)

: MergeS'into v’ and add/"'to G”;

10 (G") « ShortestP ath Loce®; G; 6 (G"));
: for eachue V(G"); u#v”

: for eachve V (G"); ve AV

S if w(py) > W(puy) +W(pw)

S W(Pw) < W(Puv') +W(pyy)

: returnd (G");

O~NO U WNBE
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Algorithm 2 Shortest Path Local

Input: S, G andé (G")
Outpué (G")

1: for eachue V(G)\ S
2: W(Pyry) < +o0;

3: foreactue V(G)\ S
4: foreachve S

St if w(p,) < w(pyu)

6: W(pyu) < W(Pw);
7:returnd (G");

3 Experimental Results
3.1 Synthetic Data

All the experiments are conducted on a Pentium(R)
3GHz with 1G RAM running Windows XP
professional Service Pack2.

Topological Distributiveness We perform
experiments for two measurédegree Centralityand
Closeness Centralityn synthetic data to demonstrate
the power of Topological distributiveness. Since ou
aim is to provide studies on measures for InfoNet
OLAP in general, our synthetic data networks are no
confined to specific types and statistical propstti
Our synthetic data networks are generated in a
random fashion such that (1) the entire network is
connected, (2) the vertices have an average defree
d and (3) the edges have an average weight of w.
Given a networkG, users can choose a subSetf
vertices to roll-up into a single vertekand compute
the measure network for the new netw@kSuch an
OLAP operation is called a user OLAP request. We
give a model for incoming user OLAP requests as
follows. For a networlG, we recursively partitios

into = connected non-overlapping components of
equal number of vertices, until each resulting
component is of a predefined minimum number of
vertices, i.e., suppod¥ (G)| = 1024 andr = 4, we
first partition G into 4 connected sub-graphs each
with 256 vertices, and recursively partition theub-
graphs. The partition process identifies a sequé@nce
of connected sub-graphs of the original netwGrk
Now we reverse the sequentend let the resulting
sequence ba@’. Consequently, observe that, for any
sub-graphQ in sequencd’, all the sub-graphs d®
appear befor®. We model the sequence of incoming
user OLAP requests as the sub-graph sequé&fce
i.e., thei-th user OLAP request would take the
original networkG and choose to merge theh
subgraph inT’ into a single vertex and thus obtain a
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higher-level networlG'. The task then is to compute
the measure network(G’) for G'.

Our baseline algorithm for comparison is denoted as
NaiveOLAP. For each user OLAP request, the naive
algorithm would first merge the corresponding
subgraph into a single vertex and then compute the
measure network for the new graph directly from the
original networl. Our approach, called Topological
distributive OLAP, would take advantage of the
Topological distributiveness of the measure ane tak
the measures already computed forlower level
networks as input to compute the new measure
network. In other words, if put in traditional OLAP
terminology, we are considering the best scenario
here in which, when computing the measure for a
cuboids, all the cuboids immediately below have
already been materialized.

Degree Centrality The measure of Degree
Centrality has the nice property of Topological
distributiveness. TD-OLAP could therefore make use
of the measures computed for the Ilower-level
networks and gain significant efficiency boost than
the NaiveOLAP.

The average vertex degree is setdo= 5. The
partition sizer is set as 4 such that each high level
vertex has 4 lower-level children vertices.

Figure 3 shows the running time comparison for the
two approaches as the number of vertices for the
original network increases. In this case, the ogdyi
network G is recursively partitioned for a recursion
depth of two with a partition size of 4. The rurgin
time is the result of summing up the computatiost co
for all the user OLAP requests il. It can be
observed that with Topological distributiveness the
measure network computation cost increases much
slower than the NaiveOLAP approach.

Figure 4 shows that, when the total number of
vertices of the networlks is fixed to 4096 and the
average vertex degree is set to 5, how the gratwlar
of Topological OLAP operations can affect the
running time of both approaches. As the number of
partitions increases, the size of the set of vestio

be merged in the T-OLAP roll-up get smaller, which
means the user, is examining the network with erfin
granularity. Since the measure of degree centrality
has a small computational cost, both approaches hav
in this case rather slow increase in the runningeti
However, notice that the TD-OLAP still features a
flatter growth curve compared with the NaiveOLAP
approach.

Closeness Centrality The measure ofCloseness
Centrality has the nice property of Topological
distributiveness. As such, TD-OLAP would use the
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algorithms as shown in Algorithm 1 to assemble the
measures computed for the lower-level networks and
save tremendous computational cost than the
NaiveOLAP which simply merge subsets of vertices
and run costly shortest path algorithm to complhiée t
new measure network from scratch. In this example,
the average degree is setdo= 5 and the average
weight on edges is set as= 10. The partition size

is set as 4 such that each high level vertex has 4
lower-level children vertices.

Figure 5 shows the running time comparison for the
two approaches as the number of vertices for the
original network increases. In this case, the agbi
network G is recursively partitioned for a recursion
depth of two with a partition size of 4. The rurgin
time is the result of summing up the computatiost co
for all the 20 user OLAP requests T It is clear
that, by harnessing Topological distributivenes®, t
measure networks can be computed much more
efficiently, almost in time linear to the size dfet
original data network, than the naive OLAP
approach.

Figure 6 shows how the granularity of the
Topological OLAP roll-up can impact the running
time for both approaches. As the number of partitio
increases, the original network is partitioned into
components of increasingly smaller sizes. The &gur
shows the average cost for computing the new
measure network for one OLAP request as users
choose to merge smaller set of vertices in the T-
OLAP operations. The network in this case contains
1024 vertices. As shown in the figure, for TD-OLAP,
the granularity hardly affects the computationastco
since the
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Figure 3 Run Time Comparison
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Complexity of the function to combine the measures
of lower-level networks to obtain the new one is in
general very low compared with the function to
compute the measure itself..As the partition sizlg o
affect the number of lower-level vertices to takeio
consideration, the running time therefore remains
steady. On the other hand, as fewer vertices are
merged with increasing number of partitions, the
NaiveOLAP has to compute the measure network
with an input network of greater size. Hence the
increasing running time for the NaiveOLAP

6 Conclusions

In this paper we have performed a framework study
for topological network OLAP. In particular, we
propose a technique in a constraint-pushing
framework, Topological Distributiveness, to achieve
efficient query processing and cube materialization
We put forward a query processing framework
incorporating in this technique. Our experiments on
both real and synthetic data networks have shoen th
effectiveness and efficiency of the applicationoaf
techniques and framework to the measures.
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