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Abstract
In this paper, we investigate allocation of data
partitions in the network for data objects that are partitioned
by using secret sharing schemes [12] or erasure coding
schemes [11]. We defined the problem as finding M nodes
in the network to host the data partitions so that the total
cost of reading K partitions and updating M partitions by all
nodes in the network is minimized. This problem is NPhard. We proposed a SOFM-like algorithm and a heuristic
algorithm for this problem. The numerical study shows both
algorithms are effective for this problem.
Key Words: Security, data partitioning, secret sharing,
erasure coding, SOFM like Algorithm.

1. Introduction
The rapid development and acceptance of the Internet
has led us to an electronic information world. Today, as our
lives rely so much on the information, the security has been
a critical issue for information data storage, transmission
and processing [2, 13, 16].
To protect a critical information system, intrusion
tolerance should be designed to provide multiple layer
protection, besides intrusion detection. Partitioning and
scattering techniques are used by many proposed intrusion
tolerance strategies [1, 9]. Basically, a critical data in the
system is partitioned and then encrypted. To ensure that no
data will be revealed if a partition is compromised, no
partition should contain a significant amount of information.
Encrypted copies of the partitions are replicated and
scattered across distributed servers. Redundancies in the
data partitions can be used to provide integrity protection.
Many of the above intrusion tolerance algorithms are
built upon one basic scheme, the Shamir’s secret sharing
scheme [12], which is also called (K, M) threshold scheme.
Essentially, a secret data item d is partitioned into M
partitions and distributed to M partition-holders, one
partition for a partition-holder. A polynomial f of degree K
is chosen to compute the M partitions, each partition di is
f(xi) for some chosen xi and the original data d is the
constant field of f. Thus, from K or more partitions, the data
item d can be reconstructed. Furthermore, no information
about d can be inferred from fewer than K partitions.

Dongfeng Wang
Wind River Systems
Research Center
Nasser Tadayon
Computer Sicence and Information Systems
Department
Southern Utah University
Another approach is erasure coding scheme [11]. An
erasure coding scheme is similar to a secret sharing scheme,
except that it is highly space efficient but provides weaker
security protection to data [11, 13, 16]. To provide
confidentiality protection, data partitions are generally
encrypted. The encryption keys are generally secret shared
and dispersed with the data partitions to improve access
performance [6, 7]. The two partition schemes have similar
impact on access performance [13, 16].
In distributed secured information systems adopting the
(K, M) threshold scheme, the numerical relationship
between M and K varies depending on applications. Usually
M is much bigger than K, and the redundancy is to provide
convenience. In these distributed information systems, a
data partition is read and may be updated from multiple
locations by clients in the network. To retrieve the complete
and accurate information, a read needs to access at least any
K data partitions among the M partitions. An update needs
to update all of the M data partitions. To improve the read
response time and reduce network communication overhead,
partitions are better to be located close to the clients. Since
accessing K data partitions is sufficient for a read, then M
partitions can be distributed and each K partitions can serve
their own cluster of client read accesses. However, to
improve the response time and reduce communication
overhead for update, M partitions are better to stay close to
each other. Thus, the resident location of the M data objects
has great impact on the information system reliability,
availability and performance.
Many research efforts have been devoted to the optimal
placement of distributed files, data objects and other
network services [4, 15, 17]. However, all these works only
consider the allocation of one single data object or multiple
independent data objects, while data partitions have
dependency when considering allocation [13].There are
very limited work on the allocation of partitioned data [8,
10], however, access performance is not their major
concern.
In this paper, we consider a distributed secured
information system deployed over a network with general
topology, with N nodes. The distributed information system
adopts the (K, M) threshold scheme. We address the
placement issues of such M data partitions in the network.

Our goal is to improve the access performance, especially
to reduce the communication overhead in the whole
network due to the frequent accesses on the partitioned data.
We define this problem as a (N, M, K) placement problem.
We propose a SOFM-like algorithm and a heuristic
algorithm for the secure data placement problem. In our
numerical study, we compare the solutions solved by these
algorithms with the optimal solutions. The results show that
both algorithms are effective.
The remainder of this paper is organized as follows.
Section 2 describes our system model and problem
definition. Section 3 introduces the SOFM-like algorithm
for the (N, M, K) placement algorithm. Section 4 introduces
the heuristic algorithm. Section 5 presents the numerical
results of our algorithms. Section 6 states the conclusion of
the paper.

2. System
Model
Specification

and

Problem

The secure data object in the distributed computation
system is deployed over a network modeled by a connected
and undirected graph G (V, E). G is a general graph. V
denotes the whole set of nodes in G and |V| = N. E denotes
the whole set of edges in G. The graph nodes represent
communication endpoints and edges represent bidirectional network links. Let l(u, v) denote a link between
node u and node v, where u and v are the end nodes of this
link and u∈ V, v∈ V. Let L(u, v) denote the set of links that
connect node u and node v, where u and v are the end nodes
of these links and u∈ V, v∈ V. Let d(l(u, v)) denote the
communication distance of the link l(u, v). Let d(u, v)
denote the minimum communication distance between two
nodes u and v, d(u, v) = min {d(l(u, v)): l(u, v) ∈ L(u, v)}.
The length d(u, v) is the minimum number of hops between
two nodes u and v, if all edges in G have uniformed
distance weight. The M secure data partitions are deployed
on M nodes in G. At each node, only one of the M data
partitions is located. Any K partitions are required for
secure data reconstruction. The numerical relationship
between M and K is expressed as M = αK + β, M, K, α, β,
are all non-negative integers. α > 0, β ≥ 0. These M nodes
in G are defined as the resident set of the M data partitions
in G and denoted as R(N, M, K).
The secured distributed computation system support
both client read access and update access to the data
partitions. We assume that a client access will always
choose the closest path. A read access needs to read the
closest K data partitions. An update access needs to update
all the M data partitions. The update policy is the minimumspanning-tree write described in [13] and is similar to that
in [15]. Essentially, the write issuing node v propagates the
data-item along the edges of a minimum spanning tree of
the distance graph. The distance graph is a connected
weighted graph in which the participants include node v,
nodes in R(N, M, K), and the nodes connecting v and R(N,
M, K). Each edge represents the distance in the
communication network between a pair of participants.

Each node v is associated with a non-negative number r(v)
as the number of read access to any K data partitions, issued
by node v. A non-negative number w(v) is associated with
node v as the number of update accesses to all M data
partitions, issued by node v. We say that a partition located
node u covers a node v if v read the data partition on node u.
We define that the communication distance of a node
v∈ V to any nonempty subset of S ⊆ V is d(v, S) =
min d (v, u ) . Let MST(v, i, R(N, M, K)) denote a minimum
u∈S

spanning tree introduced by a node v to access a set of i
nodes in R(N, M, K), v ∈ V. If v ∈ R(N, M, K), then there
are only i nodes in the spanning tree. For a node v ∈ V, the
total distance of MST(v, i, R(N, M, K)) is defined as
Dist(MST(v, i, R(N, M, K))). Let MSTSet(v, i, R(N, M, K))
denote the set of all minimum spanning trees induced by a
node v to access any i nodes in R(N, M, K). We define
MinDist
(v,
i,
R(N,
M,
K))
=
min
Dist ( MST (v, i, R ( N , M , K )))
MST ( v , i , R ( N , M , K ))∈MSTSet ( v , i , R ( N , M , K ))

. The cost of node v to access K nodes in R(N, M, K) is thus
defined as MinDist (v, K, R(N, M, K)). The cost of node v to
access all nodes in R(N, M, K) is MinDist(u, |R(N, M, K)|,
R(N, M, K)). Let ReadCost(R(N, M, K)) denote the read
cost from all nodes in V to read the partitioned data, which
requiring to access any K nodes in R(N, M, K). Then
R eadC ost ( R ( N

, M , K )) =

∑ r ( v ) ∗M inD ist ( v , K , R ( N ,

M , K ))

v ∈V

.
Let WriteCost(R(N, M, K)) denote the cost of all the
nodes in V to update the partitioned data, which requiring to
access all nodes in R(N, M, K). Then
W riteC ost ( R ( N

∑

, M , K )) =

w ( v ) ∗M inD ist ( v , |

R(N , M , K )

|,

R ( N , M , K ))

.

v ∈V

Note that MinDist (v, | R(N, M, K)|, R(N, M, K)) =
Dist(MST(v, | R(N, M, K)|, R(N, M, K)). Dist(MST(v, | R(N,
M, K)|, R(N, M, K)) is constant for any node v ∈ R(N, M,
K). Let Cost(R(N, M, K)) denote the total cost of all nodes
in G to access the secure data. Cost(R(N, M, K))is given by
Cost(R(N, M, K)) = ReadCost(R (N, M, K)) +
WriteCost(R (N, M, K)).
Our goal is to optimally allocate the M partitions in G,
such that Cost(R(N, M, K)) is minimized. It is easy to find
out that the (N, M, K) placement problem is NP-hard, since
the optimal file allocation problem is NP-hard for networks
with general topologies [15]. Next, we first describe a very
important property for the (N, M, K) problem and then
propose the SOFM-like and the heuristic algorithms for this
problem. Storage cost of the data partitions, message losses,
and node failures are not considered in this paper.

3. Replica Placement by a SOFM-like
Algorithm
3.1 The SOFM Neural Network
We consider using a modified Self-Organizing Feature
Map (SOFM) algorithm [5] for the secure data placement
problem since it can deal with large scale problems with
relative low computation complexity. Kohonen’s SOFM
typically has two layers of nodes, the input layer and the
Kohonen output layer. The input layer is fully connected to
the output layer. An input vector is denoted as xv = [xv1, …,
xvl]T, v = 1, …, N, where l is the dimension of input vector.
Each neuron in the output layer is represented by a
prototype vector wi = [wi1, …, wil]T, i = 1, …, M, where and
M is the number of output neurons. The SOFM is trained
iteratively. At each iteration, an input vector xv is randomly
chosen from the input data set. The output neurons compete
to be selected as the winning neuron, or the best-matching
neuron, according to their similarities to the input vector.
Usually, the similarity is evaluated by some distance metric
(e.g. Euclidean distance). The index of the winning neuron
with respect to input vector xv, denoted by Winner(xv), is
determined if
Winner ( xv ) = arg min || xv − wi || ,
i∈{1,..., M }

where ||⋅|| denotes the Euclidean norm.
After the winning neuron is identified, Winner(xv) as
well as its neighboring neurons is activated and ready to
update their synaptic weights. Let NWinner(t) denote the
topological neighborhood of the winning neuron Winner(xv)
at time t. At the beginning of the training process, the radius
of neighborhood is chosen to be fairly large for learning
speed and it is reduced for convergence as t → ∞. In the
adaptive process, the weights of all neurons are adjusted by
the following rule:
⎧wi (t ) + α (t )ηi ,Winner (t )[ xv − wi (t )], i ∈ NWinner (t )
wi (t + 1) = ⎨
(1)
⎩wi (t ), otherwise
where α(t) is the adaptation coefficient and ηi,Winner(t) is the
neighborhood coefficient kernel centered on the winning
neuron. For the same reason as for NWinner(t), α(t) and
ηi,Winner(t) are also reduced as t → ∞. The training process
continues until the weights associated with the neurons are
stabilized.

3.2 The RP-SOFM Algorithm for the Secure
Data Placement
In this section, we present a secure data placement
algorithm based on SOFM, denoted as RP-SOFM for short.
In RP-SOFM, the dimension of an input vector is 1. Let G =
(V, E) denote the computer network graph in which the M
partitions will be placed. The input layer of RP-SOFM
contains N input values x1, x2, …, xN where N = |V|. Each
input value xi represents a node index in G. Each output
neuron of the RP-SOFM represents a node in G on which a
partition is to be placed. Let wj denote an output neuron.
The total number of neurons in RP-SOFM is M. Initially,

output neurons are assigned with different indexes of the
computer network nodes randomly. Then the neurons are
trained to change their associations to the network nodes
based on their proximities between the network nodes.

3.2.1

Competitive learning

In the competitive learning process, K neurons bestmatching the input value are selected. The best-matching
relationship in RP-SOFM is defined as the shortest path
distance between the nodes in the computer network the
input value and K neurons are representing (To speed the
learning process, all pairs shortest paths between network
nodes are computed and saved in advance). Let d(a, b)
denote the shortest path distance between a and b, a, b ∈ V.
Define d(a, B) = min d ( a, b) as the distance between a and
b∈B

set B, where b∈B ∧ B ⊂ V. The process to select K nearest
neurons is the process to construct a minimum spanning
tree (MST) for the sub-graph containing xi and K nearest
neurons. The order that the neurons join into the set U gives
the rank of distances between xi and the K neurons. The
product of the sum of weights (distances) of all edges in the
tree and the read weight of xi, ReadCost x , gives the total
i

read cost of xi under the data partition placement
represented by the current status of the RP-SOFM.

3.2.2

Adaptive process

In RP-SOFM, each neuron maintains a distance list
between all input values and itself. Let DistList x , w denote
i

j

the distance between xi and wj maintained in the distance
list. Initially, DistList x , w is set as the shortest path distance
i

j

between xi and wj. During the adaptive process,
DistList x , w between the current input xi and all neurons wj,
i

j

1 ≤ j ≤ M, are updated according the following two factors.
The first factor is fR(xi, wj) that gives the distance
deduction proportion due to the cost of xi reading its K
nearest partitions.
ReadCost x
PropR ( xi ) =
AveReadCost x * K + AveWriteCost x * M
i

i

i

f R ( xi , w j ) = α (t )η (t ) PropR ( xi )
R

(2)

R
wj

where ReadCost x gives the K nearest partition read costs of
i

xi and is computed as in the previous subsection.
AveReadCost x is computed as follows:
i

AveReadCost x = ReadWeight x *
i

i

∑

d ( xi , x j ) / N

∀x j ∈V ∧ x j ≠ xi

where ReadWeight x is the read weight of xi. Similarly
i

AveWriteCost x is computed as follows:
i

AveWriteCost x = WriteWeight x *
i

i

∑

d ( xi , x j ) / N

∀x j ∈V ∧ x j ≠ xi

where WriteWeight xi is the write weight of xi. Thus,
PropR(xi) gives the proportion of current cost of reading K

partitions to the average cost for reading K partitions and
writing M partitions. αR(t) is the adaptation coefficient for
R
fR(xi). αR(t) decreases as t → ∞. η w j (t ) is the neighborhood
coefficient kernel centered on the winning neuron and is
defined as follows:
⎧
( K − Rank (wj ))2
), K * ΛR (t ) < Rank (wj ) ≤ K
⎪exp(−
R
2
ηwR (t ) = ⎨
2(σ (t ))

⎪0, otherwise
⎩
where σR(t) decreases as t → ∞ and Rank(wj) gives the rank
j

of distance between wj and the winner neuron, e.g.
Rank(wj)=1 if wj is the nearest network node to the winner.
R
Note that the value of η w j (t ) for a nearer node is smaller
than a distant node. This results in bigger distance
deduction for a distant node. Intuitively, K partitions tend to
close to each other in a good placement configuration. So
“dragging” distant nodes with bigger strength (bigger
distance deduction) tends to make these nodes closer. In
R
addition, we control the number of neighbors by Λ (t ) .
R
Initially, Λ (t ) is set to 0 so that all K nearest nodes can be
R
dragged. With the time increase, Λ (t ) → 1 so that fewer
and fewer distant nodes can be dragged. This method
accelerates the convergence of RP-SOFM.
Similar to fR(xi, wj), the second factor fW(xi, wj) gives
the deduction proportion for the write cost of xi to the M
partitions represented by the current status of neurons.
α W (t )η wW (t )WriteCost x
fW ( xi , w j ) =
(3)
AveReadCost x * K + AveWriteCost x * M
j

i

i

i

The items in fW(xi, wj) is defined similarly as those in
fR(xi, wj), where WriteCost x denotes the cost of xi writing
i

M partitions according to the current status of neurons.
η wWj (t ) is defined similarly as follows:

⎧
(M − Rank (wj ))2
⎪exp(−
), M * ΛW (t ) < Rank ( wj ) ≤ M
η (t ) = ⎨
2(σ W (t ))2
⎪⎩0, otherwise
W
wj

The reason that dragging distant nodes with bigger strength
W
is the same as that in η w (t ) since intuitively in a good
j

secure data placement, M partitions tend to close to each
W
other. We also use Λ (t ) to make fewer and fewer distant
nodes to be dragged.
Combining the two factors together, DistList x , w is
i

j

deducted by the following rule:
DistList x , w = DistList x , w * (1 − f R ( xi , w j ) − fW ( xi , w j )) (4)
i

j

i

j

After the distance update, all neurons are checked to
see if they should change the association relationship to the
network nodes. That is, the distance between xi and every
other network node is compared with DistList x , w and find
i

j

the node, say a, whose distance is nearest to DistList x , w . If
i

j

a ≠ wj, change the value of wj to a and set wj’s
DistList x , w to be DistList x , a between wj and all xi, 1≤ i ≤ N;
i

j

i

otherwise, no change for the association relationship occurs
and the deduction to DistList x , w is accumulated for the next
i

j

iteration. Note that since multiple neurons are checked to
see if they should change their associations, three special
cases may occur: 1) A neuron wi intends to change its
association to a network node a, but a is currently
associated by another neuron wj and wj does not intend to
change its association in this iteration. In this case, wi
simply does not change its association in current iteration. 2)
Multiple neurons intend to change their association to the
same network node. In this case, one neuron is arbitrary
selected to change its association and other neurons remain
unchanged. 3) A cycle is formed between multiple neurons
who are changing their associations, e.g. a neuron wi
currently associating to b intends to change its association
to a while another neuron wj currently associating to a
intends to change its association to b. In this case, no
neuron is allowed to change its association since such
changes have no effect to the association configuration of
the whole RP-SOFM. In fact, during our simulation, this
case never occurs since all neurons are dragged along the
same direction to the input so that no cycle could be formed.

3.2.3

The RP-SOFM Algorithm

The whole RP-SOFM algorithm is listed as follows:
R
Step 0. Initialize αR(0), αW(0), σR(0), σW(0), Λ (0) ,

ΛW (0) , Ζ1 (total iteration cycles), Z2 (association
relationship stable criterion). Let N denote the total number
of nodes in the computer network graph G, M denote the
total number of output neurons and K denote the minimum
number of partitions a node should read. Initialize neurons
wj, 1 ≤ j ≤ M, in the Kohonen output layer, i.e. randomly
assign different indexes of the computer network nodes to
wj, 1 ≤ j ≤ M.
Step 1. Select a xi as an input and present it to the output
neurons wj, 1 ≤ j ≤ M.
Step 2. Find the K nearest neurons to the input value.
Step 3. Update DistList x , w for all wj, 1 ≤ j ≤ M. Check all
i

j

wj, 1 ≤ j ≤ M, to see if the value of wj (their association
relationship to the network nodes) should be changed. If a
wj should be changed according to DistList x , w and can be
i

j

changed according to the three special cases, change wj to
the new association and reset DistList x , w for the new value
i

j

of wj; otherwise, no change occurs.
Step 4. If not all xi are presented in the current iteration,
go to Step 1; otherwise, go to Step 5.
Step 5. If the association relationship does not change
within Z2 iterations for all wj, 1 ≤ j ≤ M, or t > Z1, stop;

Otherwise, set t = t + 1, update αR(t), αW(t), σR(t), σW(t),
Λ R (t ) , ΛW (t ) , and go to Step 1.

4. A Heuristic Algorithm for the
Secure Data Placement Problem
We further propose a heuristic algorithm for the secure
data placement problem. Intuitively, K partitions tend to be
close to each other and are centered to other nodes reading
them while total M partitions also tend to be close to each
other and are centered to other nodes. In this heuristic, we
use the agglomerative clustering approach [14] to allocate
partitions. Let M=αK+β. The basic idea of the algorithm is
to first evenly partition the network graph into α clusters,
find the centroid of each cluster and then find K (or K+b, b
≤ β) nodes within each cluster nearest to the cluster’s
centroid. In this way, the nodes within each cluster locally
read the K partitions in the cluster so that the total read cost
could be minimized. To be able to further reduce the total
write cost, we then find the centroid of the whole network
graph, adjust the centroid of each cluster closer to the
centroid of the while graph, finally adjust the K (or K+b, b
≤ β) partition nodes within each cluster close to the adjusted
centroid. The detailed process is described in the following:
Step 0. Initially, every node in the computer network
graph is a cluster.
Step 1. Compute the average linkage distances between all
clusters.
The average linkage distance between two clusters Cp and
Cq is computed as follows:
∑ d ( xi , x j )
D (C p , C q ) =

xi ∈C p ∧ xq ∈C j

C p * Cq

,

where d(xi, xj) gives the shortest path distance between xi
and xj.
Step 2. Let Dmin = D(Cx, Cy) denote the minimum average
linkage distance of all clusters. Merge Cx and Cy into one
cluster.
Step 3. Return to Step 1 until there are only α clusters left.
Step 4. Find the weighted centroid of the whole network
graph according to the write weights of nodes, and then find
the network node closest to the centroid.
a. Let W denote the weighted centroid of the network
graph G. Find W as follows:
1
K
K
W=
xi , where xi = WriteWeight x * [d(xi, x1), d(xi,
∑
G x ∈G
x2), …, d(xi, xN)]T.
b. Find the network node closest to the centroid as
follows:
x* = arg min xi − W , where x* denotes the node closest
i

i

xi ∈G

to the centroid W.
Step 5. Find the weighted centroid of each cluster
according to the read weights of nodes in each cluster. Then
for each cluster, find the network node xk* within the cluster
Ck closest to Ck’s centroid. Finally, adjust xk* closer to x*.

a. Let CNk denote the weighted centroid of Ck. Find CNk
for each Ck as follows:
1
K
K
CN k =
xi , where xi = ReadWeight x * [d(xi, x1),
∑
Ck x ∈C
i

i

k

d(xi, x2), …, d(xi, x|Ck | )]T, where ∀ x1, x2, …, x|Ck | ∈ Ck.
b. Find the network node xk* within Ck closest to the
centroid CNk as follows:
xk* = arg min xi − CN k
xi ∈Ck

c. Adjust xk* closer to x* as follows:
i. Adjust the shortest path distance of xk* to x*
follows:
∑ WriteWeightx
d adjust = d ( xk* , x*)(1 −

i

xi ∈Ck

∑ ReadWeight

xi ∈Ck

as

xi

+

∑ WriteWeight

xi ∈Ck

)
xi

ii. Find the network node xk** within Ck whose distance
to x* closest to dadjust as follows:
xk** = arg min d ( xi , x*) − d adjust
xi ∈Ck

Step 6. Allocate additional bk partitions to a cluster Ck
according to the cardinality of Ck, 1 ≤ k ≤ α, where
∑ bk = β .
Step 7. For each cluster Ck, find K+bk–1 nodes in Ck
closest to each xk**. The method of finding closest nodes is
the same as that in Section 2.

5. Numerical Results
This section evaluates the efficiency of the RP-SOFM
algorithm and the heuristic algorithm to allocate M
partitions for a given network graph. In our evaluation
model, the underlying network topology is created by the
Inet generator [3]. One reason that we choose the Inet
generator is that it can generate the coordinates of each
node so that we can draw the topology diagram and check
the efficiency of algorithms visually. The original generator
has the lower bound of the total nodes in the network. We
removed the bound so that the graph with fewer nodes can
be created. We also added the function for generating read
and write weight for each node to the generator. The read
and write weights are generated randomly with a pre-set
ratio. In this paper, the parameters in RP-SOFM are set as
follows: K1 = 200, K2 = 12000. Initially αR(0)=0.1,
αW(0)=0.9, σR(0)=0.1, σW(0)=0.9, Λ R (0) =0, ΛW (0) =0.
At every 100 iteration cycles, all parameters are updated as
follows: αR=0.1*αR; αW=0.1*αW; σR=0.1*σR; σW=0.9*σW;
Λ R = Λ R +0.02, until Λ R =0.99; ΛW = ΛW +0.02, until
ΛW =0.99.
To evaluate the efficiency of both algorithms, we
developed a program to exhausted search the optimal
solution. However, as expected, this program can only run
for a small graph (the number of nodes in the graph is
around 20) with acceptable stop speed.
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Figure 1-4 show the cost comparisons under different
parameter combinations. From the result, we can see that
almost all cases, the solutions found by the RP-SOFM and
the heuristic algorithms are very close to the optimal
solution. When K is smaller than or equal to M/2, the RPSOFM is better than the heuristic algorithm while when K
becomes larger, the heuristic algorithm becomes better than
the RP-SOFM algorithm. The reason could be attributed to
the fact that when K is relatively big, more neurons will be
dragged by each input due to the read cost factor fR(xi, wj)
so that the K partitions allocated may not be locally close to
each other. While when K is relatively small, the heuristic
algorithm tends to partition the graph into relatively many
clusters. These clusters may not be evenly partitioned so
that although the read cost is relatively small, the write cost
could be very high since total M partitions are not close to
each other. Note that when K=4, the heuristic algorithm
gives worse results comparing to the RP-SOFM. This could
be attributed to the fact that the two clusters partitioned by
the heuristic algorithm are very unbalanced resulting in
higher read costs. So, this experimental result suggests that
the two algorithms could be further improved by controlling
some parameters, e.g. for the heuristic algorithm, we should
adaptively control the total number of clusters and the total
number of nodes within each clusters so that the graph can
be evenly partitioned.

5.2 The Scale-up of the RP-SOFM and the
Heuristic Algorithms
We further run the RP-SOFM and the heuristic
algorithms for the graph containing 100 nodes to see how
well they scale up with the increasing number of nodes.
Figure 5-8 show the cost comparisons under a graph
containing 100 nodes. Due to the same reason as explained
above, the results are in the same pattern as that of figure 14. From another aspect, the solution differences between the
two algorithms are relatively not big. This suggests that
both algorithms can give good solutions for a larger graph.
N=100,Ratio=3,D=0.1,M=32,
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Cost(M)

We use the total cost (total read cost + total write cost)
as the metric to compare the efficiency of different
algorithms. We vary several parameters: (1) N: the total
node number in the network. (2) Ratio: the average ratio of
read weight to write weight. (3) D: average connection
degree of each node. (4) M: the total number of partitions to
be placed. (5) K: the lower bound of partitions should be
read by a network node.
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6. Conclusion
In this paper, we considered the allocation of
partitioned data objects in distributed systems. We defined
the problem as finding M nodes in the network to host the
data partitions so that the total cost is minimized to read K
partitions and update M partitions by all nodes in the system.
This problem is NP-hard. We then propose a SOFM-like
algorithm and a heuristic algorithm to solve this problem.
Numerical studies are conducted extensively and the results
show that both algorithms are effective for this problem.
The numerical results also show both algorithms could be
further improved. We plan to continue to improve both
algorithms and test them on different network topologies.
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