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1 Introduction
The primary goal of this paper is to highlight some interesting research problems arising in the context of data management issues in large scale storage systems. Large scale storage systems are becoming increasingly prevalent with
data being collected via transactions, satellites, sensor networks etc. The volume of data that needs to be processed is
easily in the Terabyte scale for even small size applications, and growing even more rapidly. Hence, they are critical
components of distributed systems. Our objective is to address some fundamental problems dealing with storage issues
that are encountered in such situations.
Centralized large scale storage systems are typically composed of a collection of disks connected on a very fast
local area network (such a system is often also referred to as a Storage Area Network (SAN)). Such systems are used for
storage applications, such as a database of videos, multimedia, or images. A SAN essentially allows multiple processors
to access several storage devices. They typically access the storage medium as though it were one large shared repository.
One crucial function of such a storage system is that of deciding the placement of data within the system. This data
placement is dependent on the demand pattern for the data. For instance, if a particular data item is very popular the
storage system might want to host it on a disk with high bandwidth or make multiple copies of the item. The storage
system needs to be capable of handling flash crowds [9]. During events triggered by such flash crowds, the demand
distribution becomes highly skewed and different from the normal demand distribution.
Each individual disk is primarily characterized by a few key parameters: namely the size of the disk, and its load
capacity. In applications, where multimedia data is continuously being streamed to the client, the system cannot handle
a very large number of clients. The total amount of bandwidth that each disk is able to sustain is limited, and this
constrains the number of users that can access data stored on a single disk. For fault tolerance, higher throughput, and
lower response time requirements, we may need to replicate objects since a single disk cannot handle extremely high
demand. In addition, the precise layout is very important since the layout controls the efficiency of the overall system.
For example, putting several popular objects on the same disk may cause the disk to fail when the demand spikes, or
cause unacceptable delays for some users. We note, that for the remainder of this proposal, unless otherwise stated,
by layout, we mean which object should be placed on which disk, rather than the physical layout of objects within
a particular disk. Similar assumptions are made in the work of M. Henzinger (SODA 2007, invited plenary speaker)
for the problem of load balancing on index servers for a search engine. As queries arrive, each query is mapped to a
subset of devices that contain information relevant to the query. The results returned from each device are then sent to
a processor for appropriate processing. The goal is to keep the maximum load low by finding a good layout, given the
keywords access pattern and an index corresponding to each keyword.
Another aspect is that of locating data close to where the demand is. In much of our previous work, we assumed
that the assignment cost of clients is uniform. In other words, the distance from the client to all disks is the same (for
example if the collection of disks is located at the same place). Some approximation algorithms have been developed
for the case when there is an assignment cost for clients to access data from a disk, which depends on the location of
the disk. However, these algorithms either ignore the load capacity [4, 17], or violate storage and load capacities by a
constant factor [7].
We note that a closely related effort to ours is the work at the University of Washington, done by Anna Karlin’s
group [2, 8]. However, one key difference is that they focused on the data migration problem by fixing the source and
destination disks for the transfers to be performed by creating a “transfer graph”. The algorithm now needs to work with
graph coloring methods to find a good schedule. However, they extended these methods to deal with space constraints
as well. The main drawback of this approach is that one may not find very good schedules since one does not optimize
over the choice of transfer graphs (different transfer graphs give rise to schedules of widely varying costs [12]).
In summary, some of our key goals for centralized storage systems are as follows:
• How can we create a good initial layout on a collection of disks?
• How should we migrate data to adjust to changing demand? Moreover, we expect the system to automatically
decide when the demand has changed sufficiently to re-organize its layout.
1

• How do we incorporate assignment costs into the solution? In other words, how do we keep data close to the
demand?

2 Data Layout Issues
We first describe some of the progress we have made over the last few years in addressing these questions. The ideas
and methods will be introduced by toy examples, but we hope this will illustrate the point we are trying to make. The
reader is urged to read the full papers to understand the detailed algorithms and proofs [5, 10, 12, 6, 11, 13].
We have been studying such storage systems for several years. The first fundamental problem we considered was
the following. We are given a collection of M data objects, and a collection of N identical disks, with each disk having
storage capacity k and load capacity L. For each data object i, we know the demand d i for this object. The goal is to
decide (a) for each data object how many copies should we create and (b) which subset of disks should we place this
object on. This is referred to as the data layout problem.
A simple example follows: suppose we have two disks, each with load capacity 100 and storage capacity 2. In
other words, N = 2, k = 2, L = 100. We will assume that M = 4 (notice that N k is an upper bound on the
total number of data objects that can be stored in the system). We have 4 data objects A, B, C, D with demands
dA = 120, dB = 30, dC = 10, dD = 40. Notice that there is no “perfect” layout. In other words one option would be to
put A and C on one disk, and B and D on the second disk. Notice that the load on the first disk will be 100, but the load
on the second disk will be only 70. 30 customers will not be able to access the data that they need. So one assignment
of the load could be: 90 units of demand for A, and 10 units of demand for C are assigned to the first disk, and all the
demand for B and D is assigned to the second disk. However, a better layout will be to put A and B (this satisfies 90
units of demand, 60 for A and 30 for B) on one disk and A and D on another disk (this satisfies 100 units of demand,
60 for A and 40 for D) and drop C altogether if we only wish to maximize total satisfied demand with no consideration
for fairness. In any case, this already shows that the layout can crucially affect the effectiveness of a system to cope with
non-uniform demand for data.
The sliding-window algorithm (SW) developed by Shachnai and Tamir [18] was proposed for the data layout problem. In SODA 2000, we showed [5] that P
this algorithm is in fact an extremely good algorithm for the problem. In
particular, if we assume that M ≤ N k and i di ≤ N L, then we showed that regardless of the demand distribution for
1
) fraction of the demand
the data objects, the sliding window algorithm computes a layout in which at least (1 − (1+√
k)2
can always be satisfied1 . Moreover, we showed that this bound is tight! In other words, there are inputs for which there
is no layout that can satisfy a larger demand. Note that this function rapidly goes to 1 as k increases, and is at least 0.75
even when k = 1. We also proved that the problem of finding an optimal solution is N P -hard even for identical disks.
However we were able to show experimentally, that this algorithm is very fast and produces almost optimal solutions. In
fact, we also established an O((N +M ) log(N +M )) worst case bound on the running time of the algorithm, improving
the previous bound of O(N M ) given in [18]. In addition we developed a polynomial time approximation scheme, but
this algorithm is not practical.
Subsequently, we were able to extend some of these results for the case where the data objects themselves may have
different sizes chosen from a set {1, . . . , ∆}. In this case, we developed
! a new algorithm [10] and showed that the

fraction of demand that can always be satisfied is

k−∆
k+∆

1−

1+

√1

k
2∆

2 ; but this bound is not tight. However, as with

the sliding window algorithm for the unit size object case, the algorithm is practical and delivers solutions of very good
√1
quality. For the simple case when ∆ = 2 we were able to obtain a tight bound of (1 −
) by using a more
2
(1+

bk/2c)

complex algorithm. However, the proof and algorithms are complex, and this approach is not easy to extend to the case
when ∆ is arbitrary.

One important open problem remaining is to develop a tight bound for the data layout problem for arbitrary sized
1 In the simple example given above, note that 190 clients out of 200 are satisfied. This means that 0.95 fraction of the clients are satisfied. In fact
this layout is precisely the one computed by the SW algorithm.
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objects chosen from the set {1, . . . , ∆} and uniform disks. Our conjecture is that the bound will be (1 −

(1+

√1

bk/∆c)2

).

We have examples showing that there are layouts for which we cannot do any better; it would be fantastic if we can
close the gap and show that this is indeed the worst possible example.
Another important consideration is that storage systems are built incrementally over time, and this gives rise to
heterogeneous systems and not homogeneous systems. We were able to extend some of the results to the case of
heterogeneous systems [5], when the ratio of load to storage capacity remained (roughly) uniform. This is reasonable
since as technology improves, disks get larger and faster. However, one may have different options when building a
system which include a tradeoff in storage and speed. It would be useful to develop algorithms that can work with an
arbitrary collection of disks without making any assumptions about their parameters. In this case, it is easy to generate
examples that show that we cannot prove a bound by comparing to the total demand since even the optimal solution
cannot satisfy most of the demand. However, we may be able to prove a bound by comparing to the optimal solution,
rather than the total demand.
Finally, the most general problem we would like to solve is to develop a layout algorithm for arbitrary sized objects
on a heterogeneous disk system. Clearly, this problem is related to classical bin packing and multiple knapsack type
problems which are also N P -hard. In addition, clients may have demands for certain objects, and there is a cost function
cij that specifies the cost for client i to access disk j. Our goal is to find a layout where a specified amount of demand is
satisfied at minimum cost. This formulation is reasonable, since there may be no solution that satisfies all the demand (as
argued earlier). In this case, we would like to satisfy a particular fraction of the total demand, with minimum assignment
cost. At the same time we should not violate the load and storage capacities of the disks. Another interesting version
is when we actually require all the demands to be satisfied, and would like to minimize the assignment cost and are
allowed to violate the storage capacities by an additive unit factor. Without assignment costs, we can always satisfy all
the demand by violating the storage requirements by an additive unit factor. This is a simple corollary of our proof [5]
and the main result in [18].
Previous work takes into account storage constraints and assignment costs, but ignores load capacities [4] (further
improved bounds approximation factors have been obtained by Swamy (unpublished paper)). Their approach is based
on LP-rounding, and they obtain constant factor approximation algorithms. A constant factor bi-criteria approximation
is given in [7], where load and storage constraints are allowed to be violated. We would like to consider a local search
based approach as has been successfully used both for the K-median problem, and the facility location problem [3].

3 Dynamically Changing Demand
Over time, the demand for data may change dynamically. Earlier [12] we argued that demand estimates may be used to
compute an initial layout. However, over time as the demand patterns change, the system may wish to reconfigure itself
to respond to changing demand. Dealing with dynamically changing demand gives rise to very interesting and important
challenges.
(a) We assume that the original layout was computed based on an “estimate” of the demand distribution for data.
However, over time we might realize that this “estimate” was not very accurate and wish to change it. How/when
should we do that? How frequently should this estimate be updated?
(b) The second question is about re-arranging the layout to cope with the new demand pattern. Clearly, doing this
quickly is important since the system is running inefficiently as long as the desired layout has not been reached.
In addition, performing the migration itself uses some of the bandwidth that is allocated for use by clients.

We expect that the system will continue to function (handling client traffic) while the data re-organization is being
done in the background. A certain amount of bandwidth will be dedicated for background (migration) traffic. Our initial
approach was the following [12]: we used the Sliding Window algorithm to recompute a new “target” layout L T from
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the demand distribution T . Once we computed the new target layout L T , our objective was to “convert” the existing
layout to the new layout. The conversion process can be described formally as follows: we have a collection of N
disks, and for each item i we have a set of “source” disks Si and a set of “destination disks” Di (these are the disks that
need item i, but do not have it as yet). In the figure shown, for example item 1 is initially on disks 2,3 and 4. Hence
S1 = {2, 3, 4}. The item has to be sent to disk 5, which does not have it. Hence D 1 = {5}. The conversion proceeds
in a series of “rounds”. In each round, we can choose a pairing of disks (a matching). For each chosen pair, one disk
can transfer one data item to the one it is paired with. In other words, each disk can either be the sender or recipient of
a data item. The goal is to minimize the number of rounds. In [12] we showed that this problem is N P -hard, and we
developed a constant factor approximation algorithm for it [12, 15]. We also implemented this algorithm and compared
its performance to several natural heuristics [6]. In fact, both the approximation algorithm and the heuristics are able to
deliver solutions that are very close to the optimal most of the time. In addition note that the total number of transfers
performed here is optimal, since each transfer done is a required transfer since we only transfer data from a disk in
source set to a disk in the corresponding destination set. Recently we have been able to improve the approximation
factor of the algorithm from 9.5 to 6.5 by using a combination of new ideas [15]. In addition we were able to obtain a
better approximation factor of 4 using the full-duplex communication model, where each disk can send and receive one
item in each round [15].
Different communication models can be considered based on how the disks are connected. We use the same model as
in [2, 8] where the disks may communicate on any matching; in other words, the underlying communication graph allows
for communication between any pair of devices via a matching (e.g., as in a switched storage network with unbounded
backplane bandwidth). This model best captures an architecture of parallel storage devices that are connected on a
switched network with sufficient bandwidth. This is most appropriate for our application. This model is one of the most
widely used in all the work related to gossiping and broadcasting. These algorithms can also be extended to models
where the size of the matching in each round is constrained [12]. This can be done by a simple simulation, where we
only choose a maximal subset of transfers to perform in each round. We also consider a full duplex model[15] in which
each disk can send and receive an item at the same time in a round.
The main problem with the above approach is that it completely ignores the current storage pattern. In other words,
when we run the SW algorithm to compute a new layout, it completely ignores the current layout. Since there are many
possible layouts that are potentially similar in their performance, perhaps we could have chosen a “target” layout that is a
good one, and at the same time easy to obtain by modifying the existing layout. In fact, this turns out to be an extremely
important point. In recent work [11] we have been able to show experimentally that this is indeed a viable option. For
example, in tests where the previous approach took over 100 rounds for the conversion of one layout to another; we
were able to show that within 5-10 rounds, other layouts can be obtain that are almost as good as the layouts obtained
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after over 100 rounds (See Fig.7). (Even though we were employing an approximation algorithm, we were able to derive
lower bounds that were very close to the upper bounds. Hence these were not off by large factors.) However, we are
(as yet) unable to prove bounds of the form: given any existing layout, a target bound of δ rounds, one can convert the
existing layout to a new layout within δ migration rounds and always satisfy f -fraction of the demand. Clearly, if δ is
1
allowed to be very large then f = (1 − (1+√
). This would be a very nice result to show as it would completely
k)2
explain the tradeoff between the number of migration rounds and quality of solution. In the previous approach, we
1
essentially fixed f = (1 − (1+√
) and then tried to minimize δ. Since finding the optimal solution was N P -hard, our
k)2
objective was to approximate δ.
We now consider a new approach to deal with the problem of changes in the demand pattern. We ask the following
question:
In a given number of migration rounds, can we obtain a layout by making changes to the existing layout so that the
resulting layout L0 will be (close to) the best possible layout that we can obtain within the specified number of rounds?
Of course, such a layout is interesting only if it is significantly better than the existing layout for the new demand
pattern. A simpler question may be to find a layout which has the property that each disk has at most one new data item.
While there are cases that show that such a change might not be achievable in a constant number of rounds of matching,
studying this problem would yield some insights for the main question we are interested in.
We approach the problem of finding a good layout that can be obtained in a specified number of rounds by trying
to find a sequence of layouts. Each layout in the sequence can be transformed to the next layout in the sequence by
applying a small set of changes to the current layout. These changes are computed so that they can be applied within
one round of migration (a disk may be involved in at most one transfer per round).
We show that by making these changes even for a small number of consecutive rounds, the existing placement that
was computed for the old demand pattern can be transformed into one that is almost as good as the best layout for the
new demand pattern.
To do this, we define the following one round problem. Given a layout L P and a demand distribution T , our goal is
to find a one round migration (a matching), such that if we transfer data along this matching, we will get the maximum
increase in utilization. In other words, we will “convert” the layout L P to a new layout LP+1 , such that we get the
maximum utilization, and the new layout is obtainable from the current layout in one round of migration.
Now we can simply use an algorithm for the one round problem repeatedly by starting with the initial layout L I ,
and running ` iterations of the one round algorithm. We will obtain a layout L I+` , which could be almost as good is the
target layout LT .

Of course there is no reason to assume that repeatedly solving the one round problem will actually yield an optimal
solution for the ` round version of this problem. However, as we will see, this approach is very effective. (In fact, the
one round migration problem is also N P -hard as was shown in [11], and we have to resort to using a heuristic for it.)

One important additional constraint is that the transfers have to be done without violating the space constraints on a
disk. In our current approach we require the space constraints to be satisfied at all times. In previous work we ignored
the temporary space requirements. Space requirements were addressed in related work by Karlin’s group [2, 8], however
their formulation of the problem focuses on how to schedule migrations for a specified set of transfers (where a decision
has already been made to migrate an object from a specified source disk to a target disk). With the assumption that each
disk has only one spare unit of storage, they are able to schedule all the move operations specified by the transfer graph.
Example Since the formal definition of the problem involves a lot of notation, we will informally illustrate the problem
and our approach using an example. In this example, we will show an initial demand distribution I; an initial placement
for this distribution LI ; we will then show the changed demand distribution T . We will show why the initial placement
LI is inadequate to handle the changed demand distribution T . We will then show how a small change (a one-round
migration) to the initial placement LI results in a placement that is optimal for the new demand distribution.
In this toy example, we consider a storage system that consists of 4 identical disks. Each disk has storage capacity
of 3 units and load capacity (or bandwidth) of 100 units. There are 9 data items that need to be stored in the system. The
5

initial demand distribution I and the new demand distribution T are as follows:
Item
A
B
C
D
E
F
G
H
I

Initial demand
130
90
40
30
25
25
25
22
13

New demand
55
55
20
60
5
10
15
70
110

The placement LI (which in this case is also an optimal placement) obtained using the sliding window algorithm 2
for the demand distribution above is as follows (the numbers next to the items on disks indicates the mapping of demand
to that copy of the item):
30

B

50

B

53

A

77

A

40

C

25

E

25

G

13

I

30

D

25

F

22

H

10

B

Figure 1: Optimal placement LI for the initial demand distribution I, satisfies all the demand. Storage capacity k=3,
Bandwidth L=100. In addition to producing the layout the sliding window algorithm finds a mapping of demand to
disks, which is optimal for the layout computed.
To determine the maximum amount of demand that the current placement L I can satisfy for the new demand distribution T , we compute the max-flow in a network constructed as follows. In this network we have a node corresponding
to each item and a node corresponding to each disk. We also have a source and a sink vertex. We have edges from
item vertices to disk vertices if in the placement LI , that item was put on the corresponding disk. Capacities of edges
from the source to every item is equal to the demand for that item in the new distribution. The rest of the edges have
capacity equal to the disk bandwidth. Using the flow network above, we can re-assign the demand T using the same
placement LI as given in Figure 3. Figure 2 shows the flow network obtained by applying the construction described
above, corresponding to the initial placement LI and new demand T . (For the initial demand, the max flow had value
400.)
A small change can convert LI to an optimal placement. In general, we would like to find changes that can be
applied to the existing placement in a single round to obtain a placement that is close to an optimal placement for the
new demand distribution. In a round a disk can either be the source or the target of a data transfer but not both. In fact,
in this example a single change that involves copying an item from one disk to another is sufficient (and does not involve
the other two disks in data transfers). This is illustrated in Figure 4.
We stress that we are not trying to minimize the total number of data transfers, but simply find the best set of changes
that can be applied in parallel to modify the existing placement for the new demand distribution.
We compare this approach to that of previous works [12, 6] which completely disregard the existing placement and
simply try to minimize the number of parallel rounds needed to convert the existing placement to an optimal placement
for the new demand distribution. In Fig. 6, we show that using the old approach, it takes 4 rounds of transfers to
achieve what our approach did in a single round (and using just one transfer). In Figure 5 an optimal placement L T is
recomputed 3 for the new demand distribution T . We show in Figure 6 the smallest set of transfers required to convert
2 The sliding window algorithm proposed by Shachnai and Tamir [18] is currently the best practical algorithm for this problem. For more on the
sliding window algorithm and its performance, see [5].
3 Using the sliding window algorithm for computing a placement for a given demand.
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Figure 2: Flow network to determine maximum benefit of using placement L I with demand distribution T . LI is suboptimal for T and can only satisfy 350 out of a maximum of 400 units of demand. Saturated edges are shown using
solid lines. f /c denotes the flow and capacity of an edge.
0

B

55

B

15

A

0

A

20

C

5

E

15

G

100

I

60

D

10

F

70

H

0

B

Figure 3: Maximum demand that placement LI can satisfy for the new demand distribution T . LI is sub-optimal for T
and can only satisfy 350 out of a maximum of 400 units of demand.
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Figure 4: Removing item B from disk 2 and replacing it with a copy of item I from disk 4 converts L I to an optimal
placement L0 for the new demand distribution T . The placement shown above is optimal for T and satisfies all demand.
LI to LT . Note that both placement L0 (obtained after the transfer shown in Figure 4 is applied) and placement L T
shown in Figure 5 are optimal placements for the new demand distribution T . Note that this is an optimal solution that
also addresses the space constraint on the disk (this property is not actually maintained by the data migration algorithms
developed earlier [12]).
The heuristic that we developed is based on a fairly simple idea. For any disk d, let I(d) denote the items on that
disk. Corresponding to any placement {pi } (a placement specifies for each item, which set of disks it is stored on), we
7

55

B

30

A

20

I

5

E

20

C

15

G

70

H

90

I

25

A

55

D

10

F

5

D

Figure 5: Placement LT . Output of the Sliding window algorithm for the new demand distribution T .
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Figure 6: Transforming LI to LT takes 4 rounds. Note that the disks here will need to be renumbered to match the
sliding window output. Final disk 2 corresponds to disk 3 in the sliding window output, final disk 3 corresponds to disk
2 in the sliding window output.
define the corresponding flow graph Gp (V, E) as follows. We add one node ai to the graph for each item i ∈ {1 . . . ∆}.
We add one node dj for each disk j ∈ {1 . . . N }. We add one source vertex s and one sink vertex t. We add edges
(s, ai ) for each item i. Each of these edges have capacity demand(i) (where demand(i) is the demand for item i). We
also add edges (dj , t) for each disk j. These edges have capacity L (where L is the load capacity of disk j). For every
disk j and for every item i ∈ I(j), we add an edge (ai , dj ) with capacity L.
The algorithm starts with the initial placement and works in phases. At the end of each phase, it outputs a pair of
disks and a transfer corresponding to that disk pair. We consider all possible transfers between each pair of disks, and
choose the one that would maximize the flow when we change the flow graph constructed as described. We then greedily
pick the best choice. That fixes one edge in the matching. We then repeat this to construct the entire matching, one edge
at a time.

We can speed up the algorithm by observing that the max-flow value increases monotonically from one phase
to the next and therefore we need not recompute max-flow from scratch for each phase. Rather, we compute the
residual network for the flow graph once and then make incremental changes to this residual network for each maxflow computation. All max-flow computations in this version of the algorithm are computed using the Edmonds-Karp
algorithm (see [1]). Let Gi denote the residual graph at the end of phase i. Let G0 be the residual graph corresponding
to the initial graph. All max-flow computations in phase i + 1, we begin with the residual graph G i and find augmenting
paths (using BFS on the residual graph) to evaluate the max-flow. After each transfer pair in phase i + 1 is considered,
we undo the changes to the residual graph and revert back to G i . At the end of phase i + 1, we apply the best transfer
found in that phase, recompute max-flow and use the corresponding residual graph as G i+1 .
Even with the speedup, the algorithm needs to perform around 415,000 max-flow computations even for one of the
smallest instances (N=60, k=15) that we consider in our experiments. Since we want to quickly compute the one-round
migration, too many flow computations are not acceptable. We therefore consider variants of our algorithm. In our
experiments, we found these variants to yield solutions that are as good as the algorithm described above. Moreover
these variants run in seconds, as opposed to hours for the brute force algorithm.
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Figure 7: Plot compares the number of rounds that the old migration scheme took to reach within 5% of the optimal
solution. We used N=60 and tried each of the shuffle methods for every pair of k and L shown in the plot. Every data
point was obtained by averaging over 10 runs. In each of the experiments shown above, our scheme was set to run for
10 consecutive rounds.
We also are aware of situations when this heuristic does not perform well [11]. In fact, sometimes moving items
whose load did not even increase can enable one to “merge” all the demand together on a disk freeing up lots of load
capacity on several disks. To derive a constant factor approximation one will have to understand this phenomenon a
little better. Another obvious approach would be to try to construct some graph where we have a vertex corresponding
to each disk, and the edge weights encode the “benefit” of copying an item from one disk to another. We could then try
to identify a maximum weight matching in this graph. However, the main problem with this approach is that the same
set of clients can cause many edges in the maximum weight matching to be chosen, but all these transfers cannot give a
benefit since they are all referring to the same set of clients.

4 Central Questions
1. One of our first goals is to develop a tradeoff between migration rounds and quality of layout. We think that this
will greatly enhance our understanding of the problem. Even though we have developed a very effective heuristic,
it would be nice to develop algorithms for which we can prove worst case bounds. In addition, we would like to
improve our heuristic in terms of making it computationally more efficient. If we expect the algorithm to scale to
larger storage systems, then we need faster algorithms than the one we presently have.
2. We would also like to develop tight bounds for the data layout problem with arbitrary sized items and extend the
migration results for the case of arbitrary sized items. This immediately implies that we will have to use different
communication models, as all transfers will not take the same amount of time, even on a homogeneous centralized
system.
3. Several of our layout algorithms (with one notable exception) currently assume that the storage system consists
of identical disks. We would like to develop algorithms that work for arbitrary disk systems.
4. For the data migration work we would like to extend our results for other communication models, in addition to the
half-duplex model. The full duplex model permits each disk to send and receive data simultaneously for example.
In this case the communication at each step does not form a matching. Instead, we can view it as a directed graph,
with each node having indegree and outdegree at most one. We were able to develop a 6 approximation for the
data migration problem under this model [15]. In addition in most of the data migration papers it is assumed that
a connection can be established between any pair of storage devices and that data can be exchanged at the same
rate between any pair of storage devices. For a heterogeneous distributed system this assumption is not realistic.
In special cases such as for broadcasting and multicasting we have been able to develop approximation algorithms
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that work well [14, 16] in such models. In fact the algorithms that we analyze are very simple methods, and we
show that they produce solutions that are close to optimal (the proofs are somewhat involved). We do not have
any bounds for general data migration problems on such models.
5. The final challenge is in making this work in real-life large scale systems. As part of this evaluation effort, we
would also like to explore techniques for evaluating our algorithms’ and system’s ability to self-adjust to system
faults.
6. Finally, we completely ignored the issue of fairness. For example, currently we do not have any client importance
levels or QoS specifications for the clients. In multimedia applications, the bandwidth rate can be adjusted with
certain degradation in the quality of the video. The next step would be to incorporate that into the data layout
algorithms. So for example, more than L data streams can be handle by a disk by lowering the quality of the
transmission.
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