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Abstract— Logical reorganization of data and require-
ments of differentiated QoS in information systems necessi-
tate bulk data migration by the underlying storage layer. Such
data migration needs to ensure that regular client I/Os are not
impacted significantly while migration is in progress. We for-
malize the data migration problem in a unified admission con-
trol framework that captures both the performance require-
ments of client I/Os and the constraints associated with mi-
gration. We propose an adaptive rate-control based data mi-
gration methodology, QoSMig, that achieves the optimal client
performance in a differentiated QoS setting, while ensuring
that the specified migration constraints are met. QoSMig uses
both long term averages and short term forecasts of client
traffic to compute a migration schedule. We present an ar-
chitecture based on Service Level Enforcement Discipline for
Storage (SLEDS) that supports QoSMig. Our trace–driven
experimental study demonstrates that QoSMig provides sig-
nificantly better I/O performance as compared to existing mi-
gration methodologies.

I. INTRODUCTION

Migration of data between different storage devices is an
important technique used in storage systems management
for handling situations such as device failures and compo-
nent upgrades, and for evolving the system to keep pace
with increasing space and performance requirements of ap-
plications. In differentiated QoS systems, data migration
and its variations like data replication, are also used to dy-
namically adapt to variations in workloads, and alleviate
performance issues like hot spots. Data migration is also
necessitated by reorganization at the level of information
systems like file systems and database systems. In database
systems, physical rearrangement of database is performed
for various operations such as compaction to reduce frag-
mentation and clustering of related records or objects on
disk to improve disk I/O performance [18], [19]. For large
databases, the data migration duration could last several
hours, during which client access to the system could be
severely affected. Today’s IT environments are expected to
provide 24x7 service, so it becomes important to execute
migration in a manner that minimizes the impact on client
access to the system. At the same time, migration activ-
ity could have associated objectives that must also be satis-
fied. A common objective is to complete migration within
a specified deadline. This is often the case when the data

is migrated at a very coarse granularity (like a database ta-
ble or a storage volume) and concurrent access by clients to
data being migrated is not supported by the database sys-
tem. A more interesting case is when the data is moved
at a relatively fine granularity (like a database record or
a disk block) and the database system is capable of pro-
viding online access to the remaining data. Migration can
now be carried out so that the adverse impact on client ac-
cess is balanced by the fulfillment of the migration objec-
tive. For example, migration required for clustering related
database records within adjacent disk blocks is likely to
improve performance of the transactions that access those
records. The decreased I/O performance experienced by
transactions during migration should be weighed against
this expected gain, and the migration rate be adapted ac-
cordingly.

Bulk data migration schemes in practice today take a
simplistic approach by scheduling migration either as a low
priority maintenance activity, or at the other extreme, at
the highest priority without regards to the impact on client
access. In this paper, we present QoSMig, a novel ap-
proach to data migration in storage systems that balances
the migration objectives with the client I/O performance re-
quirements. This approach provides a flexible approach to
data migration that frees up administrators from the unen-
viable task of computing migration schedules that are not
overly disruptive to client traffic and still satisfy the migra-
tion objectives. In addition, QoSMig enables logical reor-
ganization of data to be used more effectively by limiting
the impact on concurrent client accesses. This study does
not present any new method to determine system configu-
rations that deliver better performance nor does it present
techniques for maintaining consistency during migration.
Rather, it uses available techniques for them [18].

A. QoS-aware Migration Framework and Contribution

We consider a storage system that provides statistical
QoS guarantees. QoS guarantees are provided on a re-
quest stream defined as an aggregation of I/O requests from
an application. The logical grouping of data accessed by
the stream is referred to as a store, which is backed up by
physical space on storage volumes. Typically, QoS guaran-
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tees, more formally referred to as service level agreements
(SLA), specify an upper bound on the stream request rate
and also an obligation on the system to serve a minimum
fraction of these requests within a specified latency bound.
In this setup, each request is associated with a reward value
that the system accrues when the request is serviced within
its latency bound. A migration task refers to the movement
of a store from one backing physical volume to another vol-
ume. We introduce the notion of migration utility function
to capture the benefit of migration in terms of additional re-
ward that the system will earn after migration is completed.
The key idea behind QoSMig is to consider the individual
migration requests that constitute the migration task and
to establish the relative importance of these migration re-
quests vis a vis client I/O requests by analyzing the migra-
tion utility and the expected distributions of arrival (and ser-
vice) times of I/O requests in near-term future. Rewards are
assigned to individual migration requests based on the mi-
gration utility function and I/O rewards, thus enabling the
processing of migration and I/O requests in a unified frame-
work. QoSMig uses an online admission control algorithm
to admit requests that maximize the reward earned by the
system. Figure 1 presents a functional model of QoSMig
that depicts the input-output relationship.

An important feature of QoSMig is that it not only adapts
the rate of migration to soak up the spare system bandwidth,
but at times of system overload, it has the capability of giv-
ing priority to migration requests over I/O requests in order
to achieve the migration objective. This has an important
benefit that it always results in predictable migration com-
pletion deadline given long-term client traffic statistics thus
making it extremely useful in today’s service-oriented envi-
ronments. We describe in this paper how QoSMig is used in
the specific and important case of a fixed deadline, as well
as in the general case where QoSMig computes a suitable
deadline and completes migration within the deadline.

The admission controller used in QoSMig to maximize
overall rewards is based on a performance model of the un-
derlying storage system. Numerous researchers have pro-
posed performance models that take into account increas-
ingly complex features of modern storage systems [21],
[11]. While QoSMig approach is valid for all types of
storage systems (though no new performance models are
proposed by this study), to focus on the working of QoS-
Mig, we use an empirical performance model of a single
disk in our experimental study. The model is constructed
by increasing the load (in terms of I/Os per second) and
measuring the resulting average response times. To achieve
a target average response time, the input workload must be
limited to a certain value as given by the model. We call
this the disk request processing capacity � (referred to as
disk capacity).

The rest of this paper is organized as follows. In Sec. II,
we formulate the problem as a reward maximization prob-
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Fig. 1. QoSMig Functional Model.

lem and propose a scheduling–based approach to solve it.
In Sec. III, we describe our methodology for assigning re-
wards to migration requests in various scenarios, and our
admission control and scheduling technique as a solution to
the profit maximization problem. Next, in Sec. IV, we dis-
cuss some implementation issues relevant to our approach
in practical settings. Finally, we describe our experimental
setup and results in Sec. V, and conclude with relating our
work to current research in Sec. VI.

II. QOSMIG OVERVIEW AND ARCHITECTURE

In this section, we propose a reward maximization based
formulation of migration scheduling problem followed by
an architecture for incorporating a solution to the problem
in QoS based storage systems. We also present a methodol-
ogy for computing the utility of migration requests relative
to the client I/Os in SLA based systems.

The migration problem is formulated as follows. We are
given as input a migration task, i.e. a store of size ��� that
needs to be moved from a source to a destination, and a set
of � application requests to be serviced by the system. Each
application request has an associated reward function ���	��

that gives the reward obtained when the request is served
with a latency of � . The utility of completing migration
task in time � is given by migration utility function 
 � ����
 .
Intuitively, 
 � ����
 gives the additional reward earned if mi-
gration is completed at time � . We assume that the benefits
of migration start accruing only after the entire store is mi-
grated. 1 We denote � to be the total number of I/O requests
(application or migration) that the disk can serve in a unit
time.

Our objective is to schedule the migration task such that
the overall reward earned by the system, i.e., the sum of the
reward generated from satisfying the application requests
and the utility obtained by executing the migration task is
maximized. In essence, we are interested in finding the rate
of migration ��������
 , at each time � , and migration comple-
tion time ��� , that maximizes the total reward. Formally
we have,

������� �"!$#&%&' (*) + ,.-/1032 � / ��� / 
546
7�8���9�:
<;<= (1)

where � / is the latency of the > th application request,?A@ )B �C�D����
FEG�IHJ�K� , and the total capacity used by migra-
tion and I/O requests is no more than available disk capacity� at all times.L

While this is indeed true for most databases, handling the case where
migration benefits start accruing incrementally is an interesting open prob-
lem.
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Note that, in the case where the migration task has a dead-
line � ����� , we need to solve the following optimization
problem,

� ��� � � ! # % ' ( )�� ( )���� + , -/ 052 � / �	� / 
 46
 � ��� � 
 ;
	 (2)

QoSMig works in the following manner. Each migration
task is divided into a large number of smaller migration re-
quests. We assign a reward to each of these migration re-
quests in a way that captures the utility function of the mi-
gration task. We then process the application requests and
migration requests in a unified manner and use an admis-
sion control algorithm that strives to maximize the total re-
ward obtained by serving the admitted requests. Note that
even though the utility of migration task accrues after its
completion, the profit maximizing admission controller is
oblivious to it and accrues rewards for the migration re-
quests. It is our proposed reward assignment technique
which ensures that an optimal solution to the unified reward
maximization problem obtained thus is also an optimal so-
lution for the migration problem. In the following subsec-
tions, we describe the QoSMig architecture and detail out
the reward and utility models used.

A. Architecture
The main architectural requirement for implementing

QoSMig is a controller module that resides in the data path
between clients and storage server so that it can regulate the
flow of I/O and migration requests. Recently, some con-
troller designs for providing statistical QoS guarantees on
storage systems have been proposed [7], [8]. We have cho-
sen to implement QoSMig in SLEDS controller proposed
by Chambliss et al. in [8]. A schematic architecture of
SLEDS with QoSMig enhancements is presented in Fig-
ure 2. SLEDS provides statistical performance guarantees
on a wide variety of storage systems. The controller logic is
implemented inside a gateway module that monitors client
I/O streams and performs traffic shaping and policing based
on monitored performance metrics. A central server called
SLA server stores the client SLAs and collates the moni-
toring data from the gateways to effect throttling controls
in the gateways. SLEDS assumes that the storage system is
provisioned to satisfy the client performance target in terms
of response time as long as the offered load by the client (in
terms of I/Os per second) does not exceed a certain max-
imum. If some streams suffer QoS violations, it frees up
system resources for their use by throttling streams that
contend with these streams and are exceeding their max-
imum load limit. For implementing QoSMig, SLEDS is
enhanced by adding a migration utility generator module to
the SLA server. This module takes client SLAs and migra-
tion objectives like deadline etc. to generate a migration
utility function. Migration requests, like I/O requests, are
sent to the gateway modules. A migration reward tagger
module is added to the gateway module that assigns ap-
propriate rewards to individual migration requests before

forwarding them to the admission controller. A predictor
module is also added to the gateway for short-term fore-
cast of the client traffic. SLEDS employs a leaky-bucket
traffic shaping policy for regulating flow of I/O requests.
For QoSMig, we augment this with an admission control
policy that maximizes the objective function as specified
in Eqn. 1. The admission controller admits requests from
different streams, including migration stream, to maximize
the overall reward. The admitted requests are sent to the
storage system for processing.
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Fig. 2. QoSMig System Architecture. Gateways intercept all I/O requests
including migration requests and effect admission control policy according
to the SLAs and migration objectives.

B. I/O Reward Model

Each application I/O request �
� is represented as ���� � =�� � =�� � = � � �	��
�� , where � � is the arrival time of the re-
quest, � � is the duration of the request, � � is the stream with
which � � is associated, and � � �	��
 is the reward generated
by the request if it is served with a delay of time � . Note that
the reward for an I/O request is represented as a function of
the delay incurred by the request. We consider only those
reward functions that are non–increasing with increase in
delay. Further, for ease of exposition, we consider step-
function reward functions only, i.e., ���G�	��
 H � if �������
and � otherwise. To take an example, for a streaming media
workload, a request must be served within a latency bound� � (e.g., frame refresh latency in video replay) and so the
deadline ��� H � � and the reward value � could be pro-
portional to the priority of the application. For a workload
that has the objective of minimizing average response time
a linearly decreasing reward function may be appropriate.

C. Migration Utility Model

The migration utility function 
7� ����
 is used to denote
the utility of completing migration in time � . Migration is
typically used as a technique to transition from one sys-
tem configuration to another that provides improved perfor-
mance and/or availability. In the latter case, migration util-
ity can often be captured as a step function. For example,
disaster recovery mechanisms require asynchronous repli-
cation of data to a remote site within a deadline to bound
the time lag between the primary and the replica. Similarly,
in the case of an anticipated disk failure, it is essential to
complete migration before a deadline defined naturally by
the mean time to disk failure. The utility can be perceived
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Fig. 3. (a) Reward distribution w.r.t. time for two disk configurations ��� and ��� .(b) The corresponding migration utility is a non–increasing function
of time.

as the inverse of the business loss incurred in case the mi-
gration deadline is not met. [15] presents an approach for
capturing the costs associated with such failures. Thus, mi-
gration utility is captured by the following step function,


 �8����
IH
���

if �	� � � � �
� 
 ����
 ��� > ��
 (3)

where �9� � � is the deadline and
�

is the business loss in-
curred by the disk failure.

In the former case, utility function for migration is more
involved. To illustrate with an example, if the migration is
performed for database reorganization to reduce disk frag-
mentation or to balance workload, the average transaction
processing time after migration decreases. For systems, that
have to take data offline for reorganization, there is an ad-
ditional constraint of finishing the migration within a stip-
ulated deadline. Intuitively speaking, if migration is com-
pleted at time � , then the benefits of migration start accru-
ing from that point onwards. Hence, the slope of the mi-
gration utility curve at time � should capture the potential
benefits lost because migration was not completed earlier
than � . Hence, we define the slope of 
 � ����
 as the rate of
reward loss, where reward is a measure of the benefit, at� . Hence, again migration curve can be described a general
utility w.r.t delay (t). Figure 3(a) shows an example where
expected reward before and after migration is denoted by� �	� / =���
 and

� � ��� = ��
 respectively, where the reward cal-
culations are based on the future client request traffic and
expected system performance as predicted by the model.
The benefit of migration at time � could be thought of as the
additional reward that the system earns in the new config-
uration i.e. (

� �	� � = ��
 -
� �	� / =���
 ) EG� . The reward gain then

is summation of all the benefits accrued till time � and can
be computed as an integral of the benefit (the dotted line in
Figure 3(b)). The corresponding migration utility is simply
an inverse of the reward gain and hence a non–increasing
function of time � (given by the solid line).

III. QOSMIG: ADAPTIVE RATE-CONTROLLED DATA

MIGRATION

We now present our method for assigning rewards to mi-
gration requests that ensures that the admission control al-

gorithm solves the problem described in Eqn. 1. Consider
the migration of a store � starting at time � B , that migrates� � amount of data (migration requests) from a disk with
disk capacity � to another disk. Since the behavior of our
proposed method (Migration-aware BSRJF) is complex, for
an intuitive understanding of the reward assignment, con-
sider the following simple optimal admission control algo-
rithm ���K� . At any given time � , ��� � sorts all requests,
which have not been rejected, in decreasing order of the re-
ward associated with them. It then selects as many requests
as it can without violating the disk capacity constraint. Now
consider the reduced scenario where requests arrive at times� B 4�� �D=������ . Also, all requests have duration equal to
� . One may note that each independent sub-problem at any
time � B 4 � � is a knapsack problem and ��� � is the greedy
strategy that leads to an optimal solution for this version,
where all requests have unit capacity [24]. We discuss gen-
eral admission control methodology later, but ���K� illus-
trates the intuition behind the reward assignment of migra-
tion requests better.

A. Migration With Deadline

We start with the scenario where there is an expected
deadline for migration, e.g. 6 hours. In such a case, it is
reasonable to assume that migration incurs no penalty as
long as the migration completes in time close to the dead-
line (e.g., a violation by 5 minutes for a migration task of 6
hours). Our aim is to design a reward function for migration
requests such that an AC algorithm selects the requests (I/O
and migration) in a manner such that the expected deadline
is met and the loss in I/O rewards incurred due to migration
is minimized.

Let �9� � � denote the expected deadline for migration.
The utility of migration is

�
if it is completed before the

deadline, and � otherwise (step–function). Let � � H� �"! ��� � � �$# � B 
 denote the average bandwidth required
for migration to meet the deadline. Further, let % � be the
total number of migration requests that need to be sched-
uled, and % � ����
 be the number of migration requests re-
maining at time � .

We specify the potential reward of a migration request to
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be � � s.t., �����
� )�� �	� � � � # � � = (4)

where � � is the expected capacity used by requests with re-
ward � ,

�
is the expected number of requests present at any

time given time, and � � is the probability that a request has
reward � .
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Fig. 4. Capacity Distribution of Requests with Rewards

Eqn. 4 ensures that the disk capacity available after serv-
ing the migration requests is sufficient to service all I/O re-
quests that have rewards higher than the potential reward
of the migration requests. The area ��
 in Fig. 4 denotes
the expected capacity taken by migration requests and the
area ��� denotes the expected capacity taken by such high
reward requests. We want this to be equal to the capacity
available after serving migration requests.

The actual reward � � ����
 for a migration request at time� is given by,

�K� ����
IH
� � if 
� )������ � � � =
�K� 
 ����
 ��� > ��
 (5)

where �K� is the potential reward given by Eqn. 4.

The case where � � ����
 is different from � � refers to
a scenario where migration has such a low utility that the
deadline can be met only by rejecting I/O requests with
higher rewards. In this case, we reject all migration request
by setting their rewards to � . 2

With the above reward model for migration and assuming
all statistical estimates to be accurate, an optimal admission
control (OAC) algorithm would serve all requests that are in
the region � � (in Fig. 4) along with the migration requests.
This leads us to the following lemma.

Lemma 1: The expected completion time of migration
by the OAC algorithm is ������� if the (potential) reward of
a migration request is � � . Also, the algorithm services
all requests in � � and rejects all requests in � 
 , thereby
maximizing the reward generated by the service provider.�

In practice, we do not expect this to happen since a migration task will
be typically associated with a high enough utility.

To ensure that migration finishes strictly before the dead-
line, migration requests can be assigned the highest priority
when the remaining disk bandwidth before deadline is just
enough to meet the migration load.

B. Migration with General Utility Functions
As discussed earlier, there are scenarios where migration

utility can be represented as a general function w.r.t. the
time � taken to complete the migration. In such a scenario,
even the time to complete the migration (i.e. deadline) is
not explicit. We next present a method that calculates an
optimal target deadline for migration to be completed. We
also propose a reward model for migration requests in this
scenario, such that the AC algorithm maximizes the total
reward generated by servicing I/O and migration requests.
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Fig. 5. Migration Utility Function: Optimal Target Deadline Identifica-
tion

As earlier, we partition the request space into high and
low reward requests. Instead of calculating the optimal tar-
get deadline rigorously, we present a solution to this opti-
mization problem (with potentially non-convex constraints)
and show that the solution is optimal. The following two
equations specify the target deadline ����� � for migration to
complete.

�K�
� ��� � H � � (6)���� �D
7� ����
� �
���� @���� # H � � ���K� # ��
�
"= (7)

where ��
 denotes the average reward of requests that have
reward less than �K� . In other words, ��
 denotes the aver-
age reward of requests in the region ��
 in Figure 4.

We have the following result about the deadline � ��� � thus
computed.

Theorem 1: If 
7� ����
 is a convex function w.r.t time,� ��� � is the target deadline that maximizes the total expected
reward (sum of I/O rewards and migration utility) for an op-
timal admission control algorithm.

Proof (sketch): We provide an intuitive proof that explains
our basic idea. Assume that there is a schedule ! with
deadline ��" that has total utility larger than any schedule
with deadline ����� � .
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If ��" �6� ��� � , then ! serves more I/O requests (and fewer
migration requests) in time � ��� � . However, such requests
are expected to have reward per unit capacity less than � � .
On the other hand, the loss in migration utility (per unit
capacity) by extending migration deadline by unit time is
larger than �:� # ��
 (due to convexity of 
7� ����
 ). Moreover,
extending migration leads to rejection of some I/O requests
after time � ��� � . The loss in I/O reward per unit time due
to this migration equals ��
 . Also, note that if we serve� migration requests in any time, the expected I/O reward
loss is larger than � �K� . Hence, the expected increase in
total utility by serving an extra I/O request in time � ��� � is
less than the loss in utility by either delaying migration by�

time unit any time after � ��� � or serving an extra migration
request by rejecting more I/O requests.

Similarly, if ��" � � ��� � , it is easy to see that some I/O
requests rejected by ! have expected reward greater than
or equal to �K� . Hence, serving one of such requests by
delaying migration leads to a loss in migration utility (per
unit capacity) less than � � # � 
 (due to convexity of 
 � ).
Moreover, the expected I/O reward loss due to such migra-
tion after � ��� � is � 
 . Hence, again the expected I/O reward
loss by completing migration earlier than � ��� � is more than
the sum of the increase in migration utility and expected
additional I/O rewards gained.

The marginal loss in utility ( � �D
 � ����
 ! � ��� ) is typically
an increasing function and hence � ��� � is unique (it can be
shown that �	� � # � 
 
 � � is a decreasing function and
hence there is only one intersection point). Once the tar-
get deadline is identified, the rest of the procedure is the
same as the case with deadline. We associate potential (and
actual) reward values for each of the remaining migration
requests. Finally, Eqn. 4, 6, 7 are solved using bisection[4].
Since all curves are piecewise linear, we can find a solution
quickly.

C. Admission Control Methodology

We now give a concrete formulation of the general re-
ward maximization problem that the Admission Control
System solves. Consider an input set of � requests, where
each request � / can be represented as r � � / , � / , � / , � / ,� / , � / � , where � / is arrival time, � / is duration, � / is reward
value, � / is the deadline, � / is capacity used (=

�
for all re-

quests) and � / is the stream of the request. Note that such
requests are both I/O as well as migration requests. Define� as the total capacity of the resource available and � � � � as
the total time under consideration. In the case of migration
with deadline, we can assume this to equal the length of mi-
gration or migration deadline for our study. However, in the
general setting, an admission controller would be used even
if no migration is in progress and � � � � would be some suit-
ably defined long interval. The problem is to find a schedule
( � /�� � ) of requests such that the overall rewards are maxi-

mized over this period. Formally, we have

����� , -/1052 � / , @ # � #� 052 � /�� � (8)

� 	 � 	 ,.-/ 052 � / � /�� � � � � time �	�, @ # � #� 052 � /�� � � � � request >
�
� /�� � H

�� 
 1 if � / is scheduled at time �
and ���94 � / # � / 
 � � /

0 otherwise

� /�� � H
�� 
 1 � ��� ��� � ��� =�� 4 � / # � 


and � /�� H � 

0 otherwise

, @ # � #� 052 � /�� � H � implies that the request is rejected. We note
that this problem can be modeled as bandwidth allocation
problem which is known to be NP-Hard even in a general-
ized off-line setting [1]. Moreover, the problem needs to be
solved in an online setting where the decision of rejecting
a request is made without knowledge of the requests which
are scheduled to arrive later.

Verma et al. [3] present a provably optimal offline al-
gorithm (SRJF) for reward maximization in the scenario
where all requests have the same reward and then extend
it for the general case to an algorithm (BSRJF) that is lo-
cally optimal. They also provide online versions of the al-
gorithms. Our QoS aware migration strategy requires us
to use any admission control algorithm geared towards re-
ward maximization. Towards this end, we refine the BSRJF
algorithm [3] to perform admission control in our setting.

Definition 1: Define the conflict set of request � / at time� ( � �/ ) to be the set of all such requests �
� that have been
not been rejected till time � and either (a) � / 4 � / � � � and� / 4 � / � � � 4 ��� or (b) � ��4 ��� � � / and � / 4 � / � � ��4 ��� .
The offline version of BSRJF essentially rejects all such re-
quests � / for which a � "/ exists. It finds out all the can-
didate � "/ for each � / and pre-reserves capacity for them.
If spare capacity is left after pre-reservation, then � / is ser-
viced. This leads us to the local optimality condition. In the
online version of BSRJF, we compute the expected sum of
reward and penalties for such � "/ candidates, i.e., we com-
pute the sum of the expected rewards and penalties of non-
conflicting request sets ��� that arrive later. We compare this
sum with the reward of the current request under consider-
ation. If the sum of the expected rewards and the penalties
saved exceeds the reward of the current request, we reserve
capacity for ��� . This ensures that � / is serviced only if there
is no expected � "/ that would be rejected later. For further
details of the algorithm, we refer the reader to [3].

The BSRJF algorithm can be directly applied for our re-
ward maximization setting with a small change. One may
note that BSRJF pre-reserves capacity for requests with
high reward potential before accepting a request for ser-
vice. This pre-reservation needs information about the re-
quests that are expected to arrive in future. [3] use a pre-
dictor to generate a short-term forecast of the requests in
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order to pre-reserve capacity. In our problem, estimation of
expected I/O requests is made using a similar time-series
based prediction proposed in [2], [26], [20]. However, the
migration requests and their rewards are generated deter-
ministically. To take an example, at the onset of migration,
the number of migration requests equal the total capacity
of the disk. However, as migration requests get serviced,
the number of migration requests that arrive at any given
time reduce. Moreover, the rewards of such migration re-
quests may change as the deadline approaches. In order
to attribute for this fact, we modify the BSRJF Algorithm
to differentiate between I/O and Migration requests. The
algorithm computes the expected number of migration re-
quests pending in the following manner. At any time � , it
maintains the status of migration (expected number of mi-
gration requests completed till time � ) and determines the
number of pending migration requests and their rewards.
Also, in order to estimate the number of migration requests
completed at a later time � � , it assumes that the number of
migration requests served between � and � � equal the av-
erage rate of migration needed, i.e., it assumes that at each
time ��� � � �.��� �.� � , the number of migration requests
that would get served equals the long term average rate of
migration needed. Hence, in our migration-aware version
of BSRJF, future requests are a combination of I/O requests
predicted by the predictor and migration requests computed
in the manner described above. The rest of the algorithm is
same as in [3].

IV. IMPLEMENTATION ISSUES

We now discuss issues we have faced till now in imple-
menting the QoSMig architecture.

A. Disk Capacity Estimation
The admission controller assumes that the disk has a ca-

pacity � that denotes the number of I/Os that can be pro-
cessed by the disk in unit time. However, as opposed to net-
work bandwidth problems, disk capacity is estimated using
the knee point of the disk, which depends on the sequential-
ity of the request streams. Random access streams reduce
the knee point whereas sequential streams increase it. To
start with, we identify the knee point for the storage device
for a traffic that is a mix of the client traffic and migration at
an average rate by increasing the client traffic intensity. We
denote this knee point for the storage device as the capacity� of the device and use it as a starting estimate. As migra-
tion progresses, we use a control-theoretic feedback loop to
verify if the used knee point is correct. The disk capacity �
used for admission control is then adjusted according to the
feedback received.

B. Discrete Class scenario
The computation of migration reward ��� (Eqn. 4) as-

sumes that the reward distribution is continuous (Fig. 4).
However, in many practical scenarios, the reward of a re-
quest may equal the priority of the QoS class, and hence,

only a few reward values may exist. As a result, the re-
ward assigned to migration requests � � may be same as
reward of requests of some I/O QoS class3 � / and the � �
may need to decide between I/O and migration requests that
have the same reward.

To obviate this problem, we partition the class � / into
two sub-classes �

2/ and ���/ where the reward of class �
2/

is � � #�� and reward of class ���/ is � � 4 � . A re-
quest of class � / is put into class �

2/ with probability� 2/ H
	
��� �

	
��
��������� � �� � and with probability

� # � 2/ into
class ���/ , where � � is the capacity used by requests of class� � . i.e., the class is partitioned at the point � # � � into
two classes, one of which has higher reward than migration
(falls in area ��� ) and another that has lower rewards (falls
in area ��
 ). Hence, the � � does not need to handle the
scenario where migration and I/O requests have the same
reward. Moreover, it is easy to see that the optimal solution
for this modified problem (with one extra class) coincides
with the original problem. Hence, all our results about the
obtained solution hold after this sub-partitioning as well.

C. Prediction Error Adaptation

In real systems, we need to make our system robust by
dealing with prediction errors. For the scenario where mi-
gration has a specified deadline, we introduce a factor of
��� � � �9����
 2 � � with the migration rewards for the migration
scenario with deadline, where ��� � � � is defined as

��� � � �9����
 H % ����� � � # � (9)

% �� is the number of migration requests remaining at time� and � is the confidence ratio. If the long term distribu-
tion values are accurate, ��� �

and the adaptation factor
tends to 1. On the other hand, if the confidence is low,��� � and the algorithm tries to adapt quickly to the cur-
rent traffic, thus ensuring that the rate of migration is varied
quickly and migration completes close to deadline. In the
general migration utility case, where no deadlines are spec-
ified, the deadlines we calculate are not sacrosanct since the
computed deadlines are based on the long term behavior of
predicted traffic. Since such predictions may have errors,
we periodically recompute the long term traffic parameters
and, if they have changed, recompute the target deadline
and migration rewards as well, thus making it more robust.
Note that for long migration tasks the long term averages
may change over time and it is necessary to recompute the
migration deadline and rewards independent of any fore-
casting errors.

V. EXPERIMENTAL EVALUATION OF QOSMIG

In this section, we compare the performance of an adap-
tive rate–controlled migration approach using QoSMig with

�
Classes are sorted in order of reward from high to low.
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two commonly used schemes i.e. whole–store and average–
rate migration, as well as the recently proposed Aque-
duct[6] approach. Note that, none of the existing schemes
use a unified admission control framework that enables
rate–controlled migration based on the characteristics of
client I/O and migration constraints. We use synthetic
workloads and real storage traces to demonstrate the effec-
tiveness of an unified admission control framework in Qos-
Mig, such that promised migration deadline guarantees are
met while minimally impacting client I/Os.

For the sake of clarity, we next provide a brief description
of the competitive algorithms for bulk data migration.

� Whole–store: Migration is assigned the highest prior-
ity and the total available disk capacity is allocated to
migration until it is complete. Note that, this is typi-
cally done when the storage or information system is
incapable of providing concurrent access to applica-
tions during migration.In this situation, it becomes de-
sirable to complete the migration as soon as possible.

� Average-rate: An average target rate of migration is
computed using the required migration bandwidth and
deadline. The rate of migration is then set to this aver-
age for the entire duration of the migration. One may
note that this approach is a simplified version of our
general method and useful only in a scenario where
the I/O traffic is steady.

� Aqueduct: In Aqueduct [6], a control-theoretic ap-
proach is used to adapt the rate of migration to min-
imize the impact on client performance. In this ap-
proach, migration is a best effort activity and hence, it
is only allocated the capacity remaining after serving
all I/O requests.

A. Experimental Setup

Disk Type Seagate Cheetah 4LP
Cylinders 6582
Sector Size 512 Bytes
Disk Size 4.55 GB
Average Seek 7.7 ms
Rotation Speed 10033 RPM
Transfer Rate (Min/Max) 11.3/16.8 MB/sec
Size of Migration Request 512 KB

TABLE I
CONFIGURATION PARAMETERS

For the performance evaluation, we built a simulation en-
vironment that implements the three essential components
of the QoSMig architecture, i.e. the leaky bucket traffic
shaper, reward tagger, and admission controller. The sim-
ulated system consists of two disks, each of which is mod-
elled using DiskSim [9]. To work in a realistic setting, we
use the disk model of Seagate Cheetah 4LP in DiskSim that
has been validated against this disk for a variety of work-
loads. The disk parameters used in the experiments are
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Fig. 6. Estimated knee points for the OLTP and Web search workloads.

summarized in Table I.

Each experiment takes as input a set of client I/O requests
and a migration task with associated constraints. Data is
migrated from the source disk to the destination disk while
the I/O requests are directed only at the source disk. The re-
sults reported in this section are for the source disk only. We
consider a differentiated QoS setting in which client I/Os
belong to three service classes. For ease of understanding,
we refer to these classes as gold, silver and bronze. Re-
quests in each service class have a latency requirement of

� � � ms while the reward associated with requests from the
three classes are 20, 10 and 1 units, respectively. We report
our results in terms of number of requests serviced from
each class and the reward assignment to the requests from
the three service classes only highlights the QoS differen-
tiation aspect of our approach. Note that, in this reward
model, a request that is dropped by the admission controller
has zero reward. In the later subsections, we elaborate on
the distributions of the individual QoS classes for the dif-
ferent workloads.

For the simulation study, we interleave the client I/Os
with migration requests. The idea is to fragment the mi-
gration task into smaller migration requests. We choose the
size of each request to be comparable to the size of a single
disk track for efficiency [13]. In specific, the size of each
migration request is chosen to be 512 KBytes based on the
Seagate disk specifications.

1) Admission Control Methodology: The I/O requests
and the migration requests are submitted to the admission
controller which decides on the set of requests to be admit-
ted. Any request not selected by the admission controller
are assumed to be dropped. Note that, in a practical set-
ting, the buffer manager in the storage layer typically re-
submits the dropped requests, but we have not incorporated
this feature in our simulation environment. The admission
controller methodology is modified based on the migration
strategy being implemented. For the whole-store strategy,
the BSRJF algorithm is used with all migration requests
accorded a reward higher than the reward of the highest
priority I/O request. The average rate migration strategy
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is achieved by allocating a proportional fraction of disk
bandwidth to migration requests based on the migration
deadline. The best-effort migration strategy of Aqueduct
is implemented by assigning migration requests a reward
lower than the reward of the lowest priority I/O request.
Finally, QoSMig is implemented by using the Migration–
Aware BSRJF algorithm in the admission controller.

B. Synthetic Workload
In the first set of experiments, we use synthetic workload

for generating client I/Os. The input request stream has
Poisson arrivals with heavy–tailed service times [2]. Re-
quests are classified into three QoS classes with

� ��� , � ��� ,
and � ��� requests coming from gold, silver and bronze
classes, respectively. The client requests are distributed uni-
formly and at random across the disk. The disk capacity� was empirically measured to be 125 requests/second for
this workload. We experimented with a number of settings
for I/O and migration loads. Due to lack of space, we report
the case where average I/O load is � 	 �G� . Figure 7(a) shows
the I/O capacity requested by the client application.

We now study the behavior of different migration strate-
gies for a scenario where a migration deadline needs to be
computed based on the rewards generated by the system
for two different disk configurations. The reward distribu-
tions for an initial configuration and a final configuration
(obtained by data migration) are shown in Figure 7(b). In
a practical setting, the scenario pertains to the case where
such migration is required to handle an anticipated increase
in traffic intensity (via replication). The final configuration
is capable of handling additional requests and the total re-
ward in this configuration increases as the expected traffic
intensity increases.

QoSMig calculates the optimal deadline, using Eqn. 6,
to be � � � � . Figures 7(c) and 7(d) show the disk capacity
used for migration by Aqueduct and QoSMig, respectively.
Aqueduct treats migration as a best effort activity and hence
it is allocated only the capacity remaining after serving all
client I/Os. Consequently, Aqueduct misses the migration
deadline. On the other hand, QoSMig suitably adapts the
rate of data migration depending on the I/O load as well
as the migration deadline to be met. At this point, we
would like to mention that, the general set of results showed
that while under low load conditions (total load � � 	����D� )
both Aqueduct and QoSMig met the deadline, with increas-
ing load conditions Aqueduct failed to meet the migration
constraints, rendering it unsuitable for today’s time–critical
storage systems.

Moreover, we compare the performance of QoSMig with
whole store and average–rate based migration, in terms of
the reward (I/O + migration) loss incurred by the corre-
sponding schemes. We summarize our findings in figures
7(e) and 7(f). Figure 7(e) reports the average reward loss at
different times of the experiment, while Figure 7(b) shows
the cumulative reward loss for the three schemes. Whole

store finishes migration before the deadline speculated by
QoSMig, albeit at the cost of additional I/O reward loss. For
the average case, we fix a deadline of

� � � � � (one greater
than one computed by QoSMig). Interestingly, we note that
such an approach incurs least I/O reward loss initially (due
to an extended deadline) but is outperformed once QoSMig
completes migration. Hence, it is clear the deadline com-
puted by QoSMig is indeed the optimal, since finishing mi-
gration earlier (whole-store) or later (average–rate) results
in significantly higher reward loss.

In the next set of results, we only focus on the more com-
mon scenario where a deadline is specified. Since Aque-
duct is incapable of meeting deadlines, we compare QoS-
Mig only with the whole-store and average rate migration
strategies. The performance metric we are interested in is
the total number of client I/Os that are dropped by the ad-
mission controller for the three request classes using the
different approaches. In addition to the total number of
requests dropped, we analyze our results based on the re-
quests dropped from each of the individual QoS classes.

C. Real Workload
For this study, we used storage traces [23] generated by

(i) a Web search engine and (ii) a database running an OLTP
workload for a financial service, made available by Storage
Performance Council as representative storage workloads
for the above applications. The OLTP and Web search
traces are collected over a span of 12 hours and 4 hours,
respectively. For each of the traces, we use the applica-
tion identification number of each request to assign it into
one of the three QoS classes. The average I/O load of the
raw OLTP and Web search traces was found to be 360 re-
quests/second and 600 requests/second, respectively. In the
first step, we use the raw trace along with the average mi-
gration rate required to meet the deadline, in order to pre-
compute appropriate knee points for the two workloads.
The disk capacity � is estimated empirically by increas-
ing the I/O load while fixing the migration load at the av-
erage rate, until we reach the knee point, i.e. the total load
at which the average response time of the disk increases
sharply. In our experiments, we treat the point at which the
average response time becomes greater than 200ms to be
the knee point. We computed the knee points for OLTP and
Web search workloads to be 140 and 390 requests/second
respectively, as shown in figure 6. The knee points give us
the disk capacities � that are used for these experiments.

After having fixed the disk capacities for each of the
workloads, we throttle the input traffic such that maximum
I/O load is no more than the corresponding disk capacity.
In an implementation of QoSMig architecture, this func-
tionality is provided by the traffic shaper. In figure 8, we
show representative samples of the shaped traffic for the
OLTP and Web search workloads, respectively. For the
OLTP workload, � ��� , � ��� , and

� ��� requests arrive from
the gold, silver and bronze QoS classes respectively. For
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Fig. 7. Performance of different migration strategies for a synthetic I/O workload with Poisson arrivals and heavy–tailed service times. The optimal
migration deadline is computed by QoSMig using a reward distribution and leads to significant reduction in reward loss.

the Web search workload, the corresponding percentages
are � ��� , � ��� , and � ��� , respectively.

For the next set of results, we keep the client I/O load
fixed and increased the migration load as a factor of the disk
capacity. Note that, an increase in the migration load cap-
tures the effect of shortening the migration deadline. We
want to evaluate the performance of the three strategies
with varying migration deadlines for the same migration
task. Figures 9(a) and 9(b) show the relative performances
of the three migration techniques for the OLTP and Web
Search workloads, respectively. We make two key obser-
vations: (i)QoSMig significantly outperforms whole–store
and average–rate in terms of fewer number of client I/Os
that are dropped;(ii) both QoSMig and average–rate strive
to meet the migration deadline by dropping as many re-
quests from the lowest QoS class and as few requests from
the higher QoS classes. However, QoSMig does a much
better job of accommodating requests from the silver class
when compared to average–rate based migration, and never
drops any requests from the gold QoS class. In fact, the
improvements are more pronounced for the Web Search
workload, where the only requests dropped by QoSMig are
from the bronze class. We attribute this phenomenon to the
more bursty nature of client I/Os for the Web search work-
load when compared to OLTP. In other words, an adaptive
rate–controlled migration strategy can lead to fewer request
drops in the storage system.

The next set of results shed light on the performance of
the different migration strategies with increase in overall
traffic intensity. To this end, we increase the total load
while keeping the ratio of I/O to migration load fixed. Fig-

ures 10(a) and 10(b) show the relative performances of the
three schemes for the OLTP and Web Search workloads, re-
spectively. Once again QoSMig significantly outperforms
whole–store and average–rate in terms of total number of
client I/Os dropped. Further, QoSMig achieves improved
differentiated QoS by dropping requests almost exclusively
from the lowest QoS class.

Finally, we verify that the Superior performance of
QoSMig, in terms of meeting migration requirements and
achieving differentiated QoS, is achieved at the expense of
disk utilization. We find that (Figure 11) QoSMig actually
achieves better disk utilization than the average–rate migra-
tion. In fact, QoSMig was able to achieve a disk utilization
upto ��� higher than average–rate migration.

In summary, our experimental results demonstrate the
benefits of using an adaptive rate–controlled scheme for
bulk data migration. QoSMig not only meets the migra-
tion constraints (in this case, migration deadline), but also
outperforms strategies like average–rate migration by re-
ducing the impact on application I/Os, and providing better
QoS guarantees.

VI. RELATED WORK

Several researchers have studied database and file system
reorganization and its relationship with storage I/O perfor-
mance. However, most of the work has focused on demon-
strating either the benefits of reorganization on disk subsys-
tem performance [5], or computing optimum conditions for
reorganization so as to minimize the number of I/O requests
[16], [19]. Robinson et al. [14] have studied reorganization
in Log structured File Systems and have concluded that its
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Fig. 8. Shaped traffic distributions for (a) OLTP workload collected over a period of 4 hours, and (b) Web Search workload over a period of 1 hour.
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Fig. 9. Performance comparison of whole–store, average–rate, and QoSMig based approaches with fixed I/O load and increasing migration load.
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Fig. 10. Performance comparison of whole–store, average–rate, and QoSMig based migration approaches with increasing I/O and migration load.

overhead on disk subsystem can have significant impact on
client performance. However, they do not consider the ben-
efits of reorganization in their study and hence do not pro-
vide a scheme for evaluating the trade-offs.

Chambliss et al. [8] have proposed a storage systems
controller that provides statistical performance guarantees.
However, they have not addressed the issue of managing
data migration in their work. Lu et al. have proposed

Aqueduct [6], a control-theoretic approach to guarantee sta-
tistical bounds on impact of data migration on client perfor-
mance. Aqueduct continuously monitors the client work-
loads and adapts the migration workload to consume only
resources left unused. While this approach performs much
better than non-adaptive methods as far as the impact on
client performance is concerned, it always considers migra-
tion as a low-priority task that is executed in a best-effort
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Fig. 11. Improvement in disk throughput using QoSMig for OLTP and
Search traces.

manner with no guaranteed deadline. In loaded systems this
could lead to unpredictably long migration duration com-
promising the benefits of migration.

The reward maximization of service providers has been
addressed by several researchers. Most of these address al-
location of resources for various request classes with QoS
guarantees so that resources are optimally utilized, thereby
maximizing the profit of the providers. Among these, Liu
et al. [27] proposed a multi-class queueing network model
for the resource allocation problem in an offline setting.
The allocation of servers as discrete resources in a server
farm has also been studied by Jayram et al. [25], keep-
ing in mind the practical constraint that these need a finite
time to be reallocated. Verma et al. [3] address the prob-
lem of admission control for profit maximization of net-
worked service providers. Marbach et al. [22] frame the
downlink resource allocation and pricing for wireless net-
works as a revenue maximization problem. A key idea is
to use the profit maximization framework to solve diverse
problems (e.g, throughput maximization or differentiated
QoS) instead of just maximizing the actual revenue earned.
Similarly, our work uses reward maximization to solve the
problem of data migration.

VII. CONCLUSION AND FUTURE WORK

We have presented the QoSMig rate-controlled migration
methodology that achieves the optimal tradeoff between
migration objectives and client performance. The proposed
methodology derives its strength from using, on one hand,
the long term traffic averages to decide the migration dead-
line and its relative priority (reward), relative to application
requests and, on the other hand, using the short-term traffic
forecast to take advantages of burstiness in traffic. QoSMig
is especially suited for bursty traffic in conditions where an
optimal average migration rate is a significant fraction of
the disk throughput (

� � # � ��� is ideal (Fig. 11) ).
An interesting direction for future research is to enhance

QoSMig for the scenario where migration utility starts ac-
cruing as migration progresses. There are instances where
migration may be a very long task and partial migration ac-
crues some benefits, a scenario we have not addressed in
this work, and is worth further investigation.
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