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ABSTRACT
The growing popularity of hosted storage services and shared
storage infrastructure in data centers is driving the recent
interest in performance isolation and QoS in storage sys-
tems. Due to the bursty nature of storage workloads, meet-
ing the traditional response-time Service Level Agreements
requires significant over provisioning of the server capacity.
We present a graduated, distribution-based QoS specifica-
tion for storage servers that provides cost benefits over tra-
ditional QoS models. Our method RTT partitions the work-
load to minimize the capacity required to meet response time
requirements of any specified fraction of the requests.

Categories and Subject Descriptors
C.4 [Performance of Systems]: [Modeling techniques];
D.4.2 [Operating Systems]: Storage Management—Sec-
ondary storage

General Terms
Algorithms, Management, Performance

Keywords
Workload Decomposition, QoS, Storage Service, Capacity
Provisioning, Response Time

1. INTRODUCTION
The increasing complexity of managing stored data and

the economic benefits of consolidation are driving storage
systems towards a service-oriented paradigm. Storage cen-
ters like Amazon S3 [1], and services by Microsoft [3] and
Apple [2], already provide simple storage services for per-
sonal and corporate clients, who purchase storage space and
access bandwidth to store and retrieve their data. In service-
oriented computing environments, higher-level applications
can leverage storage services for transparent global access to
shared data, with guarantees on reliability and performance.
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The evolution of storage systems towards a service orienta-
tion raises a large number of issues including the choice of ac-
cess protocols and granularity of access, structure of Service-
Level Agreements (SLAs), performance, QoS compliance,
pricing, data security, privacy, and integrity (e.g. see [7, 10,
13]). We assume a general framework between the client and
storage service provider that is used to negotiate the pric-
ing and service guarantees based on different QoS models.
Such a model usually includes the storage space, access per-
formance in terms of I/O bandwidth (req/sec, bytes/sec) or
latency (average or maximum request response time), and
reliability and availability levels for different customers.

This paper deals with the issue of providing QoS perfor-
mance guarantees to storage service clients. The perfor-
mance SLAs typically provide clients with minimum through-
put [8, 11] guarantees, or response time bounds [9, 12] for
rate-controlled clients. The server must provision sufficient
resources to ensure that the clients receive their stipulated
performance, and ensure that at run-time the clients are
insulated from each other so that runaway or malicious be-
havior by some client does not affect the guarantees made
to the rest of them. A difficult problem that has hindered
the adoption of QoS for storage systems (reflected in the
rudimentary nature of storage services) is the pessimistic
capacity estimates required to guarantee typical SLAs. Un-
like networks, dropping requests is not a viable option for
storage systems whose protocols do not support re-try mech-
anisms; throttling mechanisms often result in underutilized
resources and are also unsuitable for open workloads. Since
many storage workloads tend to be bursty (i.e., the instan-
taneous arrival rates in some periods is significantly higher
than the long-term rate), capacity estimates based on worst-
case patterns result in gross over provisioning of the server.
Service providers are understandably reluctant to commit to
guaranteed QoS if it requires provisioning resources greatly
in excess of the typical or average service requirements.

In this paper we focus on improving capacity provisioning
by shaping storage workloads to provide graduated, distribu-
tion based QoS guarantees. In a graduated approach, rather
than specifying a single response time bound for all the re-
quests, the performance SLA is specified by a distribution of
response times. For instance, rather than specifying a single
upper bound r on the response time for all requests, a client
may relax the requirements and instead require that 95% of
the requests meet the bound r and the remaining requests
meet a more relaxed latency r′. This approach can provide
significant benefits to the service provider since the worst-
case requirements are usually determined by the tail of the



workload. Our results confirm the existence of a well-defined
knee in the QoS-capacity relation, whereby an overwhelm-
ing portion of the server capacity is used to guarantee the
performance of a small fraction of the requests. By relaxing
the performance guarantees for this small fraction, a sig-
nificant reduction in server capacity can be achieved while
maintaining strong QoS guarantees for most of the work-
load. The server can pass on these savings by providing
a variety of SLAs and pricing options to the client. Most
clients are willing to accept such a graduated service, pro-
vided the degradation is quantifiable and bounded, and is
priced appropriately. Storage service subscribers that have
highly streamlined request behavior, and who therefore re-
quire negligible surplus capacity in order to meet their dead-
lines, can be offered service on concesssional terms as reward
for their ”well-behaved-ness.”

The rest of the paper is organized as follows. Section 2
presents the model and workload decomposition algorithms.
We show that an intuitive algorithm based on pruning re-
quests from intervals of maximum load is not as effective
in reducing capacity requirements as our dynamic decom-
position scheme RTT. Simulation results of response time
distributions for several block-level storage workloads are
presented in Section 3. The paper concludes with Section 4.

2. OVERVIEW AND SYSTEM MODEL
In our model, SLAs are specified by a Response Time

Distribution (RTD) indicating the minimum fraction fi of
the workload that must meet a given response time bound
Ri. An n-tier RTD is represented by the set of n pairs
of frequency and response times: { (fi, Ri) | 1 ≤ i ≤ n,
0 < fi−1 < fi ≤ 1, fn = 1.0}. Hence the RTD specifies
a lower bound on the cumulative response time distribu-
tion achieved by that workload. A traditional SLA in which
100% of the requests are guaranteed a maximum latency of
200ms corresponds to the RTD (1.0, 200ms). A 3-tier RTD
{(0.9, 20ms), (0.99, 50ms), (1.0, 500ms)} indicates that no
more than 10% of the requests can exceed 20ms latency, no
more than 1% should exceed 50ms, while all requests must
be served within a 500ms response time.

Figure 1 shows the organization of an n-tier RTD. An ap-
plication’s request stream arriving at the workload shaper
is partitioned into service classes W1 through Wn, and di-
rected to separate queues. The queues are multiplexed on
the server using an isolating QoS scheduler like pClock [9],
that provides non-interfering response time guarantees to
each class. In this paper we will concentrate on a two-tier
RTD architecture for simplicity; the extension to multiple
QoS tiers is deferred to our future work. In this case, the
two service classes W1 and W2 will be referred to as primary
and secondary classes respectively.

The workload shaper classifies the requests into primary
and secondary classes using a decomposition algorithm. In
earlier works, different classification criteria were used in
profiling of CPU [14] and network [6] workloads. In the
context of CPU resource overbooking [14], intervals with
highest CPU utilization were classified as secondary. In [6],
end-to-end measured response times of a networked server
were used for partitioning, and the highest response times
requests are classified as secondary. Both these algorithms
are static methods that are used for off-line analysis of the
performance trace. We evaluate two algorithms, Min-Max
Load (MML) and Response Time Threshold (RTT), to par-

tition the workload.

Figure 1: Architecture of a multi-queue scheduler
providing graduated QoS guarantees. The request
stream is partitioned into classes W1 to Wn with dif-
ferent response times.

Min-Max Load (MML): MML is a natural and intu-
itively appealing method based on the utilization approach
of [14]. Time is divided into fixed-size windows, and the
load (number of requests) in each window is monitored. The
approach minimizes the maximum load in any interval, by
iteratively moving requests out from the currently highest
loaded window until the desired fraction f of the requests
remains; the requests that are removed form the secondary
class. The remaining requests form the primary class.
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Figure 2: MML decomposition for OpenMail trace

Figure 2 shows the a portion of an OpenMail trace of I/O
requests using a time window of 1s. Note that the peak
request rate is about 120 IOPS while the average request
rate is only about 26 IOPS, and the request rate in some
intervals is zero. If the workload is pruned at 70 IOPs as
shown, all requests below (above) the horizontal line will
belong to the primary (secondary) class.

Response Time Threshold (RTT): This method ex-
plicitly incorporates the response time requirements into the
workload shaping policy, so it can accurately identify the re-
quests that will miss their deadlines. In Figure 3, the Cumu-
lative Arrival Curve (AC) shows the total number of requests
that have arrived at any time. An arriving request causes
a jump in AC at the arrival instant. The Response Time
Curve (RC) is obtained by time-shifting the AC by the la-
tency bound d; it indicates the time by which a request must
complete to meet its latency guarantee. The Service Curve
(SC) models a constant rate server with a slope equal to its
capacity as long as the queue is not empty. Its value at any



time is the total service provided till that time. Whenever
SC crosses the RT (i.e. RT falls to the left of SC), it indi-
cates that a request will miss its deadline; hence either this
request or one of the previous requests must be moved to
the secondary class in order to make RT fall below SC.

For a given server capacity S and response time require-
ment R, RTT will move the smallest number of requests
possible to the secondary class. It does so by monitoring
the length of the queue at the server; if the number of out-
standing requests is higher than the threshold L = S×R, the
incoming request will be redirected to the secondary queue.
This is because this request (assuming FCFS scheduling
of the queue) will experience a delay more than the la-
tency bound R, and will not meet its response time guaran-
tee. With a different queueing service discipline, some other
queued request will miss its deadline, since queue overflow
means there is insufficient capacity for all these requests to
meet their deadlines. The request that overflowed the pri-
mary queue is moved to the secondary class with a more
relaxed response time requirement.

To determine the minimum capacity required for a spec-
ified fraction f of the workload to meet the deadlines the
workload is profiled using the strategy above for different
values of the capacity. For a given choice of server capac-
ity, the percentage of requests that need to be moved to the
secondary class is found. By systematically exploring the
space of capacities using a binary-search strategy, the mini-
mum capacity required to meet the given fraction f is found
efficiently.

Figure 3: RTT decomposition of Workload

3. PERFORMANCE EVALUATION

3.1 Overview of Experiments
We measured the characteristics of three different storage

applications, Financial Transactions (FT), OpenMail (OM),
and WebSearch (WS), using traces obtained from UMass
Storage Repository [5] and HP Research Labs [4]. All of
these are low-level block storage I/O traces. The FT traces
are from an OLTP application running at two large financial
institutions, which processes financial transactions. Open-
Mail traces are collected from HP email servers during the
servers’ busy periods. The WebSearch traces are from a pop-
ular search engine, which consists of the web search requests
from users.

Altogether there were 2 FT traces (FT1, FT2), 6 OM
traces (OM1 to OM6), and three WS traces (WS1 to WS3).
While our experiments were performed for all traces, only

some of the results are discussed in detail here for reasons of
space. We conducted three sets of experiments to evaluate
the QoS-capacity tradeoffs in the workloads as detailed in
the following sections. The first set in Section 3.2 compares
MML and RTT as workload decomposition algorithms. In
Section 3.3 the the relation between server capacity and per-
centage of requests guaranteed primary class service is pre-
sented. The third set of experiments described in Section 3.4
analyzes the tail of the distribution and the tradeoffs in han-
dling these secondary class requests.
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Figure 4: Capacity comparison for MML and RTT
using OpenMail(OM) and WebSearch(WS) traces,
for 90% of the workload to meet the latency bound.

3.2 Comparison of MML and RTT
In the first set of experiments, we compare the MML

and RTT decomposition methods for workload partitioning.
We used two traces, specifically OM1 and WS1 from the
Open Mail and Web Search applications respectively. We
plot the minimum server capacity required to guarantee that
90% of the workload meets a specified response time. Fig-
ure 4 shows the capacity for the two applications for response
times of 5, 10, 20, and 50ms. MML uses a time window of
100 ms, and randomly removes requests in each overloaded
interval to reach the desired threshold. In each case it can
be seen that RTT requires significantly less capacity than
MML to guarantee the same response time bound. Similar
results were obtained over the range of primary class sizes
and traces in the data set. The experiments demonstrate
that in the environment of asynchronous request arrivals,
partitioning the workload using the dynamic response-time
aware RTT method is clearly advantageous over using static
load measures. By experimenting with a wide range of time-
window sizes (from tenths of a ms to 100 ms), we found MML
is very sensitive to the window size; the capacity requirement
first decreases and increases again as the size of time win-
dow decreases. Choosing the optimal window size is hard in
practice; even with the optimal window size, the resulting
capacity is still much higher than RTT. The main reason is
that, unlike RTT, MML does not consider the queueing ef-
fects when it chooses requests to downgrade during a burst.
Hence, it may unnecessarily move requests that do not ac-
tually cause a deadline miss, while retaining those that will
require extra capacity to meet their deadlines.

3.3 Capacity vs Response Time Guarantees
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Figure 5: FT2: Capacity vs Percentage of Work-
load between 90% to 100% meeting specified la-
tency bound
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Figure 6: FT2: Capacity vs Percentage of Work-
load between 99% to 100% meeting specified la-
tency bound
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Figure 7: OM5: Capacity vs Percentage of
Workload between 90% to 100% meeting speci-
fied latency bound
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Figure 8: OM5: Capacity vs Percentage of
Workload between 99% to 100% meeting speci-
fied latency bound
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Figure 9: WS1: Capacity vs Percentage of
Workload between 90% to 100% meeting speci-
fied latency bound
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Figure 10: WS1: Capacity vs Percentage of
Workload between 99% to 100% meeting speci-
fied latency bound



This set of experiments explores the tradeoffs between the
fraction f of the workload in the primary class, its latency
bound R, and the minimum required capacity S. When
f = 100%, this gives the minimum capacity required for all
the requests to meet the latency bound R. As f is relaxed, a
smaller capacity is sufficient for a fraction f of the workload
to meet the response time bounds.

Figures 5 and 6 show the QoS variation of the FT2 work-
load as the capacity is varied. It plots the capacity needed
for a fraction f of the workload to meet response times
bounds of 50ms, 20ms and 10ms. Figure 5 covers the range
of f between 90% and 100%, while Figure 6 shows a finer-
grained distribution with f ranging from 99% to 100%. As
can be seen in Figure 5, the capacity required falls off sig-
nificantly by exempting between 1% and 10% of the work-
load from the response time guarantee. For a 10ms response
time, the capacity required increases almost 7 times (from
186 IOPS to 1300 IOPS) when the percentage that is guar-
anteed 10ms latency increases from 90% to 100%. In going
from 99% to 100% the capacity required increases by a fac-
tor of 4.3, from 300 IOPS to 1300 IOPS. For response times
of 20ms and 50ms the capacity also increases by significant,
though smaller, factors. In order to guarantee 20ms and
50ms latencies for the last 10% of the workload the capac-
ity needs to be increased by factors of roughly 4.8 and 2.7
respectively, while guaranteeing the last 1% of the workload
requires the capacity to increase 3.4-fold and 1.9-fold times
respectively. The extent of burstiness of the workload can
be gauged by looking at Figure 6, which tracks the capacity
needed to guarantee the response time for between 99% and
100% of the workload. For response times of 10ms, 20ms and
50ms, increasing f from 99.9% to 100% requires capacity in-
creases by factors of 1.9, 1.7, and 1.5 respectively. Similar
trends for FT1 are noted from the data in Table 1.

Corresponding plots are shown in Figures 7 and 8 for
the Open Mail workload (OM5) and Figures 9 and 10 for
the Web Search trace (WS1). For the OM5 trace, for 10ms
response times the increases in capacity in going to 100%
from 90%, 99% and 99.9% are by factors of 7.4, 2.9 and 1.7
respectively; the corresponding numbers for the WS1 trace
are 3.7, 2.5 and 2.0. Tables 2 and 3 show the results for OM1
and OM3 traces respectively, whiles the results for WS2 and
WS3 are shown in Tables 4 and 5 respectively.

We note that exempting even a small fraction of the work-
load from the response time guarantees can substantially re-
duce the capacity required, specially in the case of aggressive
service with low response time requirements. With more re-
laxed response times, both the absolute capacities and the
percentage savings are smaller.

3.4 Tail of the Distribution
In this set of experiments we first measured the perfor-

mance of the unpartitioned workload using a First-Come-
First-Serve (FCFS) scheduler for all the requests to serve as
a baseline. The cumulative response time distribution ob-
tained for the unpartitioned workloads using FCFS schedul-
ing is shown in Figure 11. The capacity for each workload
was chosen so that 90% of the workload could meet a 10ms
response time using RTT. At a capacity of 399 IOPS, only
42% of the unpartitioned WS1 workload meet a 10ms bound.
In contrast, for the same trace and same capacity, when
the workload was partitioned using RTT into primary and

secondary classes, 90% of the workload met the 10ms la-
tency bound (see Figure 9). The cumulative distribution
rises slowly with increasing response time; in fact, only 94%
of the requests meet a 1000ms latency bound. The unpar-
titioned workload reached 90% compliance only when the
response time was around 800ms.

A similar behavior is shown by the OM5 workload for a
10ms response time bound and a capacity of 975 IOPS. In
the unpartitioned workload, only 48% of the requests meet
the 10ms response time bound, and reaches a 90% compli-
ance at around 800ms. In contrast, the RTT-partitioned
workload achieves 90% compliance with the 10ms latency
(see Figure 7). For the FT2 workload, a capacity of 186
IOPS resulted in 59% of the unpartitioned workload, and
90% of the partitioned workload meeting the 10ms response
time bound. Unlike the other two applications, the tail of the
distribution is much steeper, and the unpartitioned workload
had a 90% compliance at around 55ms.

The final plot shown in Figure 12 compares the tail of the
response time distribution of the unpartitioned OM5 work-
load with that of the partitioned workload for a capacity of
1400 IOPS, split statically into a fixed 1300 IOPS for the
primary group and 100 IOPS for the secondary group. As
can be seen, 95% of the partitioned workload can be guar-
anteed a 10ms response time, in contrast to 85% for the
unpartitioned case. Even with this static capacity alloca-
tion, response time is degraded only for a small percentage
of the tail. In practice, a work-conserving scheduler will
allocate the unused capacity of the primary class to the sec-
ondary class, and the response time distribution of the last
few percent of the partitioned scheme will approach that of
the FCFS curve, while maintaining its guaranteed advan-
tage for the initial 85% of the workload. In a multi-client
environment, if we provide separate capacity for different
parts of the workload for each client, and schedule them in
isolation using a latency aware fair-scheduler [9], then the
performance of all of them can be guaranteed.

4. CONCLUSIONS
The bursty nature of storage workloads requires signif-

icant over provisioning of the capacity of storage servers
to meet traditional response-time QoS guarantees. In this
paper we proposed graduated, distribution-based QoS as a
means to reduce server capacity provisioning, and presented
a workload decomposition algorithm RTT to dynamically
shape the workload to meet graduated QoS requirements.
We analyzed several block-level storage workload traces to
evaluate the advantages of providing graduated QoS guar-
antees to an application. We show that providing strong
response time guarantees to only 90%-99% of the workload
(instead of the entire 100%) can reduce server capacity re-
quirements significantly, by several hundred percent in some
cases. In fact, even relaxing the guarantees of just the last
0.1% of the workload results in significant reduction in the
capacity required. We are continuing work on alternative
strategies for improving the response times of the tail of
the distribution, n-tier RTD for n > 2, and integrating the
workload shaper with the run-time QoS scheduler.
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Figure 12: FCFS vs Two-tier scheduling: Re-
sponse Time Distribution

Percentage 90.0 95.0 99.0 99.5 99.9 100

R = 10ms 400 599 899 1000 1200 2400
R = 20ms 256 349 500 550 683 1300
R = 50ms 179 209 273 299 358 620

Table 1: FT1: Capacity required for percentage of
workload with response time R (IOPS)

Percentage 90 95 99 99.5 99.9 100

R = 10ms 1073 1594 2935 3510 4800 9161
R = 20ms 898 1314 2350 2724 3460 5750
R = 50ms 740 1040 1800 2043 2493 3640

Table 2: OM1: Capacity required for percentage of
workload with response time R (IOPS)

Percentage 90.0 95.0 99.0 99.5 99.9 100

R = 10ms 1272 1900 3673 4399 5699 9468
R = 20ms 999 1450 2550 2999 3899 5500
R = 50ms 710 1039 1699 1940 2545 4098

Table 3: OM3: Capacity required for percentage of
workload with response time R (IOPS)
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