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Abstract
We design, implement and evaluate a global re-

source allocator to provide end-to-end quality of
service in shared data centers and Clouds. Global
resource allocation involves performance modeling
for proportioning several levels of storage cache,
and the storage bandwidth between applications ac-
cording to overall performance goals. The problem
is challenging due to the interplay between differ-
ent resources, e.g., changing the client cache quota
affects the access pattern at the cache/disk levels
below it in the storage hierarchy. We use a com-
bination of on-line modeling and sampling to ar-
rive at near-optimal configurations within minutes.
The key idea is to incorporate access tracking and
known resource dependencies e.g., due to cache re-
placement policies, into our performance model.

In our experimental evaluation, we use both
micro-benchmarks and the industry standard
benchmarks TPC-W and RUBiS. We show that our
global resource allocation approach provides up to
a factor of 1.4 better overall performance compared
to a combination of state-of-the-art single resource
controllers, at the same cost.

1 Introduction

With the emerging trend towards server consol-
idation in large data centers, techniques for dy-
namic resource allocation for performance iso-
lation between applications become increasingly
important. With server consolidation, operators
multiplex several concurrent applications on each
physical server of a server farm, connected to a
shared network attached storage (as in Figure 1).
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Compared to traditional environments, where ap-
plications run in isolation on over-provisioned re-
sources, the benefits of server consolidation are re-
duced costs of management, power and cooling.
However, multiplexed applications are in compe-
tition for system resources, such as, CPU, memory
and disk, especially during load bursts. Moreover,
in this shared environment, the system is still re-
quired to meet per-application performance goals.
This gives rise to a complex resource allocation and
control problem.

Currently, resource allocation to applications in
state-of-the-art platforms occurs through different
performance optimization loops, run independently
at different levels of the software stack, such as,
at the database server, operating system and stor-
age server, in the consolidated storage environment
shown in Figure 1. Each local controller typi-
cally optimizes its own local goals, e.g., hit rate,
disk throughput, etc., oblivious to application-level
goals. This might lead to situations where local,
per-controller, resource allocation optima do not
lead to the global optimum; indeed local goals
may conflict with each other, or with the per-
application goals. Therefore, the main challenge
in these modern enterprise environments is design-
ing a global strategy which adopts a holistic view
of system resources; this strategy should efficiently
allocate all resources to applications, and enforce
per-application quotas in order to meet overall op-
timization goals e.g., overall application perfor-
mance or service provider revenue.

Unfortunately, the general problem of finding
the globally optimum partitioning of all system re-
sources, at all levels to a given set of applications
is an NP-hard problem. Complicating the prob-
lem are interdependencies between the various re-
sources. For example, let’s assume the two tier sys-
tem composed of database servers and consolidated
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Figure 1: Data Center Infrastructure: We show a
typical data-center architecture using consolidated stor-
age

storage server as in Figure 1, and several applica-
tions running on each database server instance. For
any given application, a particular cache quota set-
ting in the buffer pool of the database system influ-
ences the number and type of accesses seen at the
storage cache for that application. Partitioning the
storage cache, in its turn, influences the access pat-
tern seen at the disk. Hence, even deriving an off-
line solution, assuming a stable set of applications,
and available hardware e.g., through profiling, trial
and error, etc., by the system administrator, is likely
to be highly inaccurate, time consuming, or both.

Due to these problems, with a few excep-
tions [12, 17], previous work has eschewed dy-
namic resource partitioning policies, in favor of in-
vestigating mechanisms for enforcing performance
isolation, under the assumption that per-application
quotas, deadlines or priorities are pre-defined e.g.,
manually, for each given resource type. Examples
of such mechanisms include CPU quota enforce-
ment [2, 16], memory quota allocation based on
priorities [3, 4], or I/O quota enforcement between
workloads [9, 11, 13].

Moreover, typically, previous work investigated
enforcing a given resource partitioning of a sin-
gle resource, within a single software tier at a
time. In our own previous work in the area of
dynamic partitioning we have investigated either
partitioning memory, through a simulation-based
exhaustive search approach [25], or partitioning
storage bandwidth, through a completely different,
adaptive feedback-loop approach [24]. This paper
builds and expands on our previous approach for
addressing global resource allocation [26] with a
more thorough investigation and explanation of the
base performance models used, and a more exten-
sive evaluation, including timing results and more
complex application scenarios.

We focus on two types of resources, memory

and storage bandwidth, located at two tiers, the
database server and the storage server. Our goal
is to dynamically proportion the client and storage
caches, and the storage bandwidth between appli-
cations, according to overall performance goals.

To achieve this, we first build a simple perfor-
mance model of the application and system in order
to guide the search, by providing a good approxi-
mation of the overall solution.

The performance model provides a resource-to-
performance mapping for each application, in all
possible resource quota configurations. Our key
idea is to incorporate readily available information
about the application and system into the perfor-
mance model. Specifically, we reuse and extend
on-line models for workload characterization, i.e.,
the miss-ratio-curve (MRC) [36], as well as sim-
plifications based on common assumptions about
cache replacement policies. For example, we use
the well known inclusiveness property of a LRU-
based cache hierarchy in order to model a single-
level cache for the purpose of searching the appro-
priate memory quotas to assign to applications. We
further derive a disk latency model for a quanta-
based disk scheduler [30] and we parametrize the
model with metrics collected from the on-line sys-
tem, instead of using theoretical value distribu-
tions, thus avoiding the fundamental source of in-
accuracy in classic analytical models [10].

Finally, we refine the accuracy of the com-
puted performance model through experimental
sampling. We use statistical interpolation between
computed and experimental sample points in or-
der to re-approximate the per-application perfor-
mance models, thus optimizing convergence to-
wards near-optimal configurations. We experi-
mentally show that, by using this method, con-
vergence towards near-optimal configurations can
be achieved in mere minutes, while an exhaus-
tive exploration of the multi-dimensional search
space, representing all possible partitioning config-
urations, would take weeks, or even months.

We implement our technique using commodity
software and hardware components without any
modifications to interfaces between components,
and with minimal instrumentation. We use the
MySQL database engine running a set of stan-
dard benchmarks, i.e., the TPC-W e-commerce
benchmark, emulating an on-line bookstore like
Amazon.com, the RUBiS on-line bidding bench-
mark, emulating an on-line auctions site, such as
eBay.com, as well as several synthetic Zipf-like
workloads with varying degrees of cache-ability.
Our experimental testbed is a cluster of dual pro-
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cessor servers connected to a commodity hardware
RAID controller.

We show experiments for on-line convergence
to a global partitioning solution for per-server
database buffer pools, a storage cache, and the
disk bandwidth shared by several applications.
We compare our approach to two baseline ap-
proaches, which optimize either the memory par-
titioning or the disk partitioning, as well as combi-
nations of these approaches without global coordi-
nation. We show that in non-trivial environments,
our computed model effectively prunes most of the
search space, even without any additional tuning
through experimental sampling. At the same time,
our global resource partitioning solution improves
overall application performance by up to a factor
of 1.4 compared to a combination of state-of-the-
art single-resource controllers.

The remainder of this paper is structured as fol-
lows. Section 2 provides a background on exist-
ing techniques for server consolidation in modern
data centers, highlighting the need for a global re-
source allocation solution. We describe our global
resource partitioning algorithm with a focus on op-
timizing convergence time in Section 3. Section 4
describes our virtual storage prototype and sam-
pling methodology in detail. Section 5 presents
the algorithms we use for comparison, our bench-
marks, and our experimental methodology, while
Section 6 presents the results of our experiments
on this platform. Section 7 discusses related work
and Section 8 concludes the paper.

2 Background and Motivation

We investigate techniques for determining and en-
forcing resource quotas, for two types of resources,
memory and disk, at different software tiers, i.e.,
database server and storage server, per-application,
on the fly. In this section, we present and evaluate
the state-of-the-art in single resource partitioning.
Specifically, we describe current dynamic memory
partitioning techniques and disk schedulers for I/O
performance isolation and we explain why these
techniques are insufficient in themselves. Finally,
we also present motivating experiments, which
show that the performance of a global resource al-
locator can be better than that of memory-only or
disk-only resource schedulers. However, a naive
exhaustive search implementation of such a global
resource allocator might come at a very prohibitive
cost.

2.1 Single Resource Partitioning

In this section, we describe previous work that
either implement algorithms to allocate the stor-
age bandwidth to several applications or allocate
cache/memory to several applications.

Storage Bandwidth Partitioning: Several disk
scheduling policies [30, 11, 32, 13] have been pro-
posed in the literature. For the purpose of this
paper, we focus on policies which are capable of
enforcing acceptable levels of isolation between
co-scheduled applications. Specifically, we have
implemented and compared the performance pro-
vided by the following schedulers: (1) Quanta-
based scheduling [30], (2) Start-time Fair Queu-
ing(SFQ) [11], (3) Earliest Deadline First (EDF),
(4) Lottery-based [32] and (5) Façade [13]. Our re-
sults show that the Quanta-based scheduler, where
each workload is given a quantum of time during
which it uses the disk in exclusive mode, offers the
best isolation level when two or more competing
applications are scheduled on the same disk [18].
This is because it allows the storage server to ex-
ploit the locality in I/O requests issued by an appli-
cation during its assigned quantum, which in turn
results in minimizing the effects of additional disk
seeks due to application interference.

However, the algorithms discussed above as-
sume that the I/O deadlines or disk bandwidth pro-
portions are given a priori. In this paper, we
study how to dynamically determine the band-
width proportions at runtime. Once the bandwidth
proportions are determined, we use Quanta-based
scheduling to enforce the allocations, since it pro-
vides the strongest isolation guarantees.

Memory/Cache Partitioning: Dynamic mem-
ory partitioning between applications is typically
performed using MRC-based algorithms. MRC-
based cache partitioning leverages the miss-ratio
curve (MRC) [36], to dynamically partition the
cache to multiple applications, in such a way to op-
timize the aggregate miss rate. The MRC repre-
sents the page miss rate versus memory size curve
and can be computed dynamically through Matt-
son’s Stack Algorithm [14]. The algorithm assigns
memory increments iteratively to the application
with the highest predicted miss rate benefit.

For multi-level caches, in our previous work [25]
we have shown the feasibility of an exhaustive
search approach for memory partitioning between
applications [25]. As we have shown, cache sim-
ulation can be used to make the exhaustive search
feasible in practice. However, since the cache set-
ting affects the I/O behavior for each application,
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Figure 2: Comparison of aggregate latency moti-
vates multi-resource controllers.

finding the optimal cache setting should ideally be
coordinated with finding the optimal storage band-
width setting. Unfortunately, our previous cache
simulation approach is inappropriate for finding
that optimal bandwidth setting. This is due to the
fact that modern storage servers control disk arrays
and use complex, proprietary scheduling firmware;
this makes disk simulation, typically based on a
simple elevator scheduling assumption, highly un-
reliable [23, 33, 29].

In the following, we show that using an exist-
ing cache allocator separately from a disk scheduler
does not guarantee the global optimum for com-
bined cache and disk partitioning.

2.2 Motivating Experiment
In this section, we present a simple motivating
experiment to show the need for global multi-
resource allocation. To simplify the presentation,
in this experiment, we only consider two resources,
namely, the storage cache and storage bandwidth.
We use two synthetically generated Zipf-like work-
loads: Zipf95 and Zipf40, where the data access
pattern is more skewed in Zipf95 compared to
Zipf40. The details on our workloads are presented
in Section 5.

The partitioning schemes we use are as follows:
MRC and CACHE-ONLY, are an MRC-based and
an exhaustive cache simulation-based search for
the cache partitioning, respectively [36, 25], DISK-
ONLY is an experimental exhaustive search for
quanta allocations for disk bandwidth partitioning
using a Quanta-based scheduler, and IDEAL is an
experimental exhaustive search for the best com-
bined cache and disk partitioning configuration. In
all schemes, we evaluate the combined application
latencies (by simple summation).

We choose this simple metric for the sake of fair-
ness of comparison. In particular, state-of-the-art

resource controllers e.g., MRC-based, are agnos-
tic of Service Level Objectives (SLOs), whereas
exhaustive search approaches are flexible enough
to accommodate any performance goals. Hence,
while all techniques contribute towards reducing
application latency, an SLO-based IDEAL tech-
nique can perform arbitrarily better for specific
SLO settings.

We present our comparison results in Figure 2.
As we can see from the figure, even for this sim-
ple scenario, a global resource allocator (IDEAL)
can improve performance compared to single re-
source allocators. However, convergence time of
the IDEAL scheduler was 5 hours, compared to 15
minutes for MRC, 30 minutes for CACHE-ONLY
and 5 minutes for DISK-ONLY. This makes an ex-
haustive search approach, which iterates through
all possible configurations and takes experimental
samples, clearly infeasible for any non-trivial envi-
ronment. To further illustrate this point, let’s con-
sider a buffer pool and storage cache, as well as
disk bandwidth sharing scenario. Let’s say we can
have 32 possible quota settings for each cache and
8 for the disk bandwidth quanta, for each appli-
cation. Overall, in order to estimate an applica-
tion’s performance for all possible cache and stor-
age quota configurations, we need to gather per-
formance samples for 32 × 32 × 8 = 8192 con-
figurations. Each sample point measurement may
take 16 minutes, on average, to ensure statisti-
cal significance e.g., due to cache warmup effects.
Therefore, in order to compute an accurate perfor-
mance model for just one application, we will need
8192×16 minutes, i.e., 2184 hours (approximately
3 months)!

These experiments and observations thus moti-
vate us to design and implement a global resource
partitioning algorithm based on an approximate
system and application model, which we introduce
next.

3 Dynamic Global Resource Alloca-
tion

In this section, we describe our approach to provid-
ing effective global resource partitioning in shared
data centers. Our main objective is to meet an over-
all performance goal, e.g., minimize the overall la-
tency when running a set of applications concur-
rently in shared data centers. In order to achieve
this, we use the following:

1. A performance model based on minimal
statistics collection in order to approximate a
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near-optimal allocation of resources to appli-
cations according to our overall goal, and

2. An experimental sampling and statistical in-
terpolation in order to refine the initial model.

In the following, we first introduce the prob-
lem statement, and an overview of our approach.
Then, we introduce our performance model and its
sampling-based on-line fine-tuning in detail.

3.1 Problem Statement
We study dynamic resource allocation to multi-
ple applications in dynamic content servers with
shared storage. In the most general case, let’s as-
sume that the system contains m resources and is
hosting n applications. Our goal is to find the
optimal configuration for partitioning the m re-
sources among the n applications. Let’s denote
with r1, r2, . . . , rn the data access times of the n
applications hosted by the service provider. For
the purposes of this paper, we assume that the goal
of the service provider is to minimize the sum of
all data access latencies for all applications, i.e.
U = min

∑n
i=1 ri.

However, our approach does not depend on the
particular goal we set. For example, let’s assume
that we know the utility e.g., monetary reward,
that the service provider obtains for any given data
access latency ri, of a hosted application i, ex-
pressed as a utility function, f(ri). In this case,
the goal would be to optimize the combined ap-
plication utilities

∑n
i=1 f(ri). Alternatively, we

can optimize the aggregate deviation of all appli-
cations from their contracted performance target.
Whichever goal we set, we assume that our algo-
rithm is aware of that goal and can monitor applica-
tion performance in order to compute the total ben-
efit obtained for all applications, in any resource
quota configuration.

The primary challenge for end-to-end resource
partitioning is to accurately determine application
performance for different resource quota configu-
rations, on-the-fly. For example, in our infrastruc-
ture, depicted in Figure 1, each application’s per-
formance is determined by the following resource
quotas: (1) amount of buffer pool (ρc), (2) amount
of storage cache (ρs), and (3) amount of disk band-
width (ρD).

Finding a practical solution to this problem is
difficult, because the optimal resource allocation
depends on many factors, including the (dynamic)
access patterns of the applications, and how the in-
ner mechanisms of each system component e.g.,

cache replacement policies, affect interdependen-
cies between system resources.

3.2 Overview of Approach

Our technique determines per-application resource
quotas in the database and storage caches, on the
fly, in a transparent manner, with minimal changes
to the DBMS, and no changes to existing interfaces
between components. Towards this objective, we
use an online performance estimation algorithm to
dynamically determine the mapping between any
given resource configuration setting and the corre-
sponding application latency. While designing and
implementing a performance model for guiding the
resource partitioning search is non-trivial, our key
insight is to design a model with sufficient expres-
siveness to incorporate i) tracking of dynamic ac-
cess patterns, and ii) sufficiently generic assump-
tions about the inner mechanisms of the system
components and the system as a whole.

For this purpose we collect a trace of I/O ac-
cesses at the DBMS buffer pool level and we use
periodic sampling of the average disk latency for
each application in a baseline configuration, where
the application is given all the disk bandwidth. We
feed the access trace and baseline disk latency for
each application into a performance model, which
computes the latency estimates for that applica-
tion for all possible resource configurations. We
thus obtain a set of resource-to-performance map-
ping functions, i.e., performance models, one for
each application. Next, we enhance the accuracy
of each performance model through experimental
sampling. We use statistical regression to reap-
proximate the performance model by interpolat-
ing between the pre-computed and experimentally
gathered sample points.

We then use the corresponding per-application
performance models to determine the near-optimal
allocation of resources to applications according to
our overall goal. Specifically, we leverage the de-
rived performance model of each application, and
use hill climbing [20] to converge towards a parti-
tioning setting that minimizes the combined appli-
cation latencies. In the following subsection, we
describe our model that estimates the performance
of an application using multi-level caches and a
shared disk.
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3.3 Per-Application Performance
Model

We use two key insights about the inner workings
of the system, as explained next, to derive a close
performance approximation, while at the same time
reducing the complexity of the model as much as
possible.

3.3.1 Key Assumptions

The key assumptions we use about the system are i)
that the cache replacement policy used in the cache
hierarchy is known to be either one of LRU or DE-
MOTE [35], and ii) that the server is a closed-loop
system i.e., it is interactive and the number of users
is constant during periods of stable load. Both of
these assumptions match our target system well,
leading to a performance model with sufficient ac-
curacy to find a near-optimal solution, as we will
show in Section 6.

3.3.2 Modeling the Cache Hierarchy

Our key idea is to replace the search space of a
cache hierarchy with the simpler search space of
a single level of cache, in order to obtain a close
performance estimation, at much higher speed. To-
wards this goal, we use the experimental obser-
vation that the network latency is negligible com-
pared to the disk access latency. This affords us the
simplification that the contribution of a cache hit
in any level of cache to overall application perfor-
mance is roughly the same. Therefore, we approx-
imate any cache hierarchy with the model of a sin-
gle cache. We derive different models according to
the cache replacement policy used in the cache hi-
erarchy. We use the two most commonly deployed
or proposed cache replacement policies, LRU and
DEMOTE [35], in deriving our respective cache per-
formance models.

In a cache hierarchy using the LRU replacement
policy at all levels, if an application is given a cer-
tain cache quota qi at a level of cache i, any cache
quotas qj given at any lower level of cache j, with
qj < qi will be mostly wasteful. This is because of
the cache hierarchy inclusiveness property, where
any cache miss from qi will result in bringing the
needed block into all lower levels of the cache hi-
erarchy, before providing the requested block to
cache i. In contrast, in a cache hierarchy using
DEMOTE, when a block is fetched from disk, it is
not kept in any lower cache levels. Lower levels
of caches only cache blocks only when the block
is evicted from a higher cache level. Through this,

cache exclusiveness is maintained leading the ap-
plication to benefit from the combined quotas.

Hence, we make the following approximations
in our performance model:

In an LRU cache hierarchy, only the maximum
size quota given at any level of cache matters;
therefore, we approximate the MRC of a two level
cache, consisting of a buffer pool (c) and a storage
cache (s) by the following formula:

M(ρc, ρs) ≈ M(max[ρc, ρs]) (1)

In a DEMOTE cache hierarchy, the combined
cache quotas given to the application at all levels
of cache has the same effect as giving the total
quota in a single level of cache. Therefore, we use
the following formula to approximate the MRC of
a two-level cache:

M(ρc, ρs) ≈ M(ρc + ρs) (2)

3.3.3 Modeling the Disk Latency

For modeling the disk latency, we observe that the
typical server system is an interactive, closed-loop
system. This means that, even if incoming load
may vary over time, at any given point in time, the
rate of serviced requests is roughly equal to the in-
coming request rate. According to the interactive
response time law [10]:

ld =
N

X
− z (3)

where ld is the response time of the storage server,
including both I/O request scheduling and the disk
access latency, N is the number of application
threads,X is the throughput, and z is the think time
of each application thread issuing requests to the
disk.

We then use this formula to derive the aver-
age disk access latency for each application, when
given a certain quanta of the disk bandwidth. We
assume that think time per thread is negligible
compared to request processing time, i.e., we as-
sume that I/O requests are arriving relatively fre-
quently, and disk access time is significant. If
this is not the case, the I/O component of a work-
load is likely not going to impact overall appli-
cation performance. However, if necessary, more
precision can be easily afforded e.g., by a context
tracking approach, which allows the storage server
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to distinguish requests from different application
threads [27], hence infer the average think time.

We further observe that the throughput of an ap-
plication varies proportionally to the disk quanta
that the application is given. Since disk saturation
is unlikely in interactive environments with a lim-
ited number of I/O threads, this is very intuitive,
but also verified through extensive validation ex-
periments using a quanta-based scheduler and a va-
riety of workloads.

Through a simple derivation, we arrive at the fol-
lowing formula:

ld =
ld(ρd=1)

ρd
(4)

where ld(ρd=1) is the baseline disk latency for an
application, when the whole bandwidth is allocated
to that application. This formula is intuitive. For
example, if the entire disk was given to the appli-
cation, i.e., ρd = 1, then the storage access latency
is equal to the underlying disk access latency. On
the other hand, if the application is given a small
quanta, i.e, ρd ≈ 0, then the storage access latency
is very high (approaches∞).

3.3.4 Overall Performance Model

We use the single-level MRC-based model of the
cache hierarchy together with the disk latency
model to derive the overall application perfor-
mance as follows.

Lavg(ρc, ρs, ρd) = lcH(ρc, ρs) + ldM(ρc, ρs)(5)

where Lavg is the average application latency
given quotas ρc, ρs and ρd of the buffer pool cache,
storage cache and disk bandwidth, respectively,
H(ρc, ρs) andM(ρc, ρs) are the hit/miss rates, re-
spectively for the cache hierarchy, lc is the cache hit
latency (assumed to be similar regardless of cache
level) and ld is the average latency to fetch data
from the storage server. If we plug in the cache
and disk latency formulas derived previously, for
a (commonly used) LRU cache hierarchy, the for-
mula translates into:

Lavg(ρc, ρs, ρd) = lcHc(ρc) + ldMc(max[ρc, ρs])(6)

where we use the hit/miss rates experimentally
derived through access trace collection and com-
puting the MRC at the buffer pool level (denoted

by c in the formula) and ld is the storage access la-
tency given by Equation 4. As discussed, this is a
close approximation of a close-loop system using
an LRU-based two-tier cache.

Finally, all we need to do in order to have a com-
plete resource-to-performance model is to vary the
quota allocations for the two caches and the disk
bandwidth for the application, to all possible com-
binations in the model, and compute all correspond-
ing latencies by the above formula. This can be per-
formed very fast, on-line, since it involves no mea-
surements from the system during periods of stable
load. The model needs periodic recalibration, by
taking a new sampling of the baseline disk latency
for each application in order to account for load
variations. However, this assumes a short (less than
a minute) actuation and measurement for each ap-
plication and the recomputation of the recalibrated
model within milliseconds afterwards. Similarly, if
the application pattern changes, a new application
trace needs to be collected and the new MRC re-
computed.

3.4 Model Fine-tuning

In order to fine-tune our performance model at run
time, hence adaptively correct any inaccuracies,
we use more expensive sampling-based approaches
which we describe next.

3.4.1 Sampling and Interpolation

Our performance model provides us with a set
of pre-computed sample points based on minimal
statistics collection (for the MRC and baseline disk
bandwidth). Some of these points may be, how-
ever, inaccurate.

We collect experimental samples of application
latency in various resource partitioning configu-
rations, and use statistical regression i.e., support
vector machine regression (SVR) [8], to reapprox-
imate the resource-to-performance mapping func-
tion without sampling the search space exhaus-
tively. SVR allows us to estimate the perfor-
mance for configuration settings we haven’t actu-
ated, through interpolation between a given set of
sample points.

We iteratively collect a set of k randomly se-
lected sample points. Each sample represents the
average application latency measured in a given
configuration. We replace the respective points in
our performance model with the new set of ex-
perimentally collected samples. Using all sam-
ple points, consisting of both computed and ex-
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perimentally collected samples, we retrain the re-
gression model. We also cross-validate the model
by training the regression model on a sub-set of
all samples and comparing with the regression
function obtained using the remaining samples.
If during cross-validation, we determine that the
regression-based performance model is stable [8],
then we conclude that we do not need to collect
any more samples, and we have achieved a highly
accurate performance model for the respective ap-
plication. Otherwise, we iterate through the above
process until convergence is achieved.

Hence, the more accurate the initial performance
model, the less sampling is needed to fine-tune
the model. Conversely, if the initial performance
model is highly inaccurate e.g., because completely
different cache replacement policies than built into
the performance model are deployed, then exhaus-
tive sampling will be eventually performed to re-
place all initial model-generated sample points.

3.5 Finding the Optimal Configura-
tion

Based on the per-application performance models
derived as above, we find the resource partition-
ing setting which gives the global optimum i.e.,
lowest combined latency in our case, by using hill
climbing with random-restarts [20]. The hill climb-
ing algorithm is an iterative search algorithm that
moves towards the direction of increasing value of
combined utility value for all valid configurations
at each iteration. To avoid reaching a local max-
imum, we conduct several searches from several
points chosen randomly until each search reaches
a maximum. We use the best result obtained from
all searches.

4 Prototype Implementation

We extend an existing infrastructure supporting ex-
haustive search for finding the optimal solution for
memory-only resource partitioning between appli-
cations [27, 25], to implement our new perfor-
mance model introduced in Section 3, as well as
for supporting sampling and resource partitioning
of multiple resources at several levels.

Our infrastructure consists of a virtual storage
system prototype designed to run on commodity
hardware. It supports data accesses to multiple
virtual volumes for any storage client, such as,
database servers and file systems. It uses the Net-
work Block Device (NBD) driver packaged with

Linux to read and write logical blocks from the vir-
tual storage system, as shown in Figure 3. NBD is
a standard storage access protocol similar to iSCSI,
supported by Linux. It provides a method to com-
municate with a storage server over the network.
We modified existing client and server NBD pro-
tocol processing modules for the storage client and
server, respectively, in order to interpose our stor-
age cache and disk controller modules on the I/O
communication path, as shown in the figure.

In addition, we provide interfaces for creat-
ing/destroying new virtual volumes and setting re-
source quantas per virtual volume. Our infrastruc-
ture supports a global resource controller in charge
of partitioning multiple levels of storage cache hi-
erarchy and the storage bandwidth. The controller
determines per-application resource quotas on the
fly, in a transparent manner, with minimal changes
to the DBMS i.e., to collect access traces at the
level of the buffer pool, and to replace its cache
module with our own, and no changes to existing
interfaces between components.

MySQL

Linux

/dev/raw/raw1

NBD

Linux

Virtual Storage

NBD Cache Disk

/dev/nbd1

/dev/sdb1

SERVERCLIENT

Figure 3: Virtual Storage Architecture: We show
one client connected to a storage server using NBD.
MySQL mounts the NBD device (/dev/nbd1) on
/dev/raw/raw1. The storage server virtualizes the
physical partition /dev/sdb.

4.1 Sampling Methodology
For each hosted application, and given configura-
tion, in order to collect a sample point, we record
the average and standard deviation of the data ac-
cess latency, for the corresponding application in
that configuration. For each sample point where we
change the cache configuration, we wait for cache
warmup, until the application miss rate is stable
(which takes approximately 15 minutes on average
in our experiments). Once the cache is stable, we
monitor and record the application latency several
times in order to reduce the noise in measurement.
Once measured, sample points for an application
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can also be stored as an application surface on disk
and later retrieved.

4.1.1 Efficient Sampling for Exhaustive Search

For the purpose of exhaustive sampling i.e., for the
implementation of the IDEAL algorithm used in
the experiments presented in Section 2, the con-
troller iteratively sets the desired resource quotas
and measures the application latency during each
sampling period. We use the following rules of
thumb in order to speed up the exhaustive sampling
process:

Cost-aware Iteration: We sort resources in de-
scending order of re-partitioning cost i.e., cache
repartitioning has higher re-partitioning sampling
cost compared to the disk due to the need to wait for
cache warm-up in each new configuration. There-
fore, we go through all cache partitioning possibil-
ities as the outermost loop of our iterative exhaus-
tive search; for each cache setting we go through all
possible disk bandwidth settings in an inner loop,
thus making fewer changes to stateful resources
overall. This optimization decreased the time of
the experiment mentioned above from 52 hours to
10.5 hours.

Order Reversal: The time to acquire a sam-
ple can be further reduced by iterating from larger
cache quotas to smaller cache quotas i.e., from
1024MB to 32MB in a 1024MB cache. In this case,
the cache warmup of the largest cache quota will
be amortized over the sampling for all cache quo-
tas for the application. This additional optimization
decreased the time of the experiment further, from
10.5 hours to a 5 hours convergence time, which is
the convergence time we reported in Section 2.

5 Evaluation

In this section, we describe several resource par-
titioning algorithms we use in our evaluation. In
addition, we describe the benchmarks and method-
ology we use.

5.1 Algorithms used in Experiments

We compare our GLOBAL resource partitioning
scheme, where we combine performance estima-
tion and experimental sampling, with the following
resource partitioning schemes.

• IDEAL: Finds the configuration with best
overall latency by exhaustive search for all

possible cache and disk partitioning config-
urations. In order to speed up the search
(which would experimentally take weeks), we
have experimentally verified that MRC-based
cache miss rates and cache simulation are
highly accurate for our workloads. We then
compute all possible cache miss ratios for
all possible cache quota configurations based
on access traces, thus deriving M(ρc, ρa),
and use the cache simulator to estimate the
cache latency in each actuated cache configu-
ration. We then perform manually selected ex-
perimental measurements, hence avoiding the
need to wait for cache warmup in all configu-
rations.

• MRC: Uses MRC to perform cache partition-
ing independently at the buffer pool and the
storage cache, based on access traces seen at
that level. The disk bandwidth is equally di-
vided among all applications.

• MRC+DISK: Uses the cache configurations
produced by the MRC scheme and then ex-
plores all the possible configurations for par-
titioning the disk bandwidth.

• DISK-ONLY: Assigns equal portions of the
cache to all applications at each level and ex-
plores all the possible configurations at the
disk level.

• CACHE-ONLY: Explores all the possible set-
tings for cache sizes at both cache levels,
while dividing the disk bandwidth equally be-
tween all applications.

Out of these schemes, IDEAL and CACHE-
ONLY are the only two schemes that require
derivation of multi-level, multi-configuration MRC
curves, i.e., M(ρc, ρa). Deriving the multi-level,
multi-configuration MRC curves takes approxi-
mately 36 hours for one application.

5.2 Benchmarks
We use four workloads: two workloads based on
the Zipf distribution, and two industry-standard
benchmarks, TPC-W and RUBiS, to evaluate our
end-to-end cache management algorithm.

Zipf95/Zipf40: We generate two workloads us-
ing a Zipf-like distribution [35]. In these work-
loads, few blocks are frequently accessed while
others are accessed much less often. The proba-
bility of the ith to be accessed is proportional to
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1/iα, where α is a user-defined parameter. We gen-
erate two workloads using the Zipf distributions:
(1) Zipf95 where we set α = 0.95 and (2) Zipf40
where we set α = 0.4. Since the accesses are more
skewed when α → 1, the Zipf95 workload uses a
smaller working set.

TPC-W: The TPC-W benchmark from the
Transaction Processing Council [1] is a transac-
tional web benchmark designed for evaluating e-
commerce systems. Several web interactions are
used to simulate the activity of a retail store. The
database size is determined by the number of items
in the inventory and the size of the customer pop-
ulation. We use 100K items and 2.8 million cus-
tomers which results in a database of about 4 GB.
We use the shopping workload that consists of 20%
writes. To fully stress our architecture, we run 10
TPC-W instances in parallel creating a database of
40 GB.

RUBiS: We use the RUBiS Auction Benchmark
to simulate a bidding workload similar to e-Bay.
The benchmark implements the core functionality
of an auction site: selling, browsing, and bidding.
We do not implement complementary services like
instant messaging, or newsgroups. We distinguish
between three kinds of user sessions: visitor, buyer,
and seller. For a visitor session, users need not
register but are only allowed to browse. Buyer
and seller sessions require registration. In addi-
tion to the functionality provided during the visitor
sessions, during a buyer session, users can bid on
items and consult a summary of their current bid,
rating, and comments left by other users. We are
using the default RUBiS bidding workload contain-
ing 15% writes, considered the most representative
of an auction site workload according to an earlier
study of e-Bay workloads [21]. We create a scaled
workload, we run 10 RUBiS instances in parallel.

6 Results

In this section, we evaluate the performance of our
resource allocation algorithms by comparing their
performance and speed of convergence. We also
experimentally illustrate the accuracy of our per-
formance model.

6.1 Preliminary Results
Figure 4-(a) shows the MRC curves at the buffer
pool for all applications. We can see that TPC-W
and RUBiS are more cacheable (have steeper MRC
curves) than Zipf40 and Zipf95. The cut-off point
for caching benefits is approximately 100 MB for
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Figure 4: MRC/Latency: We show (a) the MRC
curves for all four workloads and (b) the average pre-
dicted latencies.

Zipf95, 360MB for TPC-W, 700MB for RUBiS,
and 32MB (minimum) for Zipf40. From the av-
erage latency as a function of total cache size, as
predicted by our performance model for our bench-
marks, shown in Figure 4-(b), we see that Zipf40,
while benefitting little from cache allocations, has
a high average latency, hence would benefit from
larger disk quanta allocations. Overall, TPC-W has
the lowest average latency, hence lowest disk band-
width requirements once its basic cache needs are
met.

6.2 Performance Results

We evaluate our model using our four applications
on a setup consisting of two client (database server)
machines with two applications sharing each of
them, and one storage server shared among all four.
We use a 512MB buffer pool on each client and a
1GB storage cache. All caches use LRU. Cache
quotas are allocated in 32MB increments, with a
minimum of 32MB. The disk bandwidth is allo-
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Figure 5: Latency: We show the aggregate latency for two workload combinations: (a) TPC-W/RUBiS + TPC-
W/RUBiS and (b) Zipf40/TPC-W + Zipf95/RUBiS.

Scheme Buffer Pool (MB) Storage Cache (MB) Disk Quanta (%) Time
TPCW RUBiS TPCW RUBiS TPCW RUBiS TPCW RUBiS TPCW RUBiS TPCW RUBiS (mins)

IDEAL 64 480 448 64 320 32 32 640 25 38 12 25 days
GLOBAL 32 480 480 32 320 32 32 640 25 38 12 25 16
MRC 192 320 192 320 32 928 32 32 25 25 25 25 16
MRC+DISK 192 320 192 320 32 928 32 32 25 25 25 25 21
DISK-ONLY 256 256 256 256 256 256 256 256 12 38 12 38 5
CACHE-ONLY 448 64 32 480 32 640 320 32 25 25 25 25 2160

(a) TPC-W/RUBiS + TPC-W/RUBiS

Scheme Buffer Pool (MB) Storage Cache (MB) Disk Quanta (%) Time
Zipf40 TPCW Zipf95 RUBiS Zipf40 TPCW Zipf95 RUBiS Zipf40 TPCW Zipf95 RUBiS (mins)

IDEAL 64 448 480 32 32 32 32 928 38 12 25 25 days
GLOBAL 64 448 480 32 32 32 32 928 38 12 25 25 16
MRC 256 256 96 416 32 32 32 928 25 25 25 25 16
MRC+DISK 256 256 96 416 32 32 32 928 38 12 25 25 21
DISK-ONLY 256 256 256 256 256 256 256 256 38 12 25 25 5
CACHE-ONLY 96 416 480 32 32 32 928 32 25 25 25 25 2160

(b) Zipf40/TPC-W + Zipf95/RUBiS

Table 1: Detailed Results: We show detailed resource partitioning and convergence results for our two combinations
(a) TPC-W/RUBiS + TPC-W/RUBiS and (b) Zipf40/TPC-W + Zipf95/RUBiS.

cated in 12.5% slices. In all experiments, the re-
sults shown for GLOBAL are based on model-
based performance estimation, with sampling and
interpolation turned off. We show more detailed
results for our combined estimation and sampling
model in section 6.4.

We run two experiments, with different appli-
cation combinations, shown in Figure 5, and we
compare the performance of all algorithms in terms
of aggregate latency. We also present the re-
source partitioning configurations at convergence,
and convergence times for each algorithm in Ta-

ble 1. Overall, we see from both Figure 5 and
Table 1, that our GLOBAL resource allocator ar-
rives dynamically at a resource partitioning solu-
tion close to that of IDEAL, and offers the same
performance as IDEAL. This performance is a fac-
tor of 1.42 and 1.12 better than the MRC+DISK
scheme, which combines single resource alloca-
tors, respectively, for the two experiments. At
the same time, its convergence time is similar to
that of single-resource allocators (on the order of
minutes), while the exhaustive search in IDEAL
takes days (or in fact weeks, if we didn’t guide the
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Figure 6: MRC: We show the MRC for RUBiS at the
storage cache when the buffer pool quota is 320MB.

search manually). Finally, we observe that both
the IDEAL and GLOBAL schemes allocate cache
space to each application only at one level of the
hierarchy, while usually the minimum space at the
other. This is due to the inclusiveness property of
LRU caches, as discussed before. We next show
more insights into the performance of our alloca-
tor through a more in-depth analysis of these two
experiments.

6.3 Detailed Analysis
For our first experiment, presented in the previous
section, we run a TPC-W workload and a RUBiS
workload on each client machine.

First, we can see that the configurations achieved
in GLOBAL (and IDEAL) are non-trivial. For ex-
ample, one TPC-W workload copes with a rela-
tively small cache allocation (32MB,320MB) com-
pensated by a higher disk bandwidth quota (25%),
while the opposite holds for the TPC-W instance
running at the second client, which gets a larger
cache allocation (480MB,32MB), but a smaller
disk quota (12%). Similar decisions are taken for
the RUBiS workloads as well.

Second, we observe that the MRC-based cache
allocation suffers penalties from pursuing local op-
timization goals in each level of cache. Achieving
the optimal buffer pool hit rates for TPC-W and
RUBiS (192MB/320MB) in both client caches is
not necessarily conducive to the global optimum.
Since the TPC-W workloads are easily satisfied
with just the buffer pool cache, the two RUBiS
workloads are left competing for the storage cache.
In this case, we need to look at the MRC at the
storage cache (shown in Figure 6) to explain the
behavior. Due to the inclusiveness property, giving
low quotas of storage cache to RUBiS is wasteful,

up until this quota exceeds its buffer pool quota,
translating into the initial flat portion of the MRC
at the storage cache. Since the two RUBiS work-
loads have exactly the same behavior, one of them
achieves the cross-over point into the steep area of
the curve, hence proceeds to win all (928MB) of
the storage cache quotas.

Finally, since the TPC-W and RUBiS workloads
are highly cacheable, the CACHE-ONLY scheme
achieves a solution close to IDEAL for this case.

For our second experiment, we run a load mix
consisting of Zipf40 and TPC-W on one client and
Zipf95 and RUBiS on the other client. We notice
that the partitions received by each application in
the GLOBAL and IDEAL schemes, as presented in
the Table 1, follow the characteristics of the work-
loads explained before. Specifically, Zipf40 re-
ceives only 64MB at the first level of cache but
the highest quota from the disk bandwidth (37.5%).
The remaining buffer pool from that machine is
given to TPC-W, who uses it to reduce its disk re-
quirements to a point where it can perform well
with a small disk quota (12.5%). The second level
of cache can thus be entirely used to satisfy the
higher cache needs of Zipf95 and RUBiS. Since
RUBiS can benefit more from a larger cache, it gets
the entire second level cache while Zipf95 meets its
basic requirements with the smaller buffer pool on
the client machine.

As before, the independent MRC-based alloca-
tion misses opportunities to exploit the synergy of
the two-level cache. In this scenario, while TPC-
W and Zipf40 have sufficient cache space in their
shared buffer pool, the pairing of Zipf95 and RU-
BiS creates high cache pressure in the other buffer
pool. Since RUBiS has a steeper MRC gradient
than Zipf95, it gets most of the shared buffer pool
(416MB) on that machine. The same goes for the
storage cache, where RUBiS gets all the available
space, 928MB. Therefore, due to inclusiveness, a
large part of the combined cache is wasted. A bet-
ter allocation would have been to allocate all buffer
pool to the Zipf95 workload. However, we can
see that MRC+DISK is able to offset some of the
negative effects of the poor cache partitioning, by
correctly partitioning the disk bandwidth, giving
more to the most disk intensive application Zipf40
and less to TPC-W. This allocation provides a sig-
nificant improvement compared to the MRC only
scheme.
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Figure 8: Accuracy: We show a heatmap of the accuracy of our disk latency approximation and our two-level MRC
approximation. The darker regions show regions with error and the lighter regions show regions with no error.

 0

 20

 40

 60

 80

 100

 0  50  100  150  200

E
rr

o
r 

(%
)

Num. Samples Added to Model

Zipf95
Zipf40

TPC-W
RUBiS

Figure 7: Online Sampling: We show that by adding
performance samples collected at runtime, we improve
the accuracy of our performance model.

6.4 Performance Model Accuracy

We present results highlighting the accuracy of
our performance model approximations used in our
multi-resource GLOBAL controller.

First, we evaluate the accuracy of our disk la-
tency approximation, ld, when using a quanta-
based scheduler (Equation 4). We plot the accu-
racy of the performance model prediction versus
the measured disk latency, for each application,
when fixing the buffer pool size and varying only
the storage cache size, and the storage bandwidth
quanta given to the respective application. Fig-
ure 8a and Figure 8b present our results. On the x
and y axes we show the proportion of the disk ver-
sus the proportion of the storage cache as a number
between 0.0 and 1.0. We exhaustively sample the
performance for all configurations, and we plot the
discrepancy between the measured and predicted
latencies.

The plot highlights areas with higher error as
a heatmap, where higher error values are shown

in darker colors. We plot results only for RUBiS
and Zipf95, but all results show similar patterns.
The average errors are 4.3% for Zipf40, 36% for
Zipf95, 43% for TPC-W and 102% for RUBiS. As
expected, we see the highest errors for the appli-
cations with the highest average “think time” per
I/O thread (TPC-W and RUBiS). This is because
we have ignored the effects of think times in our
model. However, the high think times in these ap-
plications are due to the fact that they are highly
cacheable, hence not disk intensive. Therefore disk
latency inaccuracies do not substantially affect the
accuracy of the overall latency model, which is
3.28% for TPC-W and 15.92% for RUBiS, on av-
erage.

Moreover, from the plot, we can see that most
of the error is for the smallest disk quanta. This
is a very localized area of the total search space,
where inaccuracies may not matter, or can be im-
proved by experimental sampling. Figure 7 shows
the accuracy improvement through online perfor-
mance sampling. In the x-axis we show the num-
ber of samples added to our performance model ex-
perimentally, and on the y-axis we show the error
between the predicted and the actual latencies. For
both TPC-W and RUBiS, adding samples by online
sampling significantly reduces the error rate from
102% to 12% for RUBiS and from 43% to 14% for
TPC-W.

Next, we present the accuracy of our MRC
heuristic for two-level caches, given in Equation 1,
which assumes cache inclusiveness in LRU caches.
Figures 8c and 8d present the error in our MRC
approximation. On the x and y axes we show the
proportion of the storage cache, versus buffer pool
given to the workload.

We exhaustively sample experimentally the per-
formance for all cache configurations and we plot
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the difference in the computed and predicted miss-
ratios. Similar to the disk latency plot, we show
a heatmap where higher error values are shown in
darker colors and the areas of low error are shown
in lighter colors. The sources of inaccuracy in our
model are mainly due to two effects. First, the ac-
cesses seen at the storage cache are not the same as
the trace we are using (collected at the buffer pool),
since the buffer pool caches a fraction of accesses.
This leads to small errors in the LRU approxima-
tion i.e., in the LRU stack algorithm, when com-
puting the MRC. Second, if a dirty block is evicted
from the buffer pool (top level cache), it needs to be
written back to disk before eviction. Hence, it will
likely still be stored in the storage (second level)
cache, while our model assumes otherwise.

These inaccuracies are most pronounced when
ρs ≥ ρc, i.e., near to and under the diagonal in
the plots, and for workloads with a higher fraction
of I/O writes, such as RUBiS, and minimal other-
wise. However, even for RUBiS, all errors are less
than 2%, and these effects are not seen in Zipf40
and TPC-W (not shown), which are generally sat-
isfied with much lower cache sizes, just from the
buffer pool. For both of these applications, errors
are close to zero, except for very localized areas of
the map. Overall, the difference between the pre-
dicted and the computed miss-ratios is less than 4%
on average.

7 Related Work

Previous related work has focused on dynamic allo-
cation and/or controlling either memory allocation
or disk bandwidth partitioning among competing
workloads.

Dynamic Memory Partitioning: Dynamic
memory allocation algorithms have been studied
in the VMWare ESX server [31]. The algorithm
estimates the working-set sizes of each VM and
periodically adjusts each VM’s memory allocation
such that performance goals are met. Adaptive
cache management based on application patterns
or query classes has been extensively studied in
database systems. For example, the DBMIN algo-
rithm [7] uses the knowledge of the various pat-
terns of queries to allocate buffer pool memory ef-
ficiently. In addition, many cache replacement al-
gorithms have been studied e.g., LRU-k [15] in
the presence of concurrent workloads. LRU-k pre-
vents useful buffer pages from being evicted due
to sequential scans running concurrently. Brown
et al. [3, 4] study schemes to ensure per-class re-
sponse time goals in a system executing queries of

multiple classes by sizing the different memory re-
gions. Finally, recently, IBM DB2 added the self-
tuning memory manager (STMM) to size different
memory regions [28].

Disk Bandwidth Partitioning: Dynamic allo-
cation of the disk bandwidth has been studied to
provide QoS at the storage server. Just like in our
prototype, SLEDS [6], Façade [13], SFQ [11], and
Argon [30] place a scheduling tier above the ex-
isting disk scheduler in order to control the I/Os
issued to the underlying disk. However, these tech-
niques assume that proportions are known e.g.,
set manually. However, more recent techniques,
e.g., Cello [22], YFQ [5] and Fahrrad [19] build
QoS-aware disk schedulers, which make low-level
scheduling decisions that strive to minimize seek
times as well as maintain quality of service.

Multi-resource Partitioning: Multi-resource
partitioning is an emerging area of research where
multiple resources are partitioned to provide isola-
tion and QoS for several competing applications.
Wachs et al. [30] show the benefit of considering
both cache allocation and disk bandwidth alloca-
tion to improve the performance in shared storage
servers. However, the resource allocation is done
after modelling applications through extensive pro-
filing. Wang et al. [34] extend the SFQ [11] algo-
rithm to several storage servers. Padala et al. [17]
study methods to allocate memory and CPU to sev-
eral virtual machines located within the same phys-
ical server. However, these papers focus on either
i) dynamic partitioning and/or quota enforcement
of a single resource on multiple machines [34] or
ii) allocation of multiple resources within a single
machine [17, 30]. In our study, we have shown that
global resource partitioning of multiple resources
located at different tiers results in significant per-
formance gains.

8 Conclusions

Resource allocation to applications on the fly is
increasingly desirable in shared data centers with
server consolidation. While many techniques for
enforcing a known allocation exist, dynamically
finding the appropriate per-resource application
quotas has received less attention. The challenge
is the exponential growth of the search space for
the optimal solution with the number of applica-
tions and resources. Hence, exhaustively evaluat-
ing application performance for all possible con-
figurations experimentally is infeasible.

Our contribution is an effective global resource
allocation technique based on a unified resource-
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to-performance model incorporating i) pre-existing
generic knowledge about the system and interde-
pendencies between system resources e.g., due to
cache replacement policies and ii) application ac-
cess tracking and baseline system metrics captured
on-line.

We implement our global resource allocator
within a virtual storage prototype with a two-tier
cache hierarchy. We leverage the Network Block
Device (NBD) to integrate our prototype within ex-
isting commodity software and hardware environ-
ments i.e., the MySQL database engine and a com-
modity Dell storage controller, with no changes
to interfaces between components and minimal
DBMS instrumentation.

We show through experiments using several
standard e-commerce benchmarks and synthetic
workloads that our performance model is suffi-
ciently accurate in order to converge towards a
near-optimal global partitioning solution within
minutes. At the same time, our performance model
effectively optimizes high-level performance goals
providing up to a factor of 1.4 improvements com-
pared to state-of-the-art single-resource controllers
and their ad-hoc combination.
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