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Abstract

Due to lack of generic, accurate, dynamic
and comprehensive models for performance es-
timation, customers typically tend to under-
provision or over-provision storage systems to-
day. With multi-tenancy, virtualization, scale
and unified storage becoming norms in the in-
dustry, it is highly desirable to strike an op-
timum balance between utilization and perfor-
mance. However, performance prediction for en-
terprise storage systems is a tricky problem, con-
sidering that there are multiple hardware and
software layers cascaded in complex ways that
affect behavior of the system. Configuration fac-
tors such as CPU, cache size, RAM size, capacity,
storage backend (HDD/Flash) and network cards
etc. are known to have significant effect on the
number of IOPS that can be pushed to the sys-
tem. However, apart from system characteristics
as these, storage workloads vary reasonably and
therefore, IOPS numbers depend heavily on types
of workloads provisioned on storage systems. In
this work, we treat storage system as a hybrid of
black-box and white-box models, and propose a
solution that will enable administrators to make
decisions in the presence of multiple workloads
dynamically. Our worst-case prediction is within
15% error margin.

1 Introduction

There is immense pressure on storage
providers to increase utilization of their resources
while maintaining performance guarantees. A
storage resource can be operated at ’knee of the
curve’ - e.g. 70% of resource utilization, as a
thumb rule. However, identifying the ‘knee of
the curve’ dynamically is a challenge. The sit-
uation becomes more complicated for a mix of
different workloads as response times are sensi-
tive to workload characteristics. Moreover, any
aggressive provisioning of storage resources can
result in performance impact hitting bottom-line
for the resource provider. To avoid such situa-
tions, storage providers often over-provision stor-

age resources and system remains under-utilized.

Optimum resource utilization is also crucial
in cloud provider environment. Usually, cloud
providers thin provision resources. They need to
be able to seamlessly provision containers, mi-
grate VMs, and redistribute the resource pool
among client applications [6, 8, 11, 13, 19, 21, 23,
24]. So it is extremely important to dynamically
estimate the actual maximum throughput that
can be delivered for these application environ-
ments. For example, with white-box like static
provisioning, the system is utilized 40 − 50%
whereas the aim is to dynamically provision the
workloads such that 70% utilization becomes a
realistic goal.

Performance headroom modeling is typi-
cally done via two approaches – white-box and
black-box. In white-box models [5], each com-
ponent like CPU, disk, network, and memory is
modeled using queueing theory. For each com-
ponent, queueing delay for a certain IO request
is computed and individual models are aggre-
gated to obtain overall response time. Black-
box models [7, 9, 12, 25, 26], on the contrary,
model the entire system as a black-box and use
machine learning techniques to predict the rela-
tionship between IO pattern and response time.
White-box models are usually static in nature;
but are highly tunable in terms of system pa-
rameters. On the other hand, black-box models
can predict well in the dynamic environments but
usually have less control on tuning of system pa-
rameters.

In this paper, we take a hybrid approach
where we learn the system behavior in terms of
characterizing the dependency of response time
(latency) with IOPS. We also use concepts from
queueing theory to model mixture of workloads
on multiple volumes (logical containers) in an ag-
gregate (physical container or set of disks). We
leverage the advantages of black-box models for
dynamic provisioning and that of white-box mod-
els for handling multiple workloads. We predict
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the maximum IOPS possible per volume basis in
an aggregate on a node. Our aim is to achieve
a worst-case error margin of 15% for this predic-
tion. The prediction of maximum IOPS is further
extended for many interesting use cases such as:

• What is the maximum number IOPS that
can be pushed for an existing workload?

• What would be maximum number of IOPS
for a new workload, given its characteristics?

• What is the effect on existing workloads if a
new workload is provisioned/migrated?

• In a storage cluster, what would be the best
place to provision a workload?

• Can we redistribute workloads in the cluster
for optimum utilization and performance?

The rest of the paper is organized as fol-
lows. Section 2 surveys the literature around
white-box and black-box models for performance
of storage systems. Section 3 describes motiva-
tions and challenges for a comprehensive storage
provisioning solution. Section 4 gives details of
techniques we came up with for storage provision-
ing. Section 5 presents experimental design and
results. Finally, Section 6 summarizes and con-
cludes the paper giving a glimpse in the possible
future work.

2 Related Work

In this section, we provide a brief survey of
the existing literature that is related to our work.
White-box approaches for storage system model-
ing [5, 10] have existed for over three decades and
are still being actively investigated in modern day
mass storage systems [14]. White box approaches
usually model individual components like CPU,
memory, disk, and network are and compute IO
requests delay as the queuing delay. The indi-
vidual queuing delays are then aggregated to ob-
tain the overall response time. In computing the
overall response time, the workload characteris-
tics are embedded in the sequence of read-write
of operations of the IO pattern.

In black-box modeling, various machine
learning techniques are applied to model stor-
age system behavior such as the dependency of
response time (latency) with IOPS. BASIL [7]
and Pesto [9], Relative Fitness [12] and CMU-
CART [25, 26] are three black-box techniques

that have been proposed for modeling storage
systems. BASIL provides predictions in the in-
terpolation (trained) region. Pesto can extrapo-
late in the unseen region under the assumption
that latency has a linear relationship with the
outstanding IO. Both in relative fitness [12] and
CMUCART [26], the performance of the storage
system is predicted based on observed samples
from the past. On a similar line, CART [4] has
been used in black-box modeling of the storage
performance in [28]. In these approaches, certain
counters are considered, and a CART model is
built to model latency and throughput. Very re-
cently, bagging [3] of the CART models has been
used for better prediction of the storage system
performance [29].

In machine learning literature [22, 2], func-
tion approximation refers to predicting the func-
tional value for an unobserved sample. In sup-
port vector regression (SVR) [22, 17] with RBF
kernels, the prediction is usually good for the
interpolation region. Support vector regression
with polynomial kernels can be used for extrap-
olation. From the storage provisioning perspec-
tive, it is essential to associate a confidence level
with the prediction to suggest to the user if the
prediction is reliable or not. Kriging [27, 16]
is able to associate a confidence level with each
prediction. With a modification in computation
of model variogram from the experimental vari-
ogram, Gaussian Process (GP) model has been
developed [15] which also associates confidence
level with prediction, although GP is suitable for
interpolation only. In a recently developed black-
box model called M-LISP [1], kriging has been
used to successfully extrapolate the storage sys-
tem performance for unseen amount of workload,
and it is able to associate confidence interval with
the prediction.

3 Motivation and Problem Statement

In a Latency (response time) vs IOPS curve
for a storage system, the response time remains
almost constant in low IOPS region even if more
IOPS are pushed to the storage system. After
the number of IOPS reaches a ‘knee’ , latency
suddenly increases within a short range of IOPS.
If IOPS are increased even further, after a point,
no more IOPS can be pushed to the system and
the latency shoots up drastically. It is desirable
to operate at the knee for reasonable balance be-
tween performance and utilization. However, it
is extremely difficult to theoretically quantify the

2
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‘knee’ of the curve for a storage system. As a rule
of thumb, industry practitioners use 70% of the
maximum IOPS as the ‘knee of the curve’.

Most of black-box modeling techniques in
the literature predict the response time (la-
tency) for certain IOPS based on the interpola-
tion mechanism. Extrapolation techniques pre-
dict the response time for certain IOPS in an un-
seen region..Pesto [9] and M-LISP [1] perform ex-
trapolation to predict the storage system perfor-
mance. However, it is very difficult to apply them
for mixed workload situation. For example, dif-
ferent workloads are typically deployed in differ-
ent volumes and having 10− 20 volumes is quite
common in industrial scenario 1. For such cases,
prediction for a new volume in absence of existing
volumes is not applicable in their presence. Sec-
ondly, it is important to provision new volumes
so that they don’t affect performance of existing
volumes. So, it’s crucial for a customer to know
the maximum possible IOPS that the system may
provide for the new volume/workload even before
it is actually provisioned. Existing black-box ap-
proaches estimate the maximum IOPS per vol-
ume on a running system and do not estimate
that for a new volume. Also existing black-box
approaches are not equipped to model multiple
workloads due to their interference. It is possi-
ble to apply white-box models to appropriately
capture the resource constraints but they are not
generic and dynamic.

In this paper, we use a black-box model to
capture the dependency of the response time with
IOPS and predict the maximum IOPS per vol-
ume in an aggregate. We correlate the response
characteristics with parameters of workloads. We
then model the entire black-box server as a multi-
queue single-server model to take into account
of the multiple workloads running on multiple
volumes in the same aggregate. For new work-
loads, we compute the maximum possible IOPS,
given a system configuration, for various differ-
ent workload characteristics in the laboratory en-
vironment before commissioning the system and
construct look-up tables for the same. We ob-
served that for a given configuration, the maxi-
mum possible IOPS depends on workload charac-
teristics. The maximum IOPS for a given config-
uration and a given workload type may change
due to system upgrade, file-system aging and
fragmentation. We designed a provisioning sys-

1As observed from customer systems

tem that takes feedback from the environment
and dynamically updates the tables to adapt to
these changes. Details are provided in Sections 4
and 5.

4 Details of the Approach

4.1 Maximum IOPS for a Single Work-
load

We have considered the entire storage sys-
tem as a simple black-box server serving a queue
of IO requests. Outstanding IOs (OIO) is a mea-
sure of the queue length (depth). From Little’s
Law2, (OIO) can be expressed as

OIO = Latency × IOPS (1)

For higher IOPS, Latency is directly proportional
to OIO to be served [9]. Therefore, we have

Latency = a×OIO + b (2)

where a and b are constants. From Equations (1)
and (2), we have

Latency =
b

1− a× IOPS
(3)

This derivation is also depicted in Figure 1.

As the storage system gets saturated, i.e.,
the denominator of Equation (3) becomes close
to zero, latency value tends infinity (as shown in
Figure 1). Substituting in Equation (8), we have

Maximum IOPS = 1/a (4)

Note that, Equation(2) is true asymptotically.
For small number of IOPS, the relationship may
not hold true; however, we model the system in
high IOPS region.

Figure 1: Fundamental Technique

As is evident from the Equation (4), maxi-
mum IOPS is the inverse of slope of the line rep-
resenting the linear relationship between Latency

2URL:http://web.mit.edu/sgraves/www/
papers/Little’s%20Law-Published.pdf

3
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vs OIO. Note that, this value 1/a could also be
considered as a service rate of the system for a
given workload. This terminology will be revis-
ited later in Section 4.4.

We gathered periodic measurements (La-
tency, IOPS) from the system and did robust re-
gression between latency and OIO to come up
with a prediction for single workload scenario.

4.2 Dependency of Maximum IOPS on
Workload Characteristics

Latency vs OIO relationship as described in
Section 4.1 depends on a number of system and
workload factors. However, our study showed
that workload characteristics dictate this line be-
tween Latency vs OIO when system configura-
tion does not change. Our experience with cus-
tomer systems shows that the majority of work-
loads show variation of intensity (over a week or
during holidays and peak hours etc) but there is
generally no change in characteristics (read/write
sizes, read/write ratio, sequential/random ratio),
we did come across some real life workloads (Ex-
change, Financial) that exhibit large variations
in the characteristics causing wide and divergent
Latency vs OIO behavior as seen in Figure 4.2.

As is evident from Figure 4.2, observations
in different IO size buckets are clearly segregated
in separate regions. For such cases, we give differ-
ent estimates based on currently observed work-
load characteristics. We bin workload param-
eters in different buckets and we estimate the
maximum possible IOPS for each bucket sepa-
rately. When a workload has several such buck-
ets of characteristics, we advise a set of maximum
possible IOPS that are governed by each bucket
of workload characteristics.

4.3 Provisioning New Workloads

We show in Section 5.3 that a few workload
characteristics (read/write sizes, read%, rand%)
were enough to capture the essence of the work-
load and these characteristics would effectively
dictate system performance in terms of max-
imum possible IOPS. This led us to believe
that when workloads are abstracted as a set of
characteristics, we could relate estimates across
different workloads within an error margin of
15%. We used internal micro-benchmark SIO
(Simple Input/Output) for creating tables across
these finite characteristics dimensions. We then
compared observed maximum when system was

(a) (b)

(c) (d)

Figure 2: Dependency of the Latency with IOPS
and outstanding IO: a) Latency vs IOPS for Ex-
change workload (b) Latency vs OIO for Ex-
change workload (c) Latency vs IOPS for Finan-
cial workload (d) Latency vs OIO for Financial
workload.

driven to saturation with the predicted maxi-
mum, and validated the fact that the maximum
IOPS is dependent on the workload characteris-
tics for a given system.

We thus extended the workload character-
istics table approach to be able to provide max-
imum possible IOPS estimates before provision-
ing a new workload. One of the major drawbacks
of approach in Section 4.1 is that we need peri-
odic measurements of certain metrics from the
system. In other words, we need the workload
to be deployed before an estimate can be given.
However, because workload characteristics could
abstract the workload as seen by the system (Sec-
tion 4.2), we could give an estimate prior to pro-
visioning the workload if the workload character-
istics ( read/write sizes, read%, random% etc.)
are known.

4.4 Interference of Multiple Workloads

For mixed workload modeling, we view the
storage system channel as a black-box serving IOs
consisting of the controller, disks, CPU, mem-
ory, cache and other architectural components.

4
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We model the black-box as a single server multi-
queue where different queues represent different
workloads running on different volumes. Service
rates for different queues are different depending
on the respective workload characteristics.

Let λ be arrival rate of requests and µ be
the service rate of the system for a certain work-
load. Effectively, λ is current IOPS being served
for that workload and µ is the maximum possi-
ble IOPS if the workload is run on the system in
stand-alone mode. In other words, we can con-
sider that no more than µ IOPS of this workload
can be pushed in the black-box because it is be-
ing utilized 100% by this workload. This is the
same as parameter 1/a in Section 4.1. Current
utilization (ρ) of the black box for this workload
is given as

Utlization = ρ =
λ

µ
(5)

In Equation (5), λ = current IOPS and µ =
Maximum IOPS.

Given a system with n different workloads
provisioned, total utilization is

ρ =

n∑
i=1

ρi where ρi =
λi

µi
(6)

Applying this for new workload provision-
ing, if the current utilization for the system
(ρ) and service rate for new workload (µnew)are
known, we have

Maximum IOPS = (1− ρ)× µnew (7)

Maximum IOPS possible for a workload
then essentially depends on how much the stor-
age system is already utilized. For example, if
current utilization is 50% then we can have only
50% of the maximum IOPS that were possible
in stand-alone mode. Equation(7) is agnostic of
the workload type that is running on the storage
system. It only requires service rates for different
workloads, and service rates depend on workload
characteristics. We, therefore, compute service
rates for different workload types and then com-
pute resultant utilization of the storage system.
Once the total utilization is known, the residual
utilization governs the maximum possible IOPS
for a new workload depending on the respective
service rate.

Figure 3: A schematic view of the deployment
architecture for dynamic provisioning system

4.5 Deployment and Workflow

The deployment architecture takes care of
adaptively adjusting service rate estimates by in-
corporating feedback from environment. It has
two modules as shown in Figure 3. One mod-
ule (Reviser) stores the workload characteristics
based service rate tables as the master tables
and a set of active tables. Active tables are de-
rived from running workloads by mining them
in workload parameters. At any point of time,
this module derives the utilization of the stor-
age system viewing it as a black-box and then
predicts the maximum possible IOPS for a work-
load. The other module (Estimator) stores per-
formance metrics measured from the system. Ac-
tive tables are dynamically updated to take care
of factors like aging, configuration change, sys-
tem upgrades etc.

When a system is commissioned, master
performance-tables are created (in-house pilot
run) and populated in the Reviser module.

When workloads start running, perfor-
mance counters are captured and recent snap-
shots of performance counters are populated in
Estimator module. In Estimator module, work-
loads are bucketed in various buckets according
to workload characteristics. Each bucket has
several samples of performance counter measure-
ments. (Workloads may not consist of buckets of
several characteristics and therefore several buck-

5
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ets may be empty.) Once performance counters
are collected over a period of time, Latency vs
OIO curves are estimated for non-empty buck-
ets in Estimator module. From these curves,
the maximum IOPS is estimated for the non-
empty buckets for the running workload. Estima-
tor module sends values of estimated maximum
IOPS for non-empty buckets to Reviser module.
Reviser module then compares estimates with
those in active tables and incrementally modifies
active tables. In summary, dynamic estimates
for new or existing workloads are provided based
on active tables and current black-box utilization
along with knowledge of workload characteristics.

5 Experimental Results

We experimented and validated the effec-
tiveness of proposed provisioning solution for var-
ious workloads on two different enterprise storage
clusters. We used linux client to send IO traffic
to storage servers.

5.1 Workloads

We used a well-cited collection of storage
traces released by Microsoft Research (MSR) in
Cambridge [18, 20] in 2007 for most of our eval-
uation. MSR traces record disk activity (cap-
tured beneath the file-system cache) of 13 servers
with a combined total of 36 volumes for a week.
We worked with 4 MSR workloads, namely,
TPCE, Exchange, Financial, and a web server
(Web). TPCE 3is a On-Line Transaction Pro-
cessing(OLTP) Workload developed by Transac-
tion Processing Performance Council(TPC). Ex-
change workload captures activity of Microsoft
Exchange application. Web workload records ac-
tivity of web servers. Financial transactions are
recoded in Financial workload. Raw traces com-
prise of 10-50 million records and consume just
over 150 − 500 MB in compressed CSV format
each. Figure 4 shows extracted workload charac-
teristics (read/write sizes, read/random percent-
age) for these workloads. We replay these traces
using a trace replayer that runs on a host. It
takes disk number, byte offset, IO size, elapsed
time, timestamp and the type of operation (read
or write) as input parameters and generates re-
spective workloads.

Apart from these real life workloads, we also
used an internal micro-benchmark (derived from

3URL:http://www.tpc.org/tpce/

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 4: Workload characteristics for different
workloads: (a) TPCE IO size (b) TPCE read %
and random % (c) Web IO size (d) Web read %
and random % (e) Exchange IO size (f) Exchange
read % and random % (g) Financial IO size (h)
Financial read % and random %

FIO) named SIO 4 (Simple Input/Output). SIO,
a synthetic tool available from host, takes read%,
random%, IO size, offsets as input custom tun-

4URL: http://web.stanford.edu/group/storage
/netapp/sio ntap/siontap.htm

6
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able parameters to send traffic with desired work-
load characteristics.

As mentioned before, we aimed for an error
margin of less than 20%. For all cases, we sat-
urated the system with workload(s) in question
and observed the maximum. Prediction error was
calculated as below:

Prediction Error% =
OM − PM

OM
× 100 (8)

where OM=Observed Maximum and PM= Pre-
dicted Maximum.

5.2 Maximum IOPS for a Single Work-
load

(a) (b)

(c) (d)

Figure 5: Latency vs OIO (a) TPCE (b)Web (c)
Exchange (d)Financial

As seen from workload characteristics in
Figure 4, workload parameters like read%, ran-
dom% and read/write size do not show much
variation for TPCE and Web workloads. For
these well-behaving workloads, we see linear La-
tency vs OIO behavior as expected (Figure 5).
Error between predicted and observed maximum
reduced as we considered more and more sam-
ple points to finally stabilize at less than 15%, as
seen in Figure 6.

For Exchange and Financial workloads,
workload parameters show large variation (Fig-
ure 4) that causes scattered and wide-spread La-
tency vs OIO behavior as seen from the Figure 5.

However, recalling from Section 4.2 when these
characteristics were further bucketed in various
workloads bins and our technique was applied on
a region by region basis, we found that the error
between the observed and predicted maximum
IOPS was less than 15%.

Dependency of maximum IOPS to workload
characteristics led us into exploring this model-
ing further using SIO custom workload genera-
tor. We observed that the maximum IOPS on
a given storage system is agnostic of the work-
load type (e.g., Exchange, Web, or Financial)
and highly depends on the workload character-
istics for a given system. We used an internal
micro-benchmark SIO to generate combinations
of workload parameters and saturate the system
in each case. We collected the performance coun-
ters to measure the workload characteristics for
each case to do robust regression as per the tech-
nique. Table 1 shows the observed maximum val-
ues for all buckets. We divided read % range in 6
buckets and IO size range in 5 buckets as shown
in Table 1. Table 2 shows predicted maximum
(from Latency-OIO regression) values. As seen
from Table 3, when workloads are characterized
in bins, errors are within acceptable limits. (We
have presented the worst error case in tables 1, 2,
3 i.e. SIO random%=0.) This also proved that a
workload-aware approach works well for perfor-
mance prediction.

5.3 New Workload Provisioning

In this section, we extend the results to give
predictions for workloads without having to de-
ploy them. This is illustrated with Figure 6.

Workload characteristics for TPCE are read
%=80 , random%=100 and IO size = 8k, as seen
from Figure 4, If that particular bin from Table 4
is looked up, we get an estimate of 14877 , which
is within 5% error margin of what we observed
for TPCE when the system was saturated.

We performed with 10% error margin for
web workload as well. As the exact web
characteristics (Read%=90, Random%=100, IO
size=16k) are not available in the table, we av-
erage estimates for two bins. So, the maximum
IOPS estimate from Table 4 is (8603+7123)/2 =
7863. This predicted maximum is within 5% er-
ror margin to the observed maximum when the
workload is actually provisioned (Figure 6(b)).

7
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(a) (b)

Figure 6: Observed and predicted maximum IOPS for (a)TPCE and (b)Web.

Read %
IO size 0% 20% 40% 60% 80% 100%

4k 20656 20096 20325 20658 20679 21367
8k 13931 15354 15341 15045 14684 12698
16k 7155 8794 10608 9833 8476 7123
32k 3593 4479 5804 5715 4398 3583
64k 1802 2258 2867 2820 2228 1804

Table 1: Observed maximum IOPS for different buckets of workload characteristics.

Read %
/IO size 0% 20% 40% 60% 80% 100%

4k 16575 16430 14301 17625 17997 18688
8k 12405 13016 11714 13006 14179 11752
16k 7130 8456 9684 9847 8121 6985
32k 3620 4422 5445 5684 4400 3605
64k 1783 2229 2760 2851 2183 1758

Table 2: Predicted maximum IOPS for different buckets of workload characteristics.

Read %
IO size 0% 20% 40% 60% 80% 100%

4k 13.07 18.46 28.12 11.76 13.58 12.97
8k 11.41 15.23 21.77 12.53 4.70 7.94
16k 0.24 4.61 8.64 1.56 5.60 1.93
32k -0.42 0.85 6.96 1.60 2.46 -0.28
64k 1.17 1.15 4.37 -0.64 3.99 2.74

Table 3: Error % in prediction of the maximum IOPS for different workload characteristics.

Read %
IO size 0% 20% 40% 60% 80% 100%

4k 19068 20150 19896 19975 20825 21473
8k 14002 15355 14974 14869 14877 12765
16k 7147 8864 10600 10003 8603 7123
32k 3605 4460 5852 5776 4511 3595
64k 1805 2255 2886 2833 2274 1808

Table 4: New Workload Provisioning: Master Table (SIO Random% = 100)

8
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Run Details TPCE1 TPCE2 Web1 Web2 SIO Utilization
Service Rate 14k 14k 8k 8k 8k 1

F=TPCE, B=Web 4k 4k 1.2k 1.2k 1.2k 1.02
F=Web, B=TPCE 1k 1k 3k 3k 1k 1.03
F=TPCE+Web 2.3k 2.3k 2.3k 2.3k 0.6k 0.98

Table 5: Multiple Workloads Scenarios(F= Foreground, B=Background)

(a) (b) (c)

Figure 7: Multiple Workloads Scenarios: (a) Foreground=TPCE, Background=Web (b) Fore-
ground=Web,Background=TPCE (c)Foreground=TPCE+Web

Volume WL1 WL2 WL3 WL4 WL5
Service Rate 19975 14869 10003 5776 2833
Current IOPS 3200 1700 800 200 1730 (estimated maximum)

Table 6: Estimated maximum IOPS for a new workload (WL5) in presence of four other workloads.

(a) (b)

Figure 8: Effect of a new workload(WL5) on existing workloads

5.4 Interference of Multiple Workloads

For studying the interference of multiple
workloads based on black-box utilization model,

we created five volumes on the same storage ag-
gregate and used pre-determined (using earlier
techniques) service rates in order to calculate to-

9
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tal system utilization for each of the three sce-
narios as listed in Table 5. F denotes workloads
in the foreground which were increased in inten-
sity continuously and B denotes workloads in the
background that were kept constant in intensity.

In all scenarios, we saturated the system
with foreground workloads. Figure 7 shows how
IOPS changed for all workloads. In Table 5,
we have IOPS in saturated condition for each
of them. The last column denotes total system
utilization calculated according to Equation (6).
As expected, the total utilization number hovers
around 1 because the system was saturated with
foreground workloads.

We then created real life scenario 5 by
deploying four volumes with four different SIO
workloads WL1-WL4. On these volumes, we sent
traffic of constant intensity (IOPS were kept con-
stant). On fifth volume, we started increasing in-
tensity of WL5. Figure 8 shows how IOPS and
latency changed for all 5 workloads. From Ta-
ble 6, service rate row contains values for service
rate as obtained from SIO micro-benchmark ta-
ble. Our aim is to calculate the maximum num-
ber of IOPS possible for WL5 given the current
mix of other workloads WL1-WL4.

According to Equation (6), we can obtain
the current utilization of the black-box using Ta-
ble 6. So, current utilization = 3200/19975 +
1700/14869 + 800/10003 + 200/5776 = 0.39.
Therefore, the predicted maximum IOPS accord-
ing to Equation (7) for WL5 is = (1- 0.39) * 2833
= 1730. This is evident from Figure 8 (a). As
IOPS for WL5 (purple) increased beyond the es-
timated maximum IOPS 1730 (this is approxi-
mately at point around 120 minutes on X-axis),
IOPS for other workloads WL1-WL4 started de-
creasing gradually (10% in 10 minutes) and laten-
cies abruptly shot up (50% in 10 minutes) after
120 minutes mark (Figure 8 (b))

5.5 Feedback Mechanism

File system fragmentation is known to af-
fect the performance of a storage system 6. We
periodically fragmented the file-system in eight
rounds using a synthetic tool. We set fragmen-
tation parameters to most severe levels to sim-
ulate rapid aging of file-system. Each workload
was increased in intensity during each round. We

5As observed from customer systems
6URL:https://en.wikipedia.org/wiki/

File system fragmentation

observed number of IOPS decreasing due to the
effect of fragmentation. We periodically collected
counters and predicted maximum IOPS for each
workload using Equation (4). We then used a
simple lazy update heuristic to update our esti-
mates considering predicted maximum IOPS dur-
ing consecutive iterations. Table 7 shows the
baseline estimates before file-system aging and
observed maximum at the end of eight rounds.
There is a large difference between these num-
bers because of fragmentation. However, closed
loop update mechanism updated estimate is a lot
closer (around 10% error) to observed end maxi-
mum.

6 Summary and Future Work

In this paper, we present a mechanism for
combining a queuing model with machine learn-
ing for dynamic provisioning of storage work-
loads. We estimate the maximum possible IOPS
for a running workload using robust regression
viewing the storage system as a black-box. For
new workloads, we devise a method based on
study of workload characteristics . We account
for interference of existing workloads using the
utilization of the storage server viewing the en-
tire system as a multi-queue-single-server model
where the queues are independent of each other.
We have also developed a feedback mechanism to
adapt estimates for change in factors like config-
uration change and aging etc. In all above cases,
we were able to provide estimates within a rea-
sonable error margin of 15-20%.

The techniques developed as part of this
work are extensible to provide more comprehen-
sive solutions for storage provisioning.

• Optimal Provisioning: Standard optimiza-
tion techniques in literature can be used
to formulate optimization objectives around
performance and utilization. That would
mean we could come up with the best pos-
sible arrangement and redistribution recom-
mendations for workloads in or across stor-
age clusters.

• Service Rate Normalization: For mixed
workload modeling, we have used already
estimated service rates. These can also
be looked up in service rate tables if the
workload characteristics are known. If the
workload characteristics are unknown, ser-
vice rates can be normalized dynamically to
be able to apply the technique for migration.
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Volume Baseline Updated End Prediction Observed End Maximum Error %
WL1 3244 2678 2433 10.07
WL2 2992 1496 1340 11.66
WL3 2793 790 718 10.04
WL4 2373 402 424 4.96
WL5 1766 209 216 2.90

Table 7: Feedback update for file-system fragmentation
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