
Towards Multi-objective Scheduling in Shared Storage
Systems∗

Ajay Gulati Arif Merchant Peter Varman
Department of Computer Science HP labs Department of ECE & CS

Rice University, Houston, TX Palo Alto, CA Rice University, Houston, TX
email:gulati@rice.edu email: arif@hpl.hp.com email:pjv@rice.edu

Abstract

Economies of scale and ease of centralized man-
agement has led to the rapid growth of shared
data centers. Meeting response time deadlines
and throughput requirements of various work-
loads contending for these shared resources is
quite challenging. This paper presents a two-
level scheduling framework to meet response
time guarantees by dynamically reordering the
requests while maintaining the throughput given
to each of the clients. Preliminary results show
that our approach provides performance isola-
tion and is work conserving.

1 Introduction
Consolidated data centers providing terabytes
of storage and hundreds of GB/s of bandwidth
are increasing in popularity, driven by the eco-
nomics of sharing and the advantages of cen-
tralized management. Server farms are often
shared by multiple commercial organizations or
different divisions or departments within an in-
stitution. Such sharing arrangements are of-
ten codified in the form of service level agree-
ments which specify the desired amount of ser-
vice in terms of attributes such as requests/sec,
CPU time, maximum response time per job
etc. Providing quality assurances to multiple
job streams accessing shared resources is of-
ten very challenging. The problem becomes
more challenging if the inputs streams are un-
predictable and varying. Sometimes the work-
loads have very different service requirements
in terms of throughput and response times. For
example, large file transfers require high band-
width but can tolerate high response times as
well, whereas a user interface program needs
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only a small bandwidth but needs a small re-
sponse time.

In this extended abstract, we propose a two-
level scheduling scheme that decouples the
bandwidth and response time requirements, and
meets response time deadlines without affect-
ing the throughput requirements of the flows.
This scheme arbitrates contention for the re-
sources among competing flows while enforc-
ing rate control, and dynamically reorders re-
quests at the second level to control response
times. The scheme also permits spare capacity
to be dynamically allocated among the contend-
ing flows, and is work conserving.

Generalized processor sharing and many of
its variants [1,4,5] have been well studied in the
context of network scheduling, to allocate re-
sources to provide fair or differentiated quality-
of-service. The inverse relationship between
the bandwidth provided to a flow and its re-
sponse time [7, 11] has been used to provide
deadline guarantees by controlling the through-
put. A problem with the approach is that a flow
with higher weight can misbehave and consume
more than its designated share of resources by
sending a burst of requests. Parekh and Gal-
lager [11] have shown bounds on delays using
a leaky bucket based mechanism to control flow
rates, and a variant of GPS (PGPS) to do the
weighted allocation.

The rest of the extended abstract is organized
as follows. In Section 2 we describe the model
and definitions. In Section 3 we present our
components for rate allocation and request re-
ordering to meet response time deadlines. Sec-
tion 4 presents some preliminary evaluation re-
sults. We review related work in section 5 and
end with a discussion of some important issues
in section 6.
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Figure 1: System model

2 System Model
The storage system consists of multiple disks
that can concurrently serve m flows as shown
in Figure 1. Each flow i, 1 ≤ i ≤ m, consists of a
sequence of service requests; its service require-
ments are represented by a tuple Ri = 〈Ti,Di〉,
where Ti is the throughput in terms of service
units per unit time (such as bytes/sec, IOs/sec,
jobs/sec, CPU-cycles/sec etc.) and Di is a bound
on the average response time (measured over a
suitable window) for the requests. To allocate
service units to a flow we assign each flow j
a weight w j that represents the fraction of to-
tal service that it should receive in some win-
dow of time. We choose w j = Tj/∑m

i=1 Ti, so
that if the system has sufficient capacity every
flow can be guaranteed its throughput require-
ment. These weights need to be re-computed if
a new flow is added into the system. We want
to achieve the following goals in the system: (1)
The throughput assigned to each flow is in pro-
portion to its weight (2) Every flow meets its
latency requirements as long its arrival rate is
less than its throughput requirement (3) Spare
capacity should be allocated without negatively
affecting the response times of flows (4) No flow
should be penalized for using spare capacity.

Many previously proposed schemes for con-
trolling response times are based on appropri-
ately choosing the weights, wi, of the flows.
These schemes assign a larger weight to a flow
in order to decrease its response time. For in-
stance, consider two flows f1 and f2 with re-
quirements, R1 = 〈500u/sec,0.1sec〉 and R2
= 〈500u/sec,0.75sec〉 respectively. Here u/sec
denotes the service units per sec. Assume that
the capacity of the system is 1200u/sec which
is more than the cumulative service require-
ment of both flows. Since the throughput re-
quirements of both flows are the same, we have
w1 = w2 = 0.5. Thus the requests from 2 flows
will be scheduled in a 1:1 interleaved fashion.
It is possible that this ordering may cause f1 to
exceed its response time bound, but allow f2 to
meet it. A scheme based on single set of weights
will increase the weight of f1 in order to meet

its latency deadline. Suppose that the weights
w1 = 2/3 and w2 = 1/3 satisfy the bounds on re-
sponse times. This in turn reduces the through-
put allocated to f2 to 400 u/sec which is less
than its requirement of 500u/sec. In this case
f2 will only get its desired throughput if f1 is
well-behaved and leaves sufficient spare capac-
ity for f2. Should however f1 make requests at
800u/sec, it will be granted that much at the ex-
pense of f2. To avoid degradation of f2’s ser-
vice, the throughput provided to f1 needs to
be controlled in some way, while allowing it
higher priority to satisfy its response time re-
quirement. The problem is aggravated in dy-
namic situations where requests have resource
constraints, and service times and arrival rate
are unpredictable. Thus a static assignment of
weights and scheduling policy is unlikely to be
totally satisfactory.

In this paper we propose a two-level schedul-
ing scheme to meet the dual constraints on
throughput and service time. The first level al-
locates service to flows in proportion to their
throughput requirements, while the second level
reorders requests to meet response-time dead-
lines. Thus the throughput requirement deter-
mines the weight of a flow, and timing dead-
lines decide the order in which requests are ac-
tually scheduled from the second level. Spare
system capacity is shared by all the backlogged
flows in proportion to their weights, to achieve
work conservation. A related 2-level approach
has been proposed recently by Zhang et al. [15],
but their main focus is on controlling the length
of the storage system queue. Also [15] consid-
ers the storage system as a black-box whereas
we consider resource conflicts explicitly.

3 Scheduling Algorithms
There are two sets of queues associated with the
system. First, there are a set of flow queues, one
for each flow. The flow queues buffer incoming
requests before they are promoted to the sched-
uler queue. Requests in the scheduler queue are
ordered by the priority with which they will be
dispatched to the server. Although the scheduler
queue can be implemented by appropriate order-
ing and linking of requests in the flow queues,
for conceptual clarity we will consider it to be
a separate object as shown. Requests are fi-
nally dispatched to the storage system from the
scheduler queue. Whenever a disk becomes free
the next request for that disk from the scheduler
queue is dispatched to the it.
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The first-level scheduler uses weights wi to
gate requests to the scheduler queue. This is
done by the LexAS [6] algorithm which selects
requests in proportion to the weights assigned
to each of the flows, while distributing them as
evenly as possible among the disks. LexAS can
be tuned to provide both short and long term
weighted allocation. These are called FWS and
DUaL policies in [6]. We exploit this flexibility
to meet goals 3 and 4 (allocation of spare capac-
ity and not penalizing a flow for using it). Once
the requests are selected and put into the sched-
uler queue, our second algorithm ARR (Adap-
tive Request Reordering) reorders these requests
to meet timing deadlines for the flows. ARR as-
signs a dynamically adjustable parameter δi to
flow i; the larger the value of δi the greater the
share of server resources allocated to that flow,
and the lower its response time. Now we will
discuss rate control using the LexAS and ARR
algorithms in detail.

3.1 LexAS : Rate Control

LexAS does scheduling in rounds. In each
round it considers the set of requests pending
in the flow queues and finds a one to many map-
ping between flows to disks such that the num-
ber of IOs allocated to a flow is proportional
to its weight. LexAS maintains a normalized
cumulative allocation vector N (t), consist-
ing of weight-scaled values of the number of
requests serviced for a flow. That is, N (t) =
[η1,η2, · · ·ηm], where ηi = Bi/wi, i = 1, · · · ,m
and Bi is the number of requests allocated to ith

flow. At every scheduling step k, it considers
the current vector N (k) and finds an allocation
that is work conserving and results in the lexico-
graphically smallest vector N (k + 1) possible,
subject to disk contention. This in turn leads to
a weighted allocation of number of IOs to flows.

In a dynamic situation flows exhibit bursty
behavior where the arrival rate of a flow exceeds
the designated throughput in some intervals and
idles during others. There are two main issues
that arise during the first-level allocation.

(1) Spare Capacity Allocation: If a flow
sends more requests than its designated allo-
cation and the system has spare capacity, then
those requests should not necessarily be stopped
by the rate control mechanism. However, re-
leasing those requests blindly might cause other
flows to miss their deadline as these extra
requests will occupy spaces in the scheduler
queue. To avoid this, LexAS caps the amount

by which it allows any flow to exceed its desig-
nated share. In a round, only those flows whose
allocation ηi is below a threshold are candidates
for promotion to the scheduler queue, unless
the scheduler queue length falls below a certain
length designated as ARRmin. The threshold,
Tmax, is the largest possible allocation so that
the cumulative deficit (the sum over all flows
j of the positive difference between the thresh-
old and η j , ∑∀ j Tmax −η j , if Tmax ≥ η j) is below
a designated parameter LexASmax. This mecah-
nism allows a flow to use spare capacity but it
must wait in the flow queue until most of the
legitimate requests are first serviced. This pre-
vents the excess requests from delaying other
flows in the scheduler queue, while still permit-
ting them to utilize the spare capacity.

(2) Not Penalizing Flows for using spare
capacity: A flow’s allocation can get ahead of
other flows due to two reasons; either because
it sends extra requests and utilizes the spare ca-
pacity, or other requests send fewer than the des-
ignated number of requests. The rate control
mechanism should ensure that a flow is not pe-
nalized in the future in either case. To avoid
this, we artificially increase the allocation of all
lagging active flows to a minimum threshold at
the start of a round. The threshold, Tmin, is set to
the lowest value so that the cumulative deficit (
∑∀ j ηmax - max(Tmin,η j), where ηmax is the max-
imum allocation) is no more than a maximum
amount designated by by LexASmin.

Both the schemes compute the threshold val-
ues (Tmax,Tmin) based on the average allocation
values for all the flows. We assume a sched-
uler queue of finite length L. Thus LexAS will
schedule requests from active flows as long as
the number of pending requests is less than L.
Thus at any time the number of requests ob-
served by a newly activated flow is bounded.

3.2 Adaptive Request Reordering

In this section we will present our reordering
algorithm ARR that actually re-orders the re-
quests in the scheduling queue so as to meet
timing deadlines. The algorithm maintains an
allocation vector A = [a1,a2, · · · ,an], where ai
corresponds to the number of requests serviced
for ith flow. Each flow is assigned a parameter
δi to control the response time experienced by
the flow; a higher δi signifies a smaller response
time. The response times of flows are moni-
tored by the system, and the δi’s are adaptively
changed to meet the deadlines. Whenever a disk
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Figure 2: Schedules with different gain values

di is idle, a new request is chosen from the flow
j having at least one request for di, and with
minimum value of (a j + 1)/δi. Thus the lower
the value of (a j + 1)/δi, the higher the priority
of the flow. Components of A are reset to zero
periodically or whenever δ values are changed.

We use the following strategy to set δi values.
Let the gain vector G = [g1, g2, · · · , gm], where
each gi is a parameter associated with flow i and
is initialized to some value κ . The scheduling
parameter for flow i, δi = gi/∑∀ j g j . ARR treats
δi as the internal weight of flow i. After every
few rounds, the system checks the average re-
sponse time experienced by a flow to see if it
is greater or smaller than its bound. For any
flow f whose deadline is missed, g f is incre-
mented to g f + γ , where γ is a tunable parame-
ter. This will give preference to this flow in the
scheduling queue without affecting the through-
put of the flows. Changing δi changes the inter-
leaving of the requests in the scheduler queue,
with flows with higher δ having a larger frac-
tion of slots at the front of the queue. For two
flows it is easy to see that with this choice of
adaptive function, the values of gains will sta-
bilize, if the system can actually support timing
deadlines for both flows. Let d1 and d2 denote
the minimum values of δ1 and δ2 necessary for
flows 1 and 2 respectively to meet their dead-
lines. The triangular region of the δ1 − δ2 plane
bounded by δ1 ≥ d1, δ2 ≥ d2, and δ1 + δ2 = 1
defines the feasible range of δ values necessary
to simultaneously meet both deadlines. The sys-
tem state will move along the line δ1 +δ2 = 1 in
steps of monotonically decreasing size till it lies
within the feasible area. The general case will
be considered in the full paper. If it is not pos-
sible to simultaneously meet all response time
deadlines at the allocated throughput, then one
or more flows will continuously miss their dead-
line. This condition should be monitored and
reported to admission control.

Consider an example with two flows f1 and
f2, where each one has equal throughput re-
quirements, but f1 has a much more stringent
timing deadline. Initially the gain values will

(1) ARR algorithm:
(2) Let Gain vector G = [g1, · · · ,gm], such that

all components are equal
(3) Periodically for each flow k
(4) if(deadline not met)
(5) gk = gk + γ
(6) Allocation vector, A=[a1, · · · ,am],

such that all components are zero
(7) for all flows, δ j = g j/∑∀i gi
(8) Issue requests as follows:
(9) for any idle disk dk
(10) Issue next request from flow i

having minimum value for (ai + 1)/δi
(11) ai = ai +1;

Figure 3: ARR algorithm

be same for each of them and the scheduler will
order the requests in alternate order as shown
in figure 2(a). But as f1 misses its deadline,
its gain value will be increased and that might
cause δ1 = 0.8 and δ2 = 0.2. In that case the
scheduling order would be as shown in fig-
ure 2(b) and this particular order might satisfy
timing deadlines for both the flows. The details
of the algorithm ARR (adaptive request reorder-
ing) are presented in Figure 3.

4 EVALUATION
We evaluated our algorithms using a simula-
tion framework. We simulate N storage servers,
where each server can service requests at a max-
imum rate R. This rate R is inversely propor-
tional to the mean service times assigned to re-
quests. The service times are assigned using
a uniform distribution between tmin and tmax,
where tmin is the time taken to fetch the next
block on the same track and tmax is the sum of
maximum seek and rotational delay. Thus the
overall system throughput can vary between R
to NR depending on how balanced the distri-
bution of workload is across the disks. We ig-
nore low level disk scheduling for this simula-
tion. We experimented with two different input
arrival patterns: Poisson and bursty. To simu-
late bursty workloads, a time instant in every in-
terval of 1 sec was randomly chosen. Requests
times are chosen from a low-variance Gaussian
distribution centered at this reference instant.

We experimented with 3 flows with
requirements 〈200 reqs/sec,0.03 sec〉,
〈300 reqs/sec,0.05 sec〉, 〈400 reqs/sec,0.1sec〉
respectively. The system capacity is around
1300 reqs/sec (N=8, tmin = 0.013msec,
tmax = 12.1msec) if all disks are accessed with
equal probability. The other parameters are
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as follows: LexASmin = 100,LexASmax = 50,
ARRmin = 20, and L is set to half of cumulative
arrival rate. These parameters are selected
such that small variation in arrival rate due to
Poisson arrivals is absorbed, but the effect of
the large variation due to an ill behaved flow is
apparent.

4.1 Underloaded system
First we show that we can meet both through-
put and latency requirements for an underloaded
system. Figure 4 and 5 show the throughput
and response times obtained by the three flows
when the system has sufficient excess capacity.
All flows receive their required throughput and
meet or better their response time requirements.
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Figure 5: Response time - Underloaded system

4.2 Overloaded system
Next we experimented with a system that is
overloaded to different extents. We experi-
mented with two situations in the case. One
is when the system can meet the throughput re-
quirements but not the response time deadlines.
In this case each flow would simply observe a
higher but bounded response time. In the second
scenario, the total arrival rate is higher than the

system capacity and the latency will keep on in-
creasing. Figures 6 and 7 show the throughput
and response times obtained by various flows
when they all send more than the expected num-
ber of requests. The actual rate of sending re-
quests is 250, 400 and 600 for flows 1, 2 and 3
respectively. Please note that the throughput at-
tained by each of the flows closely matches their
arrival rate due to the work conserving property
of our algorithms, but the latency deadlines are
missed (though still bounded) by all of them.
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Figure 6: Throughput - Overloaded system
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Figure 7: Response time - Overloaded system

Next we experimented with a scenario where
the total arrival rate exceeds the system capacity.
In this case, throughput requirement is set to 300
req/sec for all flows but they send 450 each in-
stead. Figures 8 and 9 show the throughput and
response times obtained by various flows when
they all send more than the expected number of
requests. Please note that system is fully uti-
lized but the response times keep on increasing
due to queue build up at the input.

4.3 Badly-Behaved Flows
In this section we will discuss some experiments
consisting of a mixture of well and ill behaved
flows. We first consider the situation where
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one flow sends more requests than its desig-
nated throughput requirement. Figure 10 shows
the throughput achieved by our scheme, when
flow 2 misbehaves and has an arrival rate of 550
reqs/sec instead of 300 reqs/sec. Please note
that other flows still get their desired through-
put and flow 2 utilizes the spare capacity in
the system. Figure 11 shows the response time
achieved by the 3 flows. Well-behaved flows 1
and 3 stay within their specifications, while flow
2 misses its deadline. This is because LexAS
holds the excess requests for flow 2 in the flow
queues till the requests from other flows have
been serviced. Flow 2 increases its value of δ2
in an attempt to decrease its response time. This
causes the response time of flows 1 and 3 to
increase. However, as soon as they miss their
deadline, they prevent flow 2 from increasing δ2
further, and the system stabilizes.

We then experimented with a bursty arrival
pattern. In this case flow 1 has a bursty ar-
rival pattern starting from 25 seconds onwards.
Figure 12 shows the average response time ob-
served by them. We observed that the through-
put is unaffected by the behavior and the re-
sponse time of flow 1 increase because of bursti-
ness. Similar to the previous case, the response
time of other flows also gets a little higher
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Figure 10: Throughput - Flow 2 misbehaves
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Figure 11: Response time - Flow 2 misbehaves

but remain within their specifications. We also
experimented with an ON-OFF arrival pattern,
where one flow is periodically ON and OFF and
it sends requests at a higher rate during the inter-
val it is ON. Figure 13 and 14 show the through-
put and response times observed when flow 2
is periodically ON and OFF for 5 sec intervals.
The deadlines are set to 0.03, 0.05 and 0.05 sec
for flows 1, 2 and 3 respectively. The arrival rate
is double (600 req/sec) during the ON intervals.
Please note that the response times of flows 1
and 3 increase and oscillate around their dead-
lines whereas flow 2 misses its deadline due to
the ON-OFF behavior.
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Figure 12: Response time - Flow 1 is bursty
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Finally we consider the effect of using a non-
adaptive scheduling strategy like Earliest Dead-
line First in place of ARR. For simplicity we
consider a single server for this case. Fig 15
shows the response times obtained using EDF
when one of the flows misbehaves and sends in
more than its designated share of the requests.
The extra requests will get higher priority in the
EDF queue and delay requests from the well-
behaved flows. In contrast, ARR insulates the
other flows from the ill behaved flow as shown
in Figure 16. Dynamic adaptation allows the ex-
cess capacity to be utilized without degrading
the response time of well-behaved clients.
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 0

 0.2

 0.4

 0.6

 0.8

 1

 1.2

 1.4

 1.6

 1.8

 2

 0  10  20  30  40  50  60  70  80  90  100

A
vg

 R
es

po
ns

e 
tim

e

Time 

Flow 1(0.02 s)
Flow 2(0.05 s)
Flow 3(0.10 s)

Figure 16: Response time obtained by ARR

5 Related work
A lot of research has been done in networking
for weighted assignment of bandwidth [1, 4, 5].
Most of these schemes try to approximate the
idealized Generalized Processor Sharing (GPS)
strategy [5] to trade off computational speed and
fairness in the context of high-speed routers.
These schemes do not address response time
requirements explicitly, but instead guarantee
a certain bandwidth within any time window.
Parekh and Gallager [11, 12] proved the bounds
on response time observed by a flow using a
leaky bucket input model and PGPS, which is
another approximation to the processor-sharing
algorithm. Their schemes can be used in static
scenarios where the parameters of the leaky
bucket and weight assignment are known a pri-
ori. In contrast our scheme tries to dynami-
cally adapt to the variation in the input flows,
and exploit any unused capacity at a fine time
granularity. For storage systems, Facade [10],
SLEDS [3], Stonehenge [7], Interposed Pro-
portional Scheduling [8], Triage [9] and Lexi-
cographic Scheduling [6] provide schemes for
bandwidth allocation. Response time manage-
ment when addressed, is done by monitoring
queue lengths or adjusting the weight. As noted
earlier, having only a single control point for
both bandwidth and response time is insufficient
to deal with ill-behaved flows.

Recently another 2-level scheduling frame-
work similar to ours has been proposed by
Zhang et al. [15], which does rate control based
on a credit based scheme at first level and
uses EDF scheduling at the second level. Our
scheme differs in two aspects: first Zhang et
al. [15] consider the storage system as a single
shared resource, whereas we consider multiple
resources and conflicts among the requests dur-
ing rate control. Secondly, they [15] use EDF

7



and storage system queue manipulation to bal-
ance throughput and latency bounds, whereas
we use ARR to reorder requests before sending
them to the storage system. As noted earlier, a
static scheme such as EDF at the second level
may allow a flow with large number of pending
requests to occupy the front of the EDF queue,
causing other flows to miss their deadlines as
well. In our scheme one badly behaving flow
cannot cause the response time of other flows to
go beyond their deadline if the system is capable
of supporting them.

Several schemes for real-time scheduling of
disks for multimedia streaming have been pro-
posed (e.g. [2, 13, 14]), in the context of more
predictable workloads than the situation consid-
ered in this paper.

6 Conclusions and Discussion
We presented a two-level scheduling framework
to obtain both proportional throughput and la-
tency deadlines for well behaved flows in a stor-
age system. Preliminary evaluation shows that
our approach performs well in terms of isolat-
ing flows and utilizing the system. We believe
that our approach raises some interesting re-
search challenges on achieving robust rate con-
trol and dynamically adapting to meet response
time deadlines. Some of the parameters that af-
fect our scheduling framework are as follows:
(1)Adaptive weight assignment function: On
missing a deadline we change the δi by incre-
menting the value of gi. It might be interesting
to see what other functions can be used. Can we
multiply gi by a constant ( > 1)? Which func-
tion will provide least oscillations? Can it be
shown which functions always converge if there
is a possible assignment, and which provide the
fastest convergence rate?
(2)Rate control using LexAS: How do we
choose LexASmin and LexASmax? Can they be
made adaptive based on the latency deadlines.
(3)Low level disk scheduling: What effect
would lower level disk scheduling have on re-
sponse time guarantees?
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