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Abstract — A feature exhibited by many modern computing
systems is their ability to improve the quality of output they gener-
ate for a given input by spending more computing resources on pro-
cessing it. Often this improvement comes at the price of degraded
performance in the form of reduced throughput or increased re-
sponse time. We formulate QDSL, a class of constrained optimiza-
tion problems defined in the context of a queueing server equipped
with multiple levels of service. Solutions to QDSL provide rules for
dynamically varying the service level to achieve desired trade-offs
between output quality and performance. Our approach involves
reducing restricted versions of such systems to Markov Decision
Processes. We find two variants of such systems worth studying:
(i) VarSL, in which a single request may be serviced using a com-
bination of multiple levels during its lifetime and (ii) FixSL, in
which the service level may not change during the lifetime of a
request. Our modeling indicates that optimal service level selec-
tion policies in these systems correspond to very simple rules that
can be implemented very efficiently in realistic, online systems.
We find our policies to be useful in two response-time-sensitive
real-world systems: (i) qSecStore, an iSCSI-based secure stor-
age system that has access to multiple encryption functions, and
(ii) qPowServer, a server with DVFS-capable processor. As a
representative result, in an instance of qSecStore serving disk
requests derived from the well-regarded TPC-H traces, we are able
to improve the fraction of requests using more reliable encryption
functions by 40-60%, while meeting performance targets. In a sim-
ulation of qPowServer employing realistic DVFS parameters,
we are able to improve response times significantly while only vi-
olating specified server-wide power budgets by less than 5W.
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1. INTRODUCTION AND MOTIVATION

1.1 Motivation
Many computing systems can improve the quality of output they

generate for a given input by expending more computational re-
sources on it. That is, for the same input, they can operate at mul-
tiple service levels, each with a different computational require-
ment and providing a different output quality. We will use the term
Goodness of Service (GoS) as a measure of the output quality pro-
vided by a service level. Trade-offs between GoS and performance
may be seen in a variety of domains. For example, certain sensor
devices can reduce the amount of data they need to transmit by run-
ning a more time-consuming compression algorithm [33]. Produc-
ing a higher quality solution (i.e., better compression, which results
in lower communication costs) comes at the price of introducing
higher delays (due to solving the more complex compression al-
gorithm) before the data may be transmitted. Similarly, a system
encrypting data items before storing them on a hard disk drive may
be able to choose from a variety of encryption algorithms, each
with a different computational requirement and offering a different
“degree of security” [30, 41]. As a final example, a Web server
running on a machine with Dynamic Voltage/Frequency Scaling
(DVFS) capable CPUs may be able to trade-off power for response
time of HTTP requests (performance) [38, 26].

These trade-offs introduce at least two fundamental challenges
in the design and operation of such systems. The first challenge
concerns the need for precise and quantifiable characterizations of
these trade-offs. As an example, how much degradation in response

time would a Web server running on a DVFS-capable machine be

willing to tolerate to save power? Assuming the existence of a
precise specification, the second challenge concerns the design of
policies for scheduling and service-level selection to ensure that the
system operates in desirable regimes. The service level selection
policy of a system dictates how the service level at which it operates
evolves with time. As an example, how can a Web server running

on a DVFS-capable machine minimize power consumption while

providing a guaranteed upper bound on average response time?.
In systems with differential service levels, the problems of schedul-

ing and service-level selection are complementary and intimately
tied with one another. In this research, we assume the underlying
scheduling policy to be fixed and study the problem of dynamically
varying the service levels the system has to offer.



1.2 Research Contributions
Our research makes a number of contributions. First, we for-

mulate a class of problems, QDSL, that capture trade-offs between
GoS and performance found in a variety of computing domains.
Specifically, we consider systems that can be represented as servers
processing requests issued by clients and capable of operating at
multiple service levels. The server is assumed to be equipped with
multiple service levels and the switching mechanisms Intuitively,
a higher service level improves GoS but results in a slower re-
sponse by requiring more computation. These trade-offs are cap-
tured via constrained optimization problems in which one of GoS
and response time forms the optimization criterion whereas the
other presents the constraints.

Second, we classify such systems into two categories that corre-
spond to two different kinds of server operation: (i) VarSL, sys-
tems in which the service level used to process a request may be
varied during its lifetime, and (ii) FixSL, systems in which the se-
mantics of request processing do not allow such variations of ser-
vice level. Under certain restrictions on the input, we derive reduc-
tions of VarSL and FixSL to MDPs and utilize well-established
average reward maximization algorithms known for MPDs to de-
rive optimal service-level selection policies. As a consequence of
these reductions, our service level selection policies have the inter-
esting property of being 1-stationary. Roughly speaking, our poli-
cies base their decision of selecting service levels solely and deter-

ministically on the number of requests in the system (except for one
value of the number of requests for which they decide probabilisti-
cally.) As a result, our policies are efficiently implementable in on-
line systems. Furthermore, they are easily integrated with schedul-
ing policies found in most real-world systems with multiple service
levels.

Finally, we evaluate the utility of this research in the operation
of two real-world systems that offer multiple levels of service. We
use FixSL to model our first application domain, qSecStore.
This is a iSCSI-based storage system that has access to multiple
functions for encrypting disk requests. These encryption functions
have varying degrees of computational requirements and desirabil-
ity w.r.t security guarantees. The second domain considered in our
study is qPowServer a DVFS-capable machine running the Web-
based ECommerce benchmark TPC-W. We wish to dynamically
vary the DVFS states to minimize average client response time
while staying within specified server-wide power budgets. Our
evaluation provides us insights into operating regimes where the
policies provided by our modeling are useful in these systems. As
a representative result, in an instance of qSecStore serving disk
requests derived from the well-regarded TPC-H traces, we are able
to improve the fraction of requests using more reliable encryption
functions by up to 40-60%, while meeting performance targets. In
a simulation of qPowServer employing realistic DVFS parame-
ters, we are able to improve response times significantly while in-
troducing minor violations of specified server-wide power budgets
(less than 5W).

1.3 Roadmap
The rest of this paper is organized as follows. In Section 2,

we formalize the service level selection problem and present a re-
stricted version of this problem called rQDSL. In Section 3, we
present optimal selection policies for two key variants of rQDSL.
In Section 4, we empirically evaluate the suitability of these poli-
cies in two different domains. We discuss related work in Section 5
and present concluding remarks in Section 6.

2. QDSL: MODELING SYSTEMS WITH

DIFFERENTIAL SERVICE LEVELS
A useful classification of systems with multiple service levels is

based on the temporal granularity at which they permit these ser-
vice levels to be changed. Certain systems require that the service
level associated with a request be fixed during its processing. The
level chosen, when the request starts receiving service, may not be
changed during its lifetime. An example of such a system is our
qSecStore system. All the data bits within a single storage re-
quest should be cryptographically encoded using only one type of
algorithm. We call such systems, where the service level for a re-
quest is fixed at its initiation, as Fixed Service-level or FixSL.

In other systems, service level may be changed at any time, in-
dependent of the scheduling events. qPowServer is an exam-
ple of such a system. DVFS states in a qPowServer system
may be changed at any time without affecting the correctness of
the processing of workloads running on the server. Whereas ser-
vice level in qSecStore is tied with each request in terms of
the gaurantee provided to it by using a certain crypto function, in
qPowServer, a service level is a DVFS state and is semantically
tied with the server/CPU which can instantenously switch amongst
different power states. As a result, a single CPU task (request) can
experience multiple service levels during its lifetime. We refer to
these systems as Variable Service-level or VarSL.

In this section, we formulate the QDSL problem. We then con-
sider a restricted version of this problem called rQDSL that we find
amenable to theoretical investigation. Finally, we discuss the im-
plications of these restrictions on the applicability of QDSL.

2.1 Basic Queuing Model
We model the system of interest as a single queuing server. The

server is capable of operating at K different service levels chosen
from the set L = {l1, . . . , lK}. We denote by the random variable
si (1 ≤ i ≤ K) the service time of a request when the server
operates at service level li. Let s̄i denote the average of si. We
assume the average service times for the service levels l1, . . . , lK
to be monotonically increasing, i.e., 0 < s̄1 < . . . < s̄K .

We wish to model systems with the following characteristic: by
doing more “work” on a request (that is, spending more time pro-
cessing a request), the server improves the GoS for the request. As
an example, a server may be able to provide an improved secu-
rity guarantee (GoS) to a data item by applying a more compute-
intensive encryption algorithm to it. Toward this end, we make the
service levels l1, . . . , lK correspond to monotonically improving
GoS. We achieve this by assuming that the processing of requests
generates revenue in the following manner. We assume the exis-
tence of a revenue function $ : L → ℜ+ such that a request pro-
cessed at service level li generates revenue at the rate $(li). Addi-
tionally, we assume that ∀i, j : i < j ⇔ $(li) < $(lj). Intuitively,
processing a request at a higher service level generates higher rev-
enue (which captures the improved GoS for the request) and re-
quires more processing at the server (which captures the higher
amount of work done by the system in processing the request.)

Our server employs a service-level-selection algorithm that com-
plements its scheduling algorithm in the following manner. It parti-
tions the duration between any successive invocations of the schedul-
ing algorithm (that is, any contiguous duration for which a request
is processed by our server), into non-overlapping and adjacent time
intervals, in each of which, one service level is employed. Note that
FixSL systems allow service level changes only at scheduling in-
stants. Figure 1 illustrates the operation of a service-level-selection
algorithm and its relationship with invocations of the scheduling
algorithm for VarSL and FixSL, respectively.



Figure 1: Illustration of the difference in service-level selection

between the VarSL and FixSL systems. In VarSL, the service

level can be changed at any time, including during the process-

ing of a request. In FixSL, a fixed service level is associated

with each request and is not changed throughout the request’s

processing lifetime.

We are interested in exploring the trade-offs between two quan-
tities: (i) average response time per request and (ii) revenue gen-
erated by the server per unit time. QDSL is a set of service-level-
selection problems that require us to optimize one of these quanti-
ties while satisfying some constraint on the other.It can be shown
that QDSL is NP-hard. Finding an optimal solution to QDSL is,
therefore, unlikely to be tractable even in the presence of complete
information about the arrival times and service requirements of the
requests. Instead, we focus on developing stochastically optimal
solutions.

2.2 rQDSL: A Restricted QDSL Problem
We impose certain restrictions on the general QDSL problem and

study the resulting problem, rQDSL, theoretically. These restric-
tions concern the nature of the requests and the scope of the opti-
mization problems we wish to solve. In Section 4, we attempt to
empirically study the implications of some of these restrictions.

Workload characteristics and scheduling policies. Re-
quests are assumed to arrive according to a Poisson process with
rate λ. The service time variable si (1 ≤ i ≤ K) (defined in Sec-
tion 2.1) is assumed to follow an exponential distribution with mean
s̄i. We denote the corresponding service rates by µ1, . . . , µK , (µi =
1

si

). In addition we assume that the scheduling policy is FIFO (re-
quests are serviced in their arrival order).

Optimization criteria. Let R̄ denote the average response time
per request and $̄ denote the revenue generated by the server per
unit time. We are interested in the following two formulations. Our
evaluation in Section 4 uses both these formulations.

Response Time Minimization: Minimize R̄ s.t. $̄ ≥ $min,
where $min is a specified lower bound on revenue generated per
unit time.

Revenue Maximization: Maximize $̄ s.t. R̄ ≤ Rmax, where
Rmax is a specified upper bound on average response time.

We only concern ourselves with operating regimes where these
constraints are realizable. In Section 4, we evaluate these problem
formulations with easy-to-derive revenue or response time bounds.
Determining tight bounds on the revenue or response is orthogonal
to our work.

2.3 Discussion on rQDSL
Since the motivation for this work stems from the two real-world

systems problems qSecStore and qPowServer, we are partic-
ularly interested in understanding the implications of various sim-
plifying assumptions made in rQDSL. Three key assumptions in
our model are related to (i) the nature of the arrival process, (ii)
service time distribution, and (iii) the scheduling policy. As we
will discuss in Section 4, well-regarded workloads in both these
domains are known to deviate from Poisson arrivals and exponen-
tial service times. We attempt to systematically study the impact
of these deviations on the utility of our model in these systems.
Our assumptions about the scheduling policy appear to be less re-
moved from reality than (i) and (ii) when modeling qSecStore.
We will find in Section 4.1 (Table 1), that the encryption times for
the individual disk requests are in the order of tens or hundreds
of microseconds, meaning these requests would are unlikely to be
pre-empted by the underlying CPU scheduler. As a result, their
scheduling is well-captured by our assumption of FIFO policy.

Reductions to MDPs. Since problems captured by QDSL arise
in many domains (recall examples from Section 1.1), a variety of
proposals for addressing them exist. A feature common to sev-
eral of these approaches is to impose restrictions on the nature of
request arrivals and their service demands to allow analytical solu-
tions. Problems of the same form as VarSL have been addressed
in the Operations Research literature [18] by restricting the arrival
process to be Poisson and service times to follow exponential distri-
butions. Under these assumptions, VarSL-like problems are easily
reduced to Markov Decision Processes (MDPs.) Well-established
algorithms for reward maximization in MDPs are then employed
to derive stochastically optimal solutions for these problems. We
build upon this research in Section 3. Whereas we are able to easily
adapt this existing work to VarSL systems, developing a solution
for FixSL systems is less straightforward. We develop a reduc-
tion of FixSL to a semi-MDP. This reduction yields us the desired
optimal algorithm for FixSL. We consider this reduction to be a
key contribution of our work. Our other significant contribution is
an empirical evaluation of the utility of our techniques for solving
VarSL and FixSL in two real-world systems (Section 4.)

Quick background on MDPs. A Markov Decision Process
consists of the following components: (i) the state space S , (ii)
the decision space D, (iii) a transition function f associated with
each (state, decision) pair - f(S, D) describes the the probability
of transitioning to the next state S′ ∈ S from state S upon making
the decision D, and (iv) a reward function w associated with each
(state, decision) pair - w(S, D) describes the rate at which the MDP
accumulates reward till the next change in state/decision. MDPs are
accompanied with an optimization criterion based on the rewards.
Algorithms for determining a stochastically optimal behavior of the
MDP with respect to this criterion are well-known [34]. We survey
other relevant literature in Section 5.

3. AN OPTIMAL MDP-BASED

ALGORITHM FOR RQDSL
We reduce rQDSL to a continuous-time MDP. We find that VarSL

systems lend themselves to reductions to MDPs that are structurally
different from those for FixSL systems. We consider these two
reductions in turn and point out their similarities and differences.
We then employ existing research on MDPs to develop an optimal
algorithm for rQDSL. Finally, we present our thoughts on the lim-
itations of rQDSL as well as our expectations about its utility.



Figure 2: Continuous-time Markov Decision Process for a

VarSL system with two service levels. The transition edges in

thick lines correspond to decision of service rate µ1 and the

transition edges in dotted lines correspond to service rate µ2.

3.1 Reduction for VarSL Systems
We represent a VarSL server as a continuous-time MDP. This

reduction is adopted from existing research [8, 18], hence we present
it briefly.

States and decision sets. The states of our continuous-time
MDP correspond to the number of requests in the system. We de-
note these states as {0, 1, 2, . . .}. Associated with each state of our
MDP is a finite set of decisions. The decision to be made in a state
concerns the choice of the service level to be picked for the request
currently being processed by the server. The feasible decision set
for any state is L = {l1, . . . , lK}.

Transitions between states of the MDP. Transitions occur
between states due to an arrival or a departure of a request to/from
the queuing system. Figure 2 shows a representation of our MDP
when the set of available service levels is {l1, l2}. The solid tran-
sition edge from a state corresponds to the decision of picking the
service level l1 which has a processing rate µ1; the dotted edge
corresponds to the decision of picking service level l2 which has a
processing rate µ2. For every decision made, the value on top of
each transitional edge is the rate of transition to the next state.

We refer the reader to existing research for detailed proof of
the correctness of this reduction [40, 34]. Briefly, the assumptions
of Poisson arrival process and exponential service times allow the
above reduction. The memory-less property of transitions between
MDP states is satisfied by the above two assumptions on arrival and
service time distributions. At any time instant t, if the (state, deci-
sion) pair is (S(t), D(t)) (S(t) > 0), the set of subsequent states
{S(t) − 1, S(t) + 1} depends only on S(t). Furthermore, the in-
finitesimal rate of transitioning into the next state is dependent only
on the current decision. VarSL allows any feasible decision to be
made (i.e., service level to be changed) at any time instant.

Reward functions. The only aspect of our MDP that remains to
be specified are the rewards associated with each (state, decision)
pair. Our proposals for choosing these reward functions in VarSL
and FixSL systems are essentially similar, so we describe them
together in Section 3.3.

3.2 Reduction for FixSL Systems
Next, we represent the FixSL service level selection variant of

the rQDSL as a semi-MDP. As we will show, this requires a signif-
icantly different reduction from the one developed above.

Obstacles in reducing to a regular MDP. To appreciate
the difficulty in designing a reduction for a FixSL system, con-
sider the following differences from a VarSL system. In a VarSL
system, the service level selection algorithm was allowed to choose

from the entire set of of possible decisions (i.e., any possible ser-
vice level) at any time. In a FixSL system, however, changes to
service level may only be made when a new request starts process-
ing. In any work-conserving, non-preemptive server, these decision
instants correspond to times when requests depart the system. At
any other time instant when a request is being processed, the ser-
vice level chosen for this request cannot be changed.

Based on the above discussion, we would like to capture the fol-
lowing: changes to the service level occur only at the discrete time
instants that correspond to departures of requests. A semi-Markov
decision process is an abstraction similar to an MDP, that allows
decisions to be made at discrete time instants, namely, only at state
transition epochs [19]. That is, decisions are made in a state only
at the instant of entry into the state. We would like to exploit this
characteristic of semi-MDPs to develop a reduction for FixSL sys-
tems.

Given that a semi-MDP allows decisions at state entry instants,
while in rQDSL, we would like decisions only at request departure

instants, we create two classes of states in our semi-MDP. Tran-
sitions to the first class of states capture departure events in the
FixSL system. These transitions are accompanied with all pos-
sible decisions representing changes to service levels. Our second
class of states captures all other events (request arrival or departure)
in the FixSL system, where we do not allow any new decisions.

States and decision sets. We now describe our semi-MDP
construction in detail. Each state of the semi-MDP belongs to one
of two classes. The first class of states captures situations when the
queuing system’s last event was either (i) a departure of a request
or (ii) an arrival of a request to an empty system. A state belonging
to this class is simply represented by the number of requests in the
system. State 0 means that there are no requests in the system. A
state i > 0 means that the current number of requests in the sys-
tem is i and the previous state had (i + 1) requests in the system.
The second class captures situations when the queuing system has
at least two requests in the system and the previous event was an ar-
rival. We denote this state by the two-tuple (i, lj), implying that the
current number of requests in the system is i > 1, current service
rate is µj and the previous system event was an arrival.

The feasible decision sets for our states are defined as follows.
For the first class of states represented by i, the decision set is
L = {l1, . . . , lK}, i.e., all service levels. This captures the re-
quirement that any decision be allowed when a request departs a
non-empty system or when a request arrives to an empty system.
For the second class of states represented by (i, lj), the feasible de-
cision set consists of only one member and is lj . This is because the
service level may not be changed upon entering these states (which
can only happen upon arrivals.) It should now be clear, why we
incorporate the current service level into the two-tuple that defines
our second class of states. This allows us to remember the decision
made at the latest departure, which is the only decision available
for the remaining lifetime of the current request.

Transitions between states of MDP. Recall that new deci-
sions are possible only upon entry to the first class of states. Based
on this, let us consider transitions from these two classes of states,
in turn.

Transitions from the first class of states: Consider transitions due
to departures and arrivals separately. Corresponding to a departure

from a state i > 0, upon entry to which a decision j (lj ∈ L)
was made, we create a transition to state (i − 1) with a rate µj .
Corresponding to an arrival during state i > 0, upon entry to which
a decision j (lj ∈ L) was made, we create a transition to state



Figure 3: Semi-Markov decision process for a FixSL system with two service levels. The transition edges in thick lines correspond

to decision of service rate µ1 and the transition edges in dotted lines correspond to service rate µ2.

(i + 1, lj) with a rate of λ. Transitions from the state 0 occur at
rates λ to state 1, one for each possible decision.

Transitions from the second class of states: Transitions from the
second class of states are easily derived as follows. From a state
(i, lj) (i > 0), we create transitions to (i − 1) (corresponding to a
departure) and (i + 1, lj) (corresponding to an arrival), with rates
of µj and λ, respectively.

Taken together, the above definitions of states, transitions, and
decision sets conclude our reduction. Figure 3 represents the semi-
MDP formulation for a FixSL system with two service levels.

3.3 Reward Functions for Our MDPs
Recall from Section 2.3 that an MDP has a reward function w(.)

associated with each (state, decision) pair. This means that the
MDP, when in state S and with the latest decision D, accumulates
a reward at the rate w(S, D) till the next change in state and/or
decision. In general, there may be multiple reward functions as-
sociated with an MDP. Average reward-constrained MDPs [16]
consider the following problem of maximizing one reward func-
tion subject to constraints on other reward functions. Let us denote
by W0, . . . , Wm these reward functions; W0 is the reward function
to be maximized while the rest are used to specify constraints. For-
mally, an average reward-constrained MDP solves the following,

maximize

Z inf

t=0

W0(S(t), D(t))dt

subject to the constraints,

Z

inf

t=0

Wj(S(t), D(t))dt ≤ Cj j = 1, . . . , m.

This formulation suits our purposes since we wish to trade-off re-
sponse time with revenue. We now show how to choose the reward
functions for the MDPs constructed above to let us use known algo-
rithms for average reward-constrained MDPs for solving rQDSL.
We choose two reward functions, one corresponding to the average
response time and the other to the revenue. Recall the two variants
of rQDSL that were defined in Section 2.2. It is easily seen that

treating the reward function corresponding to the average response
time as W0 results in a reduction of the Response Time Minimiza-
tion problem to an average reward-constrained MDP; treating the
reward function corresponding to revenue as W0 results in a reduc-
tion of the Revenue Maximization problem.

For a (state, decision) pair (S, D = l), the reward function cor-
responding to revenue is simply $(l). The appropriateness of this
reward function is straightforward from our definition of revenue
(see Section 2). The other reward function is less easy to define.
Recall that we wish the average of the reward accumulated accord-
ing to this function to correspond to the average response time. We
know from Little’s Law that the average response time in any queu-
ing system is N/λ, where N is the average number of requests in
the system and λ is the throughput (steady-state assumption.) If
we define the reward function for each state to be directly propor-
tional to the number of requests in that state, we would achieve the
above property. Based on this intuition, for a (state, decision) pair
(S, D = l), we choose the reward function to be i

λ
where i is the

number of requests in the system corresponding to the state S. No-
tice that, for the semi-MDP (Figure 3), this reward function is the
same ( i

λ
) in all states i and (i,−).

3.4 Solving rQDSL
We use an existing Linear Programming (LP) based approach for

solving an average reward-constrained MDP [16]. This approach
optimally solves both the continuous-time MDP and semi-MDP
under the assumptions that the the number of states in the MDP
is finite and that the model is uni-chain. An MDP is uni-chain if
the underlying Markov chain has no absorbing subset of states for
any stationary policy. A stationary policy is one where the decision
to be made at time t is independent of the history of MDP states
and depends only on the current state S(t). An absorbing set of
states are those from which no outgoing transitions exist. It is eas-
ily seen that the MDPs that we have formulated for both VarSL

and FixSL are uni-chain.
It is known that for an average reward-constrained MDP, there

exists an optimal policy that is M -randomized stationary where M



(a) VarSL (b) FixSL

Figure 4: Illustration of the optimal policy structures for the VarSL and FixSL variants. In VarSL, the decision to choose the

next service level is made whenever the system number changes whereas FixSL chooses the decision at the beginning of a request’s

processing. Both the policies determine service levels based on the number of requests in system.

is the number of reward constraints [16]. A non-randomized sta-
tionary policy f always chooses the same decision in a given state
i; the decision made in state i is denoted by f(i). A 1-randomized
stationary policy is one that is non-randomized in all states except
for one state where the decision is randomized between two ac-
tions. Note that such a policy is still stationary, in the sense that the
decision policy depends only on the current state. This definition
extends to a M -randomized stationary policy. The optimal pol-
icy for rQDSL is a 1-randomized stationary policy because there is
exactly one reward constraint. Therefore, the optimal policies for
VarSL and FixSL systems have the same structure in terms of
being 1-stationary.

Such an optimal policy can be represented by a parameter set
(P (.), m, l1, l2, p1, p2), P : I → L, (m ∈ {I+

S

{0}}), which
should be interpreted as follows.

Pick service levels to satisfy the following conditions:

if the number of requests k in system is m, apply ser-

vice level l1 or l2 with probabilities p1, p2, respec-

tively.

else apply service level P(k)

The two systems VarSL and FixSL, however, differ in the man-
ner of policy invocations for deciding the next service level. In the
case of VarSL, the policy is invoked every time a request enters
or leaves the system (corresponding to an entry into a new state
in figure 2.) In FixSL, the policy is invoked at the start of each
request’s processing. Figures 4(a) & (b) illustrate the optimal pol-
icy structures and their invocation instants for VarSL and FixSL,
respectively.

The algorithm that rQDSL employs [16] formulates an LP with
one variable for every possible (state, decision) pair. Since any real
system has an upper limit U on the number of requests simulta-
neously in the queue, we truncate all states corresponding to more
than U requests in the system. If there are K service levels, the LP
for a VarSL system has U ·K variables, whereas that for a FixSL
system has twice as many variables, 2 · U · K.

Clearly, to be implementable in real-world systems, it should be
possible to limit the frequency of invoking rQDSL such that the

computational overheads it poses do not interfere with the activi-
ties of the system. Systems in which workload patterns repeat and
are amenable to prediction can cache and reuse the policies com-
puted by rQDSL. The utility of rQDSL would, therefore, depend
intimately on these properties of a system’s workload.

Finally, once the workload conditions for an upcoming time in-
terval have been identified and the optimal policy during that inter-
val computed using rQDSL, (or retrieved from the policy cache de-
scribed above), the service level selection is extremely simple and
fast—all it involves is comparing the current number of requests in
the system with a threshold computed by rQDSL.

4. APPLICATIONS AND EMPIRICAL

EVALUATION OF RQDSL
We conduct simulation studies to evaluate the utility of rQDSL

policy in two different application domains. Henceforth, we will
refer to the policy as simply rQDSL. We simulate a generic QDSL
system using the CSIM19 library [9]. This library provides useful
routines to build an event-driven simulator.

We compare rQDSL with the following policies.

• Best static policy: A static policy employs a fixed service
level. So there are K static policies for a QDSL system with
K service levels. The best static policy amongst these is the
one that results in the best optimization criterion (largest rev-
enue or smallest average response time) while satisfying the
constraint (response time or revenue bound, respectively.)

• M/GI/1-based dynamic policy: This policy dynamically varies
the service levels as an independent distribution as follows.
Modeling the system as a M/GI/1 queuing system, it deter-
mines probabilities Pr1, · · · , P rK , one for choosing each
service level, that correspond to solving the relevant opti-
mization problem. We omit the details of the calculation due
to space constraints. The following comparison of the be-
havior of this policy with our policies is worth pointing out.
This policy has the same stochastic behavior regardless of
the number of requests in the system. This is a useful policy
to compare against since it tightly meets average response



Service Crypto Avg. latency Service Quality Revenue
level functions time (microsec) per request

L1 AES128 110 128 bit (key length) Encryption 20
L2 AES128 + HMAC-MD5 170 128 bit Encryption, 128 bit Authentication 40
L3 AES256 + HMAC-MD5 210 256 bit Encryption, 128 bit Authentication 50
L4 AES256 + HMAC-SHA1 440 256 bit Encryption, 160 bit Authentication 100

Table 1: Details of the four service levels in qSecStore. The security guarantees progressively increase from L1 to L4 and are

captured by the revenue-per-request values. The average latency per 16KB data block was measured on a 3.06 GHz Intel Xeon

processor

time bounds for workloads with Poisson arrivals (rQDSL re-
quires the additional assumption of exponential service times
for each service level to do so.)

Henceforth, we refer to these policies simply as static and dy-

namic policies.

4.1 qSecStore: A Performance-sensitive
Secure Storage System

4.1.1 Problem Context

In our first case study, we consider a secure storage server that
can provide differential levels of security guarantees to each re-
quest it handles. Specifically, we consider an iSCSI server that
services disk block requests from a remote client across a TCP/IP
network. We have modified the iSCSI protocol to incorporate se-
curity at the iSCSI layer [5]. This helps in providing better perfor-
mance/scalability compared to techniques where iSCSI leverages
transport security mechanisms like IPSec/SSL. In addition, it pro-
vides the flexibility of being able to dynamically switch amongst
different security primitives at the granularity of a disk request.

There exists a wide variety of crypto algorithms that differ in
the security guarantees and per-block computation latencies. For
example, authentication algorithms such as HMAC-MD5, HMAC-
SHA1 ensure integrity of data by one-way hashing of data. By
transmitting the data along with its hash, one can detect any ma-
licious tampering. Encryption algorithms such as DES, AES pro-
vide data confidentiality where the original pattern of data bits is
obscured. Individually, each of the algorithms can improve their
crypto strength by considering different key lengths.

4.1.2 Adapting rQDSL to qSecStore

Consider the example of a iSCSI READ operation at the storage
server. After the disk blocks corresponding to the iSCSI request are
fetched from the storage device, they are encapsulated in a iSCSI
PDU, sent through a crypto module before the TCP/IP layer. In the
crypto unit, each iSCSI PDU can be transformed using one of sev-
eral available crypto functions. A combination of these functions
can be used as well. We model this crypto processing unit using
QDSL. Each iSCSI PDU corresponds to a request in QDSL. The re-
sponse time of each request is the time spent in the crypto module.
The CPU processing latency for a given crypto function is indepen-
dent of the data bit pattern. For a given system configuration, this
computation duration depends solely on the size of the data block
and increases linearly with it. Similar arguments hold for the crypto
processing at the client for a iSCSI WRITE operation. We note that
the choice of crypto function made per iSCSI PDU at the server for
a READ operation is enforced upon the client when it checks the
hash or decrypts the data. We focus on the QDSL system at one end
of the critical path.

This is a FixSL variant of the QDSL system because each iSCSI
PDU can be transformed using only one crypto function. We con-
sider the revenue maximization problem while bounding the av-

erage response time per request. The revenue rate for each service
level will be used to capture the desirability of the associated crypto
function. The assignment of revenue rates is beyond the scope of
this paper and we refer the reader to research that has attempted to
come up with practical revenue values for security primitives [20,
39]. Our proposed mechanisms are generic and can accommodate
any type of revenue function. The response time bound is assumed
to be set by an external entity (such as a system administrator).
Varying the response time bounds on the QDSL system (crypto pro-
cessing unit) has a direct effect on the end-to-end average response
time as seen by the client. We consider the problem of setting such
a bound to also be beyond the scope of our work. In our evaluation,
we present results for a range of response time bounds to accom-
modate a variety of latency needs.

We pick four different crypto levels that vary significantly from
each other both in computation time complexity and security guar-
antees. Table 1 shows the four crypto levels (service levels) and
their average latencies (service times) measured for 16KB data blocks.
We find the variance in CPU computation time for a given crypto
function and a fixed data size to be very small. Therefore, in our
simulation experiments we assume a fixed service time per service
level when the requests are uniform in size.

We intend to capture a system where individual requests have an
average response time bound and each of them needs to be nec-
essarily encrypted with a 128 bit key. Beyond this requirement
QDSL formulation strives to utilize any system slack by deploying
stronger encryption combined with authentication techniques. The
desirability of using a crypto function increases from top to bottom
as shown in table 1. We find it convenient to conduct our discus-
sion in terms of revenue-per-request. Since this is a FixSL system,
these revenue-per-request values are easily transformed into rev-
enue rates This is achieved by normalizing the revenue-per-request
values by the corresponding average service times to obtain the rev-
enue rates. We consider a simple linear growth in the revenue-per-
request obtained from the service levels. If an iSCSI PDU gets
serviced at level L1, the system earns a revenue of 20 units, and
similarly 40, 50, and 100 for the next three service levels L2, L3,
and L4, respectively (the system does not earn anything when it is
idle.) The discontinuity in the revenue growth at second and fourth
crypto level was needed to ensure that the corresponding revenue
rates increasing in a convex fashion (a requirement to ensure that
all the service levels will be picked for some (arrival rate, response
time bound) configuration of the QDSL system).

4.1.3 Poisson Workloads

We begin our evaluation by considering synthetic workloads. It
is assumed that the arrival pattern of the I/O requests is poisson
in nature and that the requests are of fixed size (16KB blocks). We
consider each workload with a large number (5 million) of requests.
Therefore, an invocation of offline policies such as rQDSL for such
long run workloads provides a steady state average revenue and
response time. For a variety of response time bounds, we simu-
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Figure 5: rQDSL policy meeting the three response time bounds for a range of arrival rates

1 2 3 4 5
20

30

40

50

Arrival rate (KIOPS)

A
v

g
. re

v
e

n
u

e
 pe

r r
e

qu
e

s
t

rQDSL

Dynamic

2 4 6 8
0

50

100

Arrival rate (KIOPS)

A
v

g
. re

v
e

n
u

e
 pe

r r
e

qu
e

s
t

rQDSL

Dynamic

2 4 6 8
0

50

100

Arrival rate (KIOPS)

A
v

g
. re

v
e

n
u

e
 pe

r r
e

qu
e

s
t

rQDSL

Dynamic

(a) Resp. time bound 0.2 msec (b) Resp. time bound 0.6 msec (c) Resp. time bound 1.2 msec

Figure 6: Comparison of the revenue yielded by rQDSL with the baseline policies for poisson workloads. A variety of response time

bounds and arrival intensities were considered. The service times distribution for each level was assumed to be a fixed distribution

late the rQDSL and dynamic policy with different workloads that
vary in their poisson arrival rates (within feasible ranges so as to be
able to meet the response time bound with the lowest service level
assigned to each request). We do not consider the static policies
here because they render the system as a M/GI/1 for poisson work-
loads. The dynamic policy is optimal amongst all M/GI/1 instances
of QDSL.

In each simulation, we measure the average response time and
average revenue-per-request yielded by each policy. In figure 5,
we show the average response times achieved by rQDSL for pois-
son workloads of varying intensity. We present the results for three
response time bounds: 0.2 msec, 0.6 msec and 1.2 msec. For each
bound, simulations were conducted within the feasible range of ar-
rival rates. We observe that our rQDSL was able to meet all fea-
sible response time bounds. This shows that the assumption that
service times of each level have fixed distribution (as opposed to
the assumption of exponential distribution in rQDSL problem for-
mulation) does not result in a violation of the response time bound.
We attribute this to the nature of the policies computed by rQDSL.
The policies were found to have a threshold nature where, if the
queue length keeps increasing, rQDSL picks lower service levels ,
thereby adjusting to short term variations in load.

In figure 6, we compare the average revenue per request obtained
from the rQDSL and dynamic policy. We observe that the rQDSL
outperforms dynamic policy in most of the feasible regions except
for a few cases. When the response time bound is strict (0.2 msec),
rQDSL is inferior to dynamic policy at very low and very high ar-
rival rates (Figure 6(a)). This behavior can be explained by ob-
serving the Figure 7(a). It shows the percentage of requests in the
workload that were assigned to the different service levels during
the complete run. We notice that, when the response time bound

is strict, rQDSL tends towards dynamic policy at the two extreme
ranges of the arrival rates. In addition, rQDSL is able to pick from
only two service levels to meet the stringent response time bound.
The dynamic policy switches between two service levels with an
IID distribution. This is the nature of the optimal solution to a
M/GI/1 assumption made by dynamic policy (proof omitted). A
combination of these factors make the rQDSL policy conservative
at these regions and cause it to be inferior to dynamic policy. When
the response time bound becomes less stringent, rQDSL explores
more possibilities in terms of the number of service levels that can
be used in a workload run. In addition the system queue length
varies across a larger range and this results in a further deviation
from a M/GI/1 system. Queue lengths vary in a self-similar man-
ner and this combined with the fact that rQDSL picks threshold
based policies result in service level selections across requests to be
less independent of each other. The consequence of that is shown in
figures 6(b) and (c). rQDSL outperforms dynamic policy in the en-
tire feasible region of arrival rates and the improvement in average
revenue over dynamic policy tends to increase with more relaxed
response time bounds. An interesting property is that rQDSL pro-
vides better revenue than the dynamic policy even though the latter
tightly meets the response time bounds. This shows that rQDSL is
able to utilize the server resources in a more efficient manner.

4.1.4 TPC-H Traces

In this section, we empirically evaluate the efficacy of rQDSL
for real workloads. We would like to study how rQDSL performs
for real workloads with arbitrary arrival patterns. Specifically, we
are interested in knowing whether rQDSL violates the specified re-
sponse time bounds and if so, by how much. Then, we compare the
average revenue over the baseline policies. In the current work, we
evaluate workloads that exhibit reasonably steady arrival rates over
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Figure 7: Comparison of request distribution across different

service classes resulting in a rQDSL system with that in one

using the dynamic policy. Response time bound is 0.2 msec in

all these simulations.
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Figure 8: Comparison of request distribution across different

service classes resulting in a rQDSL system with that in one

using the dynamic policy. Response time bound is 1.2 msec in

all these simulations.

reasonably large time windows. For workloads that vary their aver-
age arrival rates over time, we propose rQDSL separately invoked
for each time window that has a steady arrival rate. Trade-offs in
choosing the time window scales are not considered in this work.

Our set of simulations employs well-regarded storage traces to
construct realistic arrival processes to our qSecStore system.
We employ the TPC-H storage benchmark [37]. TPC-H illustrates
decision support systems that examine large volumes of data, ex-
ecute database queries with a high degree of complexity, and give
answers to critical business questions. The TPC-H benchmark pro-
vides data request traces for 22 different types of queries. We pick
traces for two queries (Q12 and a subset of Q5) with similar arrival
rates but with different degrees of burstiness in the arrival process
(as captured by the Hurst parameter [31].) Due to their identical
arrival rates, choosing this pair of queries provides allows us to
isolate and compare the impact of burstiness (self-similarity is a
commonly observed phenomena in real workloads) in the arrival
process on the performance of our policies. In these experiments,
since the arrival characteristics are fixed by the traces, we vary the
response time bounds.

The well-known Hurst parameter lies in the range [0,5, 1.0];
higher values of the Hurst parameter capture larger burstiness in
arrivals. Q12 has a mean inter-arrival time of 0.5 msec and a Hurst
parameter of 0.55—it exhibits little variation in inter-arrival times
(i.e., is not very bursty.) The significantly more bursty Q5 trace
has a mean inter-arrival time of 0.5 msec and a Hurst parameter of
0.85. The service time of a disk request is proportional to its size
and was computed per service level from the table 1. We found
that more than 95% of the requests were of 32KB size. Each trace,
in fact, has a stream of requests for size 256KB that are split up
into 32KB requests across 12 different disks. Because of this, the
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Figure 9: Comparison of the techniques in meeting a range of

response time bounds when running the two TPC-H queries

condition that the inter-arrival time between request i and j, j > i
very often does not depend on the service time of request i. As a re-
sult, we replay these traces without considering any dependencies
between requests, and expect this to not cause significant inaccu-
racies. We evaluate the performance of rQDSL with the baseline
policies for the following cases. We employ a modified dynamic

policy here that models the system as a GI/GI/1 queue (for which a
closed-form expression exists for an upper bound on the response
time [22].) An implicit assumption by the dynamic policy is that
the input workload has independent inter-arrival times.

In figure 9, we show the achieved response times by rQDSL and
the baseline policies for both the queries when the specified bounds
were varied. We first note that rQDSL achieves average response
times closer to the specified bound for both the queries. We note
however that for the uniform (less bursty) Q12 trace, rQDSL vi-
olates the response time bound when it is very stringent. As the
bounds are relaxed, it meets them with increasing slack from the
bound. However, on the other hand, for the more bursty trace Q5,
we noticed that rQDSL violated the bounds at high (very relaxed)
response time bounds. We observe that the dynamic policy meets
the response time bounds in all cases for the Q12 trace. This is
because the trace for Q12 does exhibit lack of correlations between
the inter-arrival times. However, for the bursty workload Q5, the
approximation of GI/GI/1 fails and dynamic policy does not meet
any of the response time bounds.

In figure 10, we compare the average revenue per request ob-
tained from the policies. We note that rQDSL outperforms both
static and dynamic policies in all the cases. dynamic policy is not
shown in the figure 10(b) because it fails to meet the response time
bounds for the trace Q5. The difference in revenue between rQDSL
and the other approaches increases from a less bursty to a more
bursty trace. This shows the need for a policy that can dynamically
adapt to variations in the instantaneous load of the system. rQDSL
achieves that for all response time bounds by picking service levels
according to the system queue length. Finally, in figure 11, we
show the distribution of service levels that were selected during the
runs of the traces. The key difference in the distributions between
the two types of queries is that for the bursty trace Q5, the two
extreme levels L1 and L4 occur more frequently than for a corre-
sponding experiment for a less bursty trace Q12. This happens due
to the drastic variations in system load seen in bursty workloads.
When the response time bound is relaxed, rQDSL policy tends to
oscillate between the extreme service levels which are picked at the
extreme queue lengths. For a more uniform trace like rQDSL, on
the other hand, the queue length variations are small and therefore
rQDSL spends more time in a narrow range of service levels.

We conclude the experimental section on qSecStore by not-
ing that when the assumptions about exponential service times and
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shown.
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Figure 11: Distribution of requests that were serviced at the

four crypto levels when using rQDSL for the two TPC-H

queries

poisson behavior in I/O workloads are relaxed, the rQDSL pol-
icy still performs satisfactorily by being able to meet the response
time bounds closely (indicating high system utilization) and outper-
forming the baseline policies in the average revenue per request.
We considered workloads that were uniform over long runs and
showed that rQDSL can utilize the short-term variations in the sys-
tem load to exploit any system slack available at a fine granularity.
The intrinsic nature of rQDSL that it operates between service lev-
els based on the instantaneous queue length enables it to adapt well
to real workloads. The assumptions about poisson and exponential
service times behavior in the estimation of the optimal policy does
not seem to cause big violations. In fact it serves as a very good
approximation in order to be able to determine the actual threshold
values in a real world implementation.

4.2 qPowServer: A Power-aware
DVFS-capable Server

4.2.1 Problem Context

In our second case study, we consider a power management prob-
lem in CPUs that are equipped with multiple frequency/voltage lev-
els (DVFS states). DVFS serves as a mechanism to provide trade-
offs between performance and power consumption. By choosing a
higher DVFS state, the CPU can provide faster execution to a CPU-
intensive task at the expense of higher power consumption. We are
interested in designing a server that will employ DVFS modula-
tion to ensure that its operation does not result in the power con-
sumption exceeding a specified “power budget.” We desire that the
server provide the best performance under this budget constraint.
This corresponds to the “Response Time Minimization” variant of
QDSL.

4.2.2 Adapting rQDSL to qPowServer

An application execution can be viewed as consisting of CPU
bursts interspersed with intervals where the CPU is idle. Each CPU
burst is a request in our mapping. Note that qPowServer is well-
captured as a VarSL system since the CPU can change its DVFS
state any time independent of scheduling of individual CPU bursts.
Changing the DVFS state requires a switching to kernel mode and
back. It is known that these operations pose minimal overhead and
can be invoked at millisecond granularity [2]. Our policy will sug-
gest DVFS states based on the number of CPU bursts pending in
the system.

Capturing qPowServer using QDSL poses difficulty when there
is only a single thread of execution in the system. In such an envi-
ronment, a CPU burst does not arrive until the previous burst fin-
ishes processing. Similarly, for applications that saturate the CPU,
the power-performance trade-off is trivially resolved. Therefore,
we focus on a server running multiple applications/threads that al-
ternate between using the CPU and blocking on I/O operations.
Many important applications likely to run in energy-conscious en-
vironments behave in this manner. Web-based ECommerce appli-
cations and data-intensive scientific applications are two good ex-
amples.

DVFS states Avg. power
(GHz) (W)

3.4 Idle Power + 60
3.2 Idle Power + 45
3.0 Idle Power + 35
2.8 Idle Power + 20

Table 2: Details of the four service levels in qPowServer. Idle

power is constantly expended in the system at a rate of 160W.

We assume a server with the DVFS-capable Intel Xeon dual pro-
cessor. We consider four DVFS states, a subset of the states pro-
vided by this processor. Table 2 presents these states and the av-
erage peak-power consumption of TPC-W for each. We measured
these power consumptions by running an instance of TPC-W on a
Dell PowerEdge SC1450 server in our lab that contains the above-
mentioned processor. We choose the TPC-W benchmark for our
evaluation [35]. TPC-W specifies an ECommerce workload that
simulates the activities of a retail Web site that produces heavy
load on a back-end database. Multiple instances of TPC-W ap-
plications are assumed to be hosted on our server. Each instance
handles 10 simultaneous client browsing sessions. The load on the
server is controlled by varying the number of instances hosted on
the server. We map these four DVFS states to service levels and
the corresponding power measurements to their revenue rates in
VarSL. An interesting aspect of this mapping concerns the treat-
ment of idle power that is expended at all times by the CPU. The
idle power component (160 W for our processor) is added to the
revenue rates in all states, including that representing an empty
(idle) system. Measurements of the TPC-W application with 10
sessions revealed a mean inter-arrival time between CPU bursts of
350 msec and a hurst parameter of 0.66. Also, the mean CPU burst
length was around 20 msec when running at DVFS 3.4 GHz. This
corresponds to the average service time for the service level cor-
responding to DVFS 3.4 GHz. We calculated these values from an
offline analysis of the power time series sampled once every 2 msec
over a period of 2 hours. The service time values for the other three
levels were found to be 21.25, 22.67, and 24.28 msec, respectively.

4.2.3 Salient Results

We compare the performance of DVFS modulation policy yielded
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Figure 13: The average response time of CPU bursts with TPC-

W subjected to a wide range of workload.

by our adaptation of VarSL with the static policy. We omit the re-
sults for dynamic policy as it failed to meet the power budget in
most cases because of the bursty characteristics of the TPC-W ap-
plication. There are two aspects to this comparison: success in
meeting the power budget and average response time. We conduct
this comparison for two power budgets: (i) a stringent budget of
175W (only 15W more than the idle power of 160W) and (ii) a
less stringent budget of 190W. We assume the I/O power consump-
tion to be negligible compared to CPU power—a realistic assump-
tion [27].

We simulate both the policies within a wide workload range (30
sessions to 100 sessions) and present numbers for average power
consumption and response time. As shown in Figure 12(a), for
the stringent power budget of 175W, our policy causes violations
beyond a load of 50 sessions. However, these violations were very
small (not more than 2-3W). We attribute these violations to the fact
that the inter-arrival process of the CPU bursts is far from Poisson
(Hurst parameter of 0.66.) These small violations, however, are ac-
companied by substantial improvements in response time over the
baseline policy as shown in Figure 13(a). For the highest work-
load intensity we experimented with, our policy improved average
response time considerably while consuming not more than 5W
additional power. Similar comparative trends are seen for the more
relaxed power budget of 190W. While our policy still improves re-
sponse time, it causes negligible violation of power budget.

Finally, Figures 14(a) and (b) show the relative percentages of
different DVFS states employed by our policy for the two power
budgets of 175W and 190W, respectively. One interesting obser-
vation is that DVFS 3.0 GHz was never used. Our policy chooses
DVFS states in such a way that the system either operates at the two
most power-expending states or drops to the lowest DVFS 2.8 state.
We explain this by noticing that DVFS 3.0 state does not achieve
sufficient reduction in power when compared with the improvement
in the service time it provides to a CPU burst. More generally, this
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Figure 14: Percentage break-down of number of CPU bursts

served using different DVFS states for the two chosen power

budgets.

resonates with the intuition that a large number of DVFS states very
close to each other in terms of power/service times do not provide
significant improvement in response time over a smaller number of
more widely-spaced states.

5. RELATED WORK
Systems provide differential levels of service at multiple time

scales. They range from diverse domains such as data center re-
source management [13], Web servers [3, 7, 24], differentiated IP
networks [14, 21], sensor networks [6], streaming media servers [12]
etc. In the context of Internet Data Centers (IDC), decisions are
continuously made to effectively utilize the resources. Typically
these decisions are semi-static and are made at a coarse granu-
larity. For example, existing research has addressed the issue of
job assignments to servers [32], controlling the number of active
servers [11, 36] etc. A majority of these techniques employ some
sort of a pricing/optimization model to determine the amount of re-
sources that need to be allocated to each application to meet the
specified guarantees on the application performance. In the context
of web servers, there are proposed techniques to provide differen-
tial selection among heterogenous servers based on their network
locations [7], capabilities [17, 4] etc. These decisions are made
at a finer time granularity of individual sessions or requests. For
example, the work [42] addresses the issue of service selection al-
gorithms for web services used to meet end-to-end bandwidth and
latency constraints.

At very fine granularities such as disk requests, one way to pro-
vide differential service levels to individual requests is via schedul-
ing. For example, scheduling algorithms such as WFQ [1], SFQ
[28] can dynamically divide up the server bandwidth according to
the demands of the individual request patterns. These techniques
are complementary to our proposed approach. We consider a sin-
gle class of requests which can be serviced independently at mul-
tiple service levels to utilize the system resources more effectively.
Exploring the trade-offs between security and performance for stor-
age data has been studied in research such as [30]. We exploit these
trade-offs at a very fine granularity. Existing research on dynamic
power management in systems ranging from embedded devices to
high-end servers have focussed on techniques that switch amongst
power states at coarse time scales [25, 10, 29]. Other specific do-
mains where QDSL can be mapped are applications that perform
dynamic data compression techniques for providing trade-offs be-
tween the transmission delay and computation. Existing work on
these domains [23, 15] examine such trade-offs by analyzing pos-
sible combinations and providing dynamic solutions based on the
current system behaviour (e.g network congestion).

Anytime algorithms [43], developed in the AI/Robotics commu-



nities, are concerned with problems of some similarity to QDSL.
These are used in domains with real-time constraints where a satis-
fying answer, which falls within the range of tolerance of error and
is available within acceptable time, is preferred to the best-possible
correct answer requiring a large amount of time. It would be inter-
esting future work to explore the applicability of our techniques to
problems in this domain.

6. CONCLUSION
Our work was motivated by the observation that many modern

computing systems are faced with a trade-off between the output
quality they generate for a given input and the amount of comput-
ing resources they spend processing it. Often an improvement in
the Goodness of Service (GoS) comes at the price of degraded per-
formance in the form of reduced throughput or increased response
time. Examples of systems where such trade-offs between GoS and
performance arise are numerous and span diverse domains.

We formulated and studied QDSL, a class of constrained opti-
mization problems, that captured such trade-offs. We found two
variants of such systems worth studying: (i) VarSL in which a sin-
gle request might be serviced at multiple levels during its lifetime
and (ii) FixSL in which the service level might not change dur-
ing the lifetime of a request. Our approach involved reducing re-
stricted versions of such systems to MDPs. Our modeling revealed
that optimal service level selection policies in these systems cor-
responded to very simple rules that can be implemented very effi-
ciently. We evaluated the efficacy of the service level selection poli-
cies yielded by these reductions in solving two real world problems
(i) qSecStore, an iSCSI-based secure storage system that has
access to multiple encryption functions, and (ii) qPowServer, a
server with DVFS-capable processor.
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