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Abstract

Resource allocation policies which significantly im-
prove Quality of Service (QoS) while minimizing QoS
wnstability are presented. In a dynamic system in which
applications are continuously entering and departing
the system, QoS instability occurs when the system
over-commits resources and can not meet the resource
demands of new admission requests. The system 1is
forced to either reject the request or degrade one or
more existing tasks. In this paper we introduce three
admission control policies and compare their QoS per-
formance/stability tradeoffs. We show that by main-
taining a small resource reserve modeled as a compet-
ing application in the QoS optimization framework, we
can achieve QoS levels that are over 90% of the the-
oretical mazimum while reducing instability by one to
two orders of magnitude.

1 Introduction

The need for cost-effective higher performance solu-
tions to system design has necessitated a shift from the
traditional stovepipe design to a modular QoS (Qual-
ity of Service) managed design. Rather than dedicated
computers for each task in the system, applications
are dynamically mapped to resources from a hetero-
geneous pool of computing resources. For example, in
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initiative the goal is to integrate all command and con-
trol functionality into a single distributed system. The
modular design results in systems that are more reli-
able and less expensive to build and maintain.

Making effective use of these resources in a dynamic
system with imperfect knowledge is a complex and dif-
ficult task. We can not always predict when requests
for resources will arrive or how long the resources will
be required. Resource allocation decisions may have a
lasting impact on the performance of resource alloca-
tion policies if tasks remain in the system for a long
time. For example, while allocating all of the system
resources to tasks currently in the system may yield a
better instantaneous QoS, the resulting QoS instabil-
ity, where the QoS level is constantly changing, may
make this undesirable.

In this paper we consider a set of tasks which can
operate at varying levels of QoS. For example a video
conference can operate at multiple frame rates, multi-
ple resolutions, multiple security levels, etc. We also
assume a model where tasks randomly join the system
requesting resources, and depart the system when they
are done. The goal is to choose a resource allocation
for these tasks that will deliver the highest total QoS
while minimizing variation of the QoS levels.

2 Related Work

Most QoS systems use various mechanisms to re-
serve resources for tasks. Work on RSVP[11] for net-
work bandwidth reservation is one of the earlier ef-



forts. RSVP allows applications to reserve a fraction
of the link bandwidth along a multi-cast path to be
used exclusively by that application. Another example
of a bandwidth reservation approach is the hierarchical
scheduler in Darwin[1]. Darwin improves on the RSVP
approach by allowing a hierarchy of reservations. This
allows for greater control over which tasks can use left-
over reserved resources not used by the reserving task.

QoS mechanisms have also been developed for CPU
and memory. The resource kernel[7][9] allows the sys-
tem to make sets of resources organized as a virtual ma-
chine to be reserved for specific tasks or sets of tasks.
Taken together with the network QoS mechanism, the
resource kernel mechanisms can be controlled by a re-
source manager to control the overall QoS delivered to
tasks managed by the system.

Higher-level resource management tools such as
DeSiDiRaTa[12] and DQM (Dynamic QoS Manager)[4]
have also been proposed. DeSiDiRaTa monitors the
QoS delivered to managed tasks and compares it with
the contracted QoS. If there is a deviation, diagnosis
and action components take corrective action. The ac-
tion could be a change in the resources allocated to
a task, or a change in task QoS. DQM is geared to-
ward self-regulating tasks in a best-effort environment.
When task detect that they are not receiving enough
resources to maintain the current QoS level (i.e., dead-
lines are being missed) then the task changes its QoS
set-point by negotiating with DQM.

The dynamic QoS optimization algorithms discussed
in this paper are designed to be a key component
in the Amaranth system [2][3]. Amaranth provides a
framework for exploring policy issues associated with
QoS management. Policies such as the Q-RAM based
QoS optimization algorithm can be plugged into Ama-
ranth and the effects on system performance measured.
Amaranth also provides for additional policies such as
stochastic enforcement of deadlines[6] and probabilistic
bandwidth reservation.

3 Static QoS Optimization

The dynamic resource allocation algorithms dis-
cussed in this paper are based on extending the Q-RAM
(QoS Resource Allocation Model) static resource allo-
cation algorithms[5][8]. In the Q-RAM approach, tasks
are modeled by providing a mapping between QoS and
resource requirements, and a mapping between QoS
“utility”, a measure of the desirability a particular QoS
level. Q-RAM can quickly find a resource allocation
which maximizes the global utility (the sum of the task
utilities) while meeting resource constraints. The first
step of the Q-RAM algorithm is to factor out the QoS

component and combine the two mappings into a single
resource to utility mapping. The algorithm then uti-
lizes the fact that the Kuhn-Tucker condition must hold
at the optimal point. That is, the slope or marginal
utility for all tasks must be equal. The algorithm pro-
ceeds by setting all algorithms to their minimum allo-
cation and then adding resources to the task with the
highest marginal utility until the resources have been
completely allocated. Utility curves are generally as-
sumed to be concave and non-decreasing.

4 Dynamic Traffic Model

In the dynamic QoS optimization problem, the task
set is not fixed and tasks are continuously arriving and
departing the system. We model the system environ-
ment as a finite set of N independent tasks which ran-
domly alternate between an “idle” state and an “ac-
tive” state. Conceptually this can be thought of as a
set of users, who periodically log on to the system, use
resources, then exit the system. The traffic model is
characterized by the following assumptions:

e Tasks can be in one of two states: idle or active.
Holding periods in the idle state have cumulative
distribution function (c¢.d.f.) Fy with mean 1/A,
while holding periods in the active state have c.d.f.
F4 with mean 1/p.

e All tasks behave independently of each other.

e The amount of resources a task can use is contin-
uous in the range 0 to 1.

e Tasks have identical utility functions U(r). U is
strictly increasing and concave over the region 0 <
r < 1, and U(r) = U(1) if » > 1, hence there
is no benefit from allocating more than 1 unit of
resource to any task.

e There is a total of R units of resources, there are
N tasks in total, and we assume N > R.

A task stays in the idle state for a random period of
time governed by a c.d.f. Fr(z) with mean 1/A. At the
end of the idle period, a task becomes active and re-
quests resources. We assume that the task will always
receive at least the minimum amount of resources nec-
essary to execute, although it may receive more and
execute at a larger QoS level. There is also a max-
imum resource allocation beyond which the task re-
ceives no additional utility. The task stays in the ac-
tive state for a random period of time governed by a
c.df. F4(z) having mean 1/u. The holding time in
the active state is assumed to be independent of the



amount of resources allocated to it. Upon completion
of the execution, the task returns to the idle state, and
this cycle repeats indefinitely with future cycle hold-
ing times in the two states being independent of all
past holding times. Two important parameters are the
traffic intensity p = % representing the relative rate at
which tasks enter the active state and 6 = 1—_% repre-
senting the equilibrium probability that a task is in the
active state.

We let X () be the number of active tasks (out of
N) at time ¢. If the holding time distributions Fr and
Fa are both exponential, then {X;, ¢ > 0} is a birth
death process corresponding to a standard repairman
model with an infinite server. The equilibrium distri-
bution for this model is well-known to be given by a
Binomial(N, #) distribution, that is if X, is a random
variable with the equilibrium distribution, then

P(Xo = k)= (:) 6% (1 — )N+ (1)

where JZ = % Recall F(X,) = N6 and

Var(Xoo) = NO(1 - 6).

It is interesting to note that this equilibrium distri-
bution is appropriate even if the holding time distribu-
tions are not exponential but are non-lattice. Each task
forms an alternating renewal process. Since the equi-
librium probability that a particular task is active is 8,
and since the tasks are assumed to be independent, the
total number that are active will have a Binomial(N, §)
distribution.

5 Dynamic QoS Optimization

Given this framework, we next consider the resource
allocation policies that are used when a task becomes
active or idle. We consider two performance metrics
for resource allocation policies: (1) average global util-
ity Uy, and (2) reconfiguration rate ¢. The average
global utility is defined as the integral of the instanta-
neous global utility with respect to time divided by the
time period through which it is measured. The recon-
figuration rate is the total number of times the system
changes the QoS level of any active task divided by the
time period through which it is measured. Reconfigu-
rations are undesirable because they can be distracting
to human users. For example a video conference that
maintains a constant 20 fps (frames per second) is more
likely to be desirable than one that starts at 20 fps for
a few minutes, then switches to 30 fps, then to 15 fps
and so on, even if the average frame rate is higher than
20 fps.

In general, we want average global utility to be high
and the reconfiguration rate to be low. There are two
extreme allocation policies. We could always make
minimal resource allocations to tasks, thus never hav-
ing to cause any reconfigurations. Conversely, we could
always make maximal resource allocations, and reduce
them when resource demands exceed the residual re-
source supply.

5.1 Homogeneous Allocation Policies

We next consider resource allocation policies. We
begin by considering a special class of policies for which
we can analytically calculate the performance mea-
sures. This class is characterized by the assumption
that all active tasks will always have identical resource
allocations. We refer to these policies as “homogeneous
allocation policies.” Given that the number of active
tasks in the system forms a Markov chain, without any
loss in generality, one can base the resource allocation
policy on the number of active tasks in the system.
Consequently, one can represent all memoryless homo-
geneous allocation policies by vectors of dimension N,
(z1,22,...,zN) where zj refers to the resources allo-
cated to each of the k tasks when there are k active
tasks in the system. We define a fesible policy to be
one where 0 < z; < min(l, %) hold for 1 < k < N.
The long run total system utility generated by any ho-
mogeneous allocation policy is given by

ékU(mk) (f) 6k (1 — g)N—* 2)

A homogeneous allocation policy causes a reconfig-
uration when the number of tasks in the system tran-
sitions from k£ to £+ 1 and zp # p41. The arrival
of a new task calls for different resource allocations for
the k tasks that are running, thus k& reconfigurations
occur. Similarly, if the system transitions from &k + 1
to k and xp # xp41, then the k£ tasks remaining in the
system will be reconfigured by receiving new resource
allocations. Note that in our model in which only one
step transitions can occur, the number of transitions
from k to k + 1 must always be within 1 of the number
of transitions from k 4+ 1 to k. Thus for homogeneous
allocation policies, the rate of reconfigurations caused
by arrivals of tasks to the system must equal the rate
of reconfigurations caused by the departure of tasks,
so long as Fr and F4 are not concentrated on a lat-
tice. For exponential holding times, the long run rate
of reconfigurations for a policy is given by

N-1
QE:AN—kkI N ghr gy (3
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where Ijcy = 0 or 1 depending whether condition C
holds or not.

Note, we have combined the two reconfiguration
terms together and given them equal weight. One could
easily keep them separate or combine them using some
other weighting.

Within the class of homogeneous allocation policies,
we can, without any loss in generality, further restrict
these policies. Let M be the integer satisfying M <
R< M+1. If M > N, then all N tasks can be
allocated 1 unit, and the allocation z; = 1 for all k is
optimal. Furthermore, no reconfigurations will occur.
More realistically, suppose M < N and the policy z =
1 for all £ is not feasible. We restrict attention to this
case.

There are two results available for homogeneous al-
location policies:

Theorem 1
If a feasible homogeneous allocation policy (21, ..., zN)
satisfies zj, < xpy; for at least one k, 1 < k < N,
then there is a different homogeneous allocation policy
satisfying z > xp41 for all 1 < k < N which has
greater long run total system utility and no greater
reconfiguration rate. O

Proof
Consider any feasible homogeneous allocation policy
that does not satisfy the non-increasing allocation
property. Let ¢ be the smallest integer for which
x; > ;41 and there exists j > i 4 1 with z; > z;4,.
Chose j to be as small as possible. Such an ¢ and j
must exist because the allocation policy is assumed to
not satisfy the non-increasing property. Note that since
J was chosen to be minimal, it follows that z;.1 > x}
for i+ 1 < k < j. Consider the modified policy with
zp =x; for all i+ 1 < k < j and the other allocations
unchanged. The new allocations are larger than the
old for i + 1 < k < j and otherwise unchanged, so the
long run system utility is increased. Since the new pol-
icy has identical allocations for 7 + 1 < k < j, none of
these are reconfiguration points. Thus the number of
new reconfiguration points is less with the new policy
than with the old. Therefore the new policy increases
total system utility and reduces reconfiguration rate.
By applying this argument to every non-decreasing re-
source allocation, we will improve performance and end
up with a non-increasing homogeneous allocation pol-
icy. O

Theorem 1 indicates that we can restrict attention
to homogeneous allocation policies in which the alloca-
tions are non-increasing as the number of tasks in the
system increases.

Further restrictions are possible. Define the set S =

R__R R :
{1, 3757 743> ---» n}- All resource allocations must

be drawn from &, or the policy can be improved.

Theorem 2
Suppose a feasible homogeneous allocation calls for an
allocation z ¢ & for some 1 < k < N. Then there is
another feasible homogeneous policy with allocations
in § which has larger long run total system utility and
no greater reconfiguration rate.0

Proof
Consider any homogeneous allocation policy with feasi-
ble assignments 0 < z; < min(1, £), 1 <k < N. Sup-
pose z ¢ S for some 1 < k < N. Increase zj to the
nearest element of §. That is, if ﬁ <z < ML_H-,
then increase zj to ML_H.. If ML_H < zp < 1, then
increase z to 1. Clearly the new policy increases re-
sources and thus will generate greater long run system
utility. No greater (and possibly much less) reconfig-
urations will occur since if #; = z;41 under the old
allocation, this will also be true under the new allo-
cation. Thus, any homogeneous allocation policy with
allocation value not in & can be improved on both per-
formance dimensions. O

5.1.1 Basic Policy

We now consider a restricted special case of the gen-
eral homogeneous allocation policy which we will call
the “basic” policy and denote it by Pg(A;, A2). The
policy is characterized by two coefficients 4; and A,
where A1 < R < Ay. When the number of active tasks
is less than or equal to Ay, all tasks will be given their
maximum resource allocation (i.e., 1 unit), when the
number of active tasks is greater than A; and less than
or equal to A,, then all tasks will be given R/A5 units
of resource, and when the number of active tasks is
greater than A, the tasks will consume all of the re-
maining resources equally. Figure 1 shows a graph of
the resource allocation for each task as a function of the
number of active tasks for the case N = 50, R = 20.
Two important special cases of the basic policy are
the always optimal policy Pg(0, R) and the minimum-
reconfiguration policy Pg(0,N).

Always Optimal The Always Optimal policy is a
homogeneous allocation policy for which maximum fea-
sible allocations are made, i.e. z; = min(1, £). Tt is
optimal with respect to long run system utility, be-
cause the tasks have a common utility function which
is concave, hence the always optimal allocation satisfies
the Kuhn-Tucker conditions and is globally optimal. Tt
can, however, have a large reconfiguration cost.

Minimum-Reconfiguration Policy This policy
allocates % to every task. Consequently, no task is
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Figure 1. Basic Policy

ever reconfigured. The long run total system utility
generated is given by the average number of tasks in
the system times the utility generated by those tasks,
namely NHU(%).

5.2 Non-Homogeneous Allocation Policies

Suppose at any time t there are X (t) active tasks,
and these tasks have been allocated a total of A units
of the resource. Because tasks have identical concave
utility functions, the equal allocation policy, A/X(t),
will maximize the total system utility. This is the prin-
ciple underlying the use of these policies. The main
problem is that forcing all tasks to always have the
same resource allocation can result in high reconfigu-
ration rates or conversely low average global utilities.
In this section we consider non-homogeneous allocation
policies in which some tasks may have different alloca-
tions than others. While non-homogeneous algorithms
are generally not optimal when considering global util-
ity alone, they generally provide better utility /stability
tradeoffs.

5.2.1 Reserve Resource Policy

One condition which can result in frequent reconfigu-
rations is when all or most of the resources have been
allocated. When this occurs, there are insufficient re-
sources to meet even the minimum requirements of an
incoming task triggering reconfigurations in the other
tasks. One way to avoid this is to keep some of the
resources unallocated as a reserve. In our reserve-
resource policy Pr(W,a, N,,T;) we do this by mod-
eling the reserve resources as an additional pseudo-
task which receives utility for keeping unused resources.
We define the utility function for the reserve resources

pseudo-task to be:
L_(1—e /Ry 0<r<R

Ut ={ (1

otherwise
This results in the reserve pseudo-task receiving a high
marginal utility when there are few reserve resources
remaining, and a low marginal utility when there is a
large amount of resources remaining.

When there are “adequate” reserves and a new task
becomes active, the reserve-resources policy proceeds
by using Q-RAM to optimize the joint utility of the
active task and the reserve pseudo-task. When the re-
serves are not adequate, N, of the existing tasks are
reconfigured and their new resource allocations deter-
mined by using Q-RAM to optimize the joint utility of
the N, tasks, the incoming task and the reserve pseudo-
task. The reserve is deemed to be adequate if there are
at least 7;R units of unallocated resources where T;
represents the low-water level.

If all tasks have a utility function of the form:

L (1—-eT) 0<r<1

Uy(r) :{ i_—_

then it is possible to analytically determine points rg
and r; such that when the unallocated resources are
rg or lower, zero (or minimal) resources will be al-
located to the incoming task, and when the unallo-
cated resources are r; or higher, then the maximum
resources will be allocated to the incoming task. These
points can be determined by exploiting the Kuhn-
Tucker condition which holds at the optimal point. rg

(5)

otherwise

and ry are the points where <Yz =4l and
dr r=rqg dr |r=0
dU,, U, : :
e, = @ |r:1. solving for ro and r; yields
-R 1 Rl—e=® R
ro= 2" In Wal_e—l) and 1y =10 + 3.

Note that these equations imply that unless o >
%, no tasks will ever be given their maximum alloca-
tion. Note also that it is possible to specify the reserve
pseudo-task utility function by specifying rq and ry and

BE_ and W = 1=¢"" Bg—aro/R,
ry—rg l—e—-1 a

computing o =
5.3 Bound Utility Policy

While the reserve resource policy can significantly
reduce the reconfiguration rate for a given average
global utility value compared to homogeneous alloca-
tion policies, there is no constraint on how far the
global utility can deviate from optimal. For this
reason we consider a modification to the reserve re-
source policy which we call the bound-utility policy
Py(W,a, By,). The bound-utility policy guarantees
that the instantaneous global utility is within at least
B,,, of the optimal utility.



In the bound utility policy, we first use Q-RAM to
compute the utility U,,; which would be possible if it
could select set-points for all of the existing tasks and
the incoming task. Tasks are admitted in the same
manner as in the reserve resource policy where the in-
coming task competes with a reserve resources pseudo-
task. We use the same utility function as shown in
Equation 4 for the bound utility policy as with the re-
serve resources policy. If the utility which would result
is less than U,p; By,, then we reconfigure the smallest
number of tasks necessary to achieve a utility greater
than U,,; B,,. The reconfigured tasks compete with
the incoming task and the reserve pseudo-task for all of
the resources not used by the other fixed tasks. When
selecting tasks to reconfigure, we always choose tasks
with the lowest marginal utility. This will result in the
greatest release of resources for the smallest decrease
in utility.

We also incorporate an exit policy to ensure that
utility remains within the bound. If after a task departs
(becomes inactive) the global utility becomes less than
Uopt B, then we reconfigure the smallest number of
tasks necessary to result in a global utility greater than
Uospt Bm. Just as in an arrival triggered reconfiguration,
the tasks compete against the reserve pseudo-task, but
unlike in the arrival triggered reconfiguration we select
tasks having the highest marginal utility. This gives
us the largest gain in utility for the smallest amount of
resources.

6 Experimental Results

In this section we compare the performance of the
various admission control policies using simulation re-
sults. The simulator generates streams of admission
and departure requests according to the model de-
scribed in Section 4. In the simulation experiments
we take the maximum amount of resources R to be
20, and we assume exponentially distributed arrivals
and departures with A = g = 1. We control the load
by changing the total number of tasks N (idle and ac-
tive). We simulate a low load case with N = 35, a
medium load case with N = 50 and a high load case
with V = 65. Note that the arrival A and departure u
rates are on a per-task bases (e.g., if there are 12 idle
tasks, the system arrival rate will be 12}).

The majority of the results are presented using an
Average Global Utility versus Reconfiguration Rate
tradeoff curve. Each point on these curves represents
an operating point for some policy with some settings
of the policy parameters. Ideally we would like to be as
high as possible on the Y-axis (high utility, zero recon-
figurations). Many of the techniques used to analyze

ROC curves[10] can be used to analyze these policy
tradeoff curves. For example, if we associate a profit
pu and a cost ¢, with utility and reconfigurations re-
spectively, then a line of constant profit on the tradeoff
plot would be a line of slope £=. As the constant-profit
line is translated down and to the right, the lines rep-
resent smaller profits, and as the lines shift up and to
the left the lines represent larger profits.

The constant-profit line model gives us a tool for
graphically comparing policies. We can imaging plot-
ting points representing the measured performance
points for a set of policies. We then mentally picture
sliding a line of slope == down and to the right until
we touch the first pointu. This will be the point cor-
responding to the highest profit policy. Many policies
have parameters which can be adjusted to yield a fam-
ily of policies. This can be represented as a curve or
set of curves on the tradeoff graph.

The tradeoff curve for the homogeneous policy
Pgp(A1, As) under a medium load (i.e., N=50) is shown
in Figure 2. Each of the lines on this curve is for a par-
ticular value of A1, and the points on each of the curves
correspond to different values of A; with the largest
values of A5 corresponding to the lowest reconfigura-
tion rates. The maximum utility value occurs when
A; = 0 and As = 20 yielding a utility of 21.57 and a
reconfiguration rate of 1152. We can see that the curve
for A; = 0 is above all of the other curves for reconfig-
uration rates between 0 and 10. This implies that for
the medium load case, it is never advantageous to set
Aj to any value other than zero.

The medium-load tradeoff-curve for the reserve re-
source policy Pr(W,«, N,,T;) is shown in Figure 3.
The low-water parameter was set at 7; = 0.05 for
this experiment. Each curve is for different combina-
tions of the number of tasks N, to reconfigure on a re-
source shortfall and the exponential shape parameter
«. Points on the curve correspond to different weight
values for the reserve resource pseudo-task. Here we see
that in general setting the number of tasks to recon-
figure N, to 1 generally results in better performance,
and setting the shape parameter « to 1 also generally
produces better performance, although there is a small
region where a = 5 yields better performance.

Figure 4 shows the medium-load tradeoff-curve for
the bound utility policy Py(W,a, Bn). In this plot,
curves for different weight and a parameter values are
shown, with the points on the curves representing val-
ues of the bound B, ranging from 0.5 to 0.9. Through
experimentation we have found that weight factors near
0.05 tend to result in the best performance. We also see
that the for reconfiguration rates below ¢ = 8, lower
« values are preferred, but at higher reconfiguration
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Always Optimal | Bound Utility
Load U @ U 1)
low 17.17 141 | 16.26 0
medium | 21.57 1152 | 19.43 1.8
high 23.51 2079 | 21.16 3.5

Table 1. Always Optimal vs. Bound Utility

rates, higher « values are preferred.

Now let ¢(P(z)) be the reconfiguration rate result-
ing from using admission policy P with parameter set-
ting z, and let U,(P(z)) be the average global utility
resulting from the same policy and setting. We define
the policy performance curve of an admission policy to
be the set of points (¢(P(x)), Uy (P(x)) such that for all
z', ¢(P(x)) = ¢(P(z")) implies Uy (P(x)) > U,(P(x")).
In other words, it is the curve that would be formed
by plotting the performance points for all possible set-
tings and drawing a line along the top edge of these
points. The performance curve of a policy represents
the best that a policy can do when its parameters are
optimally tuned for a particular utility /reconfiguration
rate tradeoff.

Policy performance curves for low, medium and high
load conditions are shown in Figures 5, 6 and 7. The
curves show that as expected, the non-homogeneous
policies perform significantly better than the homoge-
neous policy, and that the bound utility policy gener-
ally performs slightly better than the reserve resource
policy. Table 1 compares utility and reconfiguration
rate for the always optimal policy with the bound util-
ity policy at the point where it achieves 90% of the
optimal utility value. Even under high load, there is
a very significant reduction in the reconfiguration rate
for a modest decrease in the global utility.

7. Conclusion

In this paper we have explored the performance
characteristics of several admission control policies for
dynamic optimization of QoS. We have shown that the
selection of an admission policy can have significant
impact on the performance. In general, we have shown
that while homogeneous algorithms can achieve the
highest global utility, when stability is considered, non-
homogeneous provide better a utility /stability tradeoff.
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