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Abstract

We consider the problem of how to design resource allocation policies that both
provide good performance at predicted environmental conditions and are robust
against changes or misprediction of the environmental conditions. We evaluate
various common threshold-based allocation policies within a simple model, where
there is a clear tradeoff between the (conflicting) goals of good performance and
robustness. We then propose and evaluate a new threshold-based policy, ADT
(adaptive dual thresholds), that achieves both the desired goals.

1 Intro duction

A commonproblemin computerand comnunication systemsis decidinghow to allocate
resources(e.g. CPU time and bandwidth) among jobs. A good (resource)allocation
policy that maximizessystemperformance,e.g.with respectto meanresponsetime and
throughput, often hasparametersthat needto be tuned to acieve the bestperformance.
Sincethe optimal settings of the parameterstypically depend on ervironmental condi-
tions sud as systemloads, an allocation policy whoseparametersare chosento acieve
the best performancein a certain environment can provide poor performancewhen the
environment changesor when the prediction of the environment waswrong.

The objective of this paper is to designand study characteristicsof various allocation
policiesin a simple model, wherethere is a cleartradeo betweengood performanceand
robustnessagainst changesand misprediction in loads. The study in this simple model
provideslessonghat are usefulin designingallocation policiesin more complexsystems.

Our model consistsof two senersand two queues,as showvn in Figure 1. Jobsarrive
at queuel and queue?2 accordingto Poissonprocessesvith rates ; and », respectively.
Jobs have exponertially distributed service demands; howewer, the running time of a
job may also depend on the anit y betweenthe particular serer and the particular
gueue. Hence,we assumethat serer 1 processegobs in queuel (type 1 jobs) with rate
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Figure 1. A two server madel.

1 (jobs/sec), while sener 2 can processtype 1 jobs with rate 1, (jobs/sec) and can
processjobs in queue?2 (type 2 jobs) with rate , (jobs/sec). Wedene ;= 1= 4,

»= = and”™ = 1= 1+ (1 ). Notethat , < 1and” < 1arenecessary
for the queuesto be stable under any allocation policy, sincethe maximum rate at which
type 1 jobs can be processeds 1, from sener 1, plus 1,(1 ), from sener 2.

In this paper, we designand evaluate allocation policies in the model in Figure 1
with respect to two objectives. First, we seekto minimize the weighted averagemean
responsetime, ¢;pE[R1] + &p2E[R2], where ¢ is the weight (importance) of type i
jobs,pi = i=( 1+ ») is the fraction of typei jobs, and E[R;] is the mean response
time! of type i jobs, for i = 1;2. Second,we want our policy to be robust against
misprediction and changesin loads, ; and ,. In this paper, we focus on threshold-
basedallocation policies, sincetheseare commonand natural in our model. Note that
the optimal allocation policy is not known in our model, despitethe fact that it hasbeen
investigatedin numerouspapers|[l, 3, 4, 5, 7, 8] (seealsoreferencesn [6]).

We start, in Section 2, by consideringtwo common allocation policies. The rst
policy (T1 policy) placesa threshold, T;, on queuel, wherely sener 2 senestype 1
jobs only when the length of queuel exceedsT; (or serne 2 is idle). The secondpolicy
(T2 policy) placesa threshold, T,, on queue2, wherely sener 2 senestype 1 jobs only
when the length of queue2 is below T,. Only coarseappraximations exist for analyzing
responsetime under the T1 and T2 policies. Hence,we introduce a near-exactanalysis
technique in [6], which is alsoapplicableto all the allocation policiesthat we investigate
in this paper. Our analysis demonstratesa tradeo between good performance (low
responsetime) at predicted load and robustnessacrossloadsin the T1 and T2 policies.
This tradeo motivates us, in Section 3, to introduce two new allocation policies (the
T1T2 policy and the ADT policy), both of which are basedon the idea of using multiple
thresholds. While thesetwo new allocation policies appear similar in their de nition, it
turns out that their characteristics are very di erent. In particular, we shov that the
ADT policy is able to achieve both good performanceat predicted load and robustness.

2 Evaluating simple threshold-based policies

2.1 T1 and T2 policies

The T1 policy is motivated by someshortcomingsof the ¢ rule [2]. Recallthat the c
rule biasesin favor of jobs with high c (high importance) and high  (small expected

IHere responsetime refersto the total time from when a job is requesteduntil the job is completed
{ this includes queueingtime and servicetime.
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Figure 2: Figures showwhether server 2 works on jobs from queuel or queue2 as a
function of N; and N, under (a) the T1 policy and (b) the T2 policy.

size). Applying the ¢ rule to our setting translatesto letting a sener processjobs from
the nonempty queuewith the highestc value. Under the ¢ rule, sener 2 senestype
1 jobs (rather than type 2 jobs) if ¢; 1, > ¢, 5, or queue?2 is empty. The ¢ rule is
provably optimal when sener 1 doesnot exist [2]. Howewer Squillante et. al. [7] aswell
asHarrison [4] have shown that ¢ rule may leadto instability evenif ~y < 1and , < 1.
For example,the ¢ rule may force sener 2 to processtype 1 jobs even when mary jobs
are built up at queue2, leadingto instability in queue2 and under-utilization of sener 1.
Squillarte et. al. [7] and Williams [8] have independerly proposeda threshold-based
policy that, under the right choice of threshold value, improves upon the ¢ rule and
guararteesstability whenewer , < 1and , < 1. Wereferto this threshold-basedpolicy
asthe T1 policy, sinceit placesa threshold value, T;, on queuel, sothat sener 2 only
processesype 1 jobs when there are at least T, jobs of type 1, or if queue2 is empty.
The rest of the time sener 2 works on type 2 jobs. The motivation behind placing the
thresholdon queuel isthat it \reserves"a certain amourt of work for sener 1, preverting
sener 1 from being under-utilized and sener 2 from being overloaded. More formally,

De nition 1 Let N; (respectively, N,) denotethe numler of jobs at queuel (respec-
tively, queue2). The T1 policy with parameter T, is characterizel by the following set of
rules, all of which are enforced preemptively (preemptive-resume):

Server1 servesonly its own jobs.

Server 2 servesjobs from queuel if either (i) N; Ty or (i) N=0& N; 2
Otherwise, server 2 servesjobs from queue2.?

Figure 2(a) shownsthe jobs processedy sener 2 asa function of N; and N, underthe T1

policy. Note that the T1 policy with T; = 1isthe sameasthe ¢ rule whenc; 12> ¢ »,

and the T1 policy with T, = 1 is the sameasthe ¢ rule whenc; 1, < ¢, ,. Bell and

Williams prove the optimality of the T1 policy for a model closelyrelated to oursin the

heavy trac limit, where”; and , are closeto 1 from below [1]. In the T1 policy, the

higher T; valuesyield the larger stability region,and in the limit of T; = 1 , the queues
under the T1 policy are stableaslongas”; < 1 and , < 1. More formally, we prove
the following theoremin [6]:

2To achieve maximal e ciency , we assumethe following exceptions. When N; = 1 and N, = 0, the
job is processedby sener 2 if and only if ;3 < 15. Also, whenT; = 1 and N; = 1, the job in queuel
is processedby sener 2 if and only if 1 < 1, regardlessof the number of type 2 jobs.



Theorem 1 Under the T1 policy with parameter T; < 1 , queuel is stableif and only
if 1< 1+ 15, andqueue?2 is stableif and only if
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whenT; > 1land ;6 1. (See [6] for thecaseof Ty = 1or ;= 1)

An alternative threshold-basedpolicy that guararteesstability whenewer #; < 1 and

2 < listhe T2 policy. The T2 policy placesa threshold value, T,, on queue2, sut

that sener 2 processesgype 1 jobs only whenthere are lessthan T, jobs of type 2, thus
preverting sener 2 from being overloaded. More formally,

2 <

De nition 2 The T2 policy with parameter T, is characterized by the following set of
rules, all of which are enforced preemptively (preemptive-resume):

Serverl servesonly its own jobs.

Server 2 servesjobsfrom queuel if N, < T,. Otherwiseserver 2 servesjobs from
queue2.®

Figure 2(b) shaws the jobs processedoy sener 2 as a function of N; and N, under the
T2 policy. Recallthat the T1 policy guararteesstability wheneer »; < 1 and ,< 1
provided that T, is chosenappropriately. By cortrast, the T2 policy guararteesstability
wheneer A, < 1 and , < 1 for any nite T,. More formally, the following theorem
holds, which we state without proof:

Theorem 2 Under the T2 policy with T, < 1 , queuel is stableif and only if ~ < 1,
and queue? is stableif andonly if , < 1.

2.2 Comparison of T1 and T2 policies

In this section,we study characteristicsof the T1 policy and the T2 policy by ewaluating
the weighted meanresponsetime under various settings. In [6], we introduce a compu-
tationally e cient and near-exactanalysisof the meanresponsetime under the T1 and
T2 policies, and this analysisenablesus to study the T1 and T2 policiesextensiwely. In
this paper, we limit our focus on the casewheretype 1 jobs and type 2 jobs have the
sameweigh, i.e. ¢c; = ¢, = 1, for a generalcaseof c; 6 ¢, see[6].

Whenc; = ¢, and 15 2, We prove in [6] that T; = 1 is the optimal choice for
the T1 policy and T, = 1 is the optimal choice for the T2 policy with respect to both
performanceat the estimated load and robustness. Thus, the T1 and T2 policies with
the optimal threshold valuesbecomethe sameunder this setting (i.e. they both follow
the ¢ -rule: sener 2 works on jobs from queuel only when queue2 is empty). Hence,
belowv, we limit our attention to the caseof 1, > ,. Note that condition 1, > 5 is
achieved when type 1 jobs are small and type 2 jobs are large (in the general caseof
c. 6 ¢, condition ¢; 1o > G », is also achieved when type 1 jobs are more important
than type 2 jobs) and/or in the pathological casewhen type 1 jobs have good a nit y
with sener 2.

Figure 3 shaws the weighted meanresponsetime (overall meanresponsetime) under
the T1 policy (top row) and the T2 policy (bottom row). Dierent columnscorrespnd
to dierent ;'s. Here,c; o= landc, 5= %1 are xed. The overall meanresponsetime

SWhen N; = 1 and N, = 0, we allow the sameexception asin the T1 policy.



T1 policy

80/

40

60 ! 30t

40 ¢ 20}

20 —fF0es ) b —F,7085] | . — £,=0.95
.. 1,509 A ... t,=00 o ... 1,209
$,=0.8 $,=0.8 t,=0.8
0 0 0
0 10 20 30 40 0 10 20 30 40 0 10 20 30 40
T ) T T
@c 1= (b)c1=1 (c)c 1=4
T2 policy
80 — — 40 ‘ ‘ : 10
60f .- ‘ 30¢ 8
‘ 6
40 L 20}
; 4
" —fF08s| =095 sl —_£,=095
e 200 : ... 1,209 2 e 200
$,=0.8 $,=0.8 $,=0.8
0 : ‘ 0 : : 0 : ‘
0 10 20 30 0 0 10 20 30 40 0 10 20 30 40
T2 . T2 T2
(dc 1= 3 (e)c, 1=1 f)c 1=4

Figure 3: The overll mean respnsetime under the T1 and T2 policies as a function
of T,and To. Here, ¢t = 6 =1,¢ 12=1,¢ > = %1, and , = 0:6 are xed. When
CL 1= % (in the left column) and *; = 0:95, the overll mean respnsetime under the
T2 policy is over 100 for all T,, and does not appear in the gure.

is evaluated at three loads, *, = 0:8;0:9;0:95 (only  is changed}, and , is xed at 0.6
throughout. See[6] for discussionon the other valuesof ».

The top row of Figure 3 shows that the overall mean responsetime under the T1
policy is minimized at some nite T,, and that the optimal T, dependson ervironmerntal
conditions suc asload () and job sizes( ;). By Theorem1, a larger value of T, leads
to a larger stability region, and hencethere is a tradeo betweengood performanceat
the estimated load, (*1; 2), which is achieved at smaller T;, and stability at higher ~;
and/or ,, which is achieved at larger T,. Note also that the curves have sharper \V
shapes" in generalat higher ~;, which make it di cult to choosethe right T4, sincethe
overall meanresponsetime quickly divergesto in nit y, as T; becomessmaller.

The bottom row of Figure 3 shows that the overall mean responsetime under the
T2 policy is minimized at T, = 1 or small T,. Sincechoosingeither T, = 1 or small T,
minimizes the overall meanresponsetime at the estimated load and still provides the
maximum stability region, there is no tradeo . Howeer, obsene that the overall mean
responsetime under the T2 policy with the optimal T, can be much higher than that
under the T1 policy with the optimal T;.

“Note that ~ = 0:8;0:9;0:95 corresppndsto 1 = 2:08;2:34; 2:47 when ; = 1=4 (column 1), ; =
1:12,1:26;1:33when 1 = 1 (column 2), and 1 = 0:88;0:99;1:045when ; = 4 (column 3).
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Figure 4: Ovenall mean respnsetime under the T1 policy and the T2 policy (T, = 1) as

afunction of ,, wheeci,=c=1,¢ 1=¢ 12=1,C »= 1—16 and ;= 1:12 are xed.

Figure 4(a) highlights the tradeo betweenthe performanceat the estimated load
and the robustnessagainst changesand misprediction in load in the T1 policy, plotting
the overall meanresponsetime asa function of , (only » is changed). When , = 0:6,
T, = 6 is the optimal choice, and overall meanresponsetime is lower with T; = 6 than
with T, = 20. If it turns out that , = 0:8 is the actual load, then the T1 policy with
T, = 6 leadsto instability (in nite overall meanresponsetime), while the T1 policy with
T, = 20still gives nite and low overall meanresponsetime. In the above sensethe T1
policy is not robust againstmisprediction or changesin load. One can choosea higher T,
(=20) to guarartee stability at higher loads, but this will result in worseperformanceat
the estimated load. Thus, the T1 policy exhibits a tradeo betweengood performance
at the estimated load and robustnessagainst changesand misprediction of load.

Sincethe T2 policy is typically optimal with T, = 1 and the maximum stability
region is guararteed with T, = 1, one might expect that the T2 policy has robustness
against misprediction or changesin load. Figure 4(b) shows the overall meanresponse
time underthe T2 policy with T, = 1 asafunction of ,. Although the T2 policy is more
robust than the T1 policy in the sensehat it canguarartee nite overall meanresponse
time for a wider range of load, the gure suggestghat the nite overall meanresponse
time can be very high under the T2 policy.

3 Designing new robust threshold-based policies

3.1 T1T2 policy

Onemight arguethat the stability issueof the T1 policy with small optimal T, is resolhed
simply by placing an additional threshold, T,, on queue2, sothat if the length of queue
2, N,, exceedsT,, sener 2 works on type 2 jobs regardlessof the length of queuel, thus
preverting queue2 from becomingunstable. We refer to this policy asthe T1T2 policy,

sinceit operatesasthe T1 policy only whenN, T,. More formally,

De nition 3 The T1T2 policy with parametersT,; and T, is characterized by the follow-
ing setof rules, all of which are enforced preemptively (preemptive-resume):

Server1 servesonly its own jobs.
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Figure 5: Figures showwhether server 2 works on jobs from queuel or queue2 as a
function of N; and N, under (a) the T1T2 policy and (b) the ADT policy.

Server 2 servesjobs from queuel if either (i) Ny T; & N < T, or (i) N, =0
& N; 2. Otherwise,server 2 servesjobs from queue2.

Figure 5(a) shavsthe jobs processedy sener 2 a function of N; and N, underthe T1T2
policy. The stability region of the T1T2 policy is the sameasthat of the T2 policy. We
state the following theoremwithout proof:

Theorem 3 Under the T1T2 policy with parametersT; and T, < 1 , queuel is stable
if and only if ~; < 1, and queue? is stableif andonly if , < 1.

Figure 6(a) shovsthe overall meanresponsetime underthe T1T2 policy asa function
of ,, whereT,; = 6 and T, = 10, 20, or 40. Recallthat the T1 policy aciievesits lowest
overall meanresponsetime given , = 0:6 whenT, = 6. The T1T2 policy with T, = 61is
designedto provide a wider stability regionwith the near-optimal overall meanresponse
time at , = 0:6. In fact, when , = 0:6, the overall meanresponsetime underthe T1T2
policy with T; = 6 is comparableto that underthe T1 policy with T; = 6 for a range of
T,. For higher , (specically, , > 0:76), the T1T2 policy (with T, = 6) provides lower
overall meanresponsetime than the T1 policy with T, = 6, hencebeing more robust.
Howewer, the range of load for which the T1T2 policy improvesupon the T1 policy is
limited. For example,when , = 0:8, the overall meanresponsetime under the T1T2
policy with any value of T, is signi cantly higher than the T1 policy with T, = 20.

The inadequacyof the T1T2 policy is primarily dueto the fact that the T1T2 policy
operates like the T2 policy at higher load, but the performanceof the T2 policy is
typically poor at any load as comparedto the optimal T1 policy. This motivates us to
introduce a new policy, the ADT policy, which alwaysoperatesasa T1 policy.

3.2 ADT policy

The key ideain the designof the adaptive dual threshold (ADT) policy is the useof two
thresholds,Tl(l) and Tl(z), both on queuel togetherwith athreshold, T,, on queue2. The
ADT policy behaveslike the T1 policy with threshold Tl(l) if the length of queue2 is less
than T, and otherwiselike the T1 policy with a higher threshold, Tl(z). Thus, in cortrast
to the T1T2 policy, the ADT policy is alwaysoperating asa T1 policy, but unlike the
standard T1 policy, the value of T, adapts, depending on the length of queue2.

SWhen N; = 1 and N, = 0, we allow the sameexception asin the T1 policy.
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Figure 6: Overall mean respnsetime under (a) the T1T2 policy and (b) the ADT policy
asa function of ,, wheec,=c=1,¢ 1=¢ 1p=1,C »= 1—16 and ;= 1:12

Wewill seethat the ADT policy is morerobustthan the T1 policy againstchangesand
misprediction in loadsdue to the dual thresholdson queuel. First, the dual thresholds
on queuel allow sener 2 to help queuel lesswhenthere are moretype 2 jobs, preverting
sener 2 from becomingoverloaded. This leadsto the increasedstability region. Second,
the dual thresholds make the ADT policy adaptive to changesin load (*; and ), in
that it operateslike the T1 policy with threshold Tl(l) at the estimatedload and like the
T1 policy with a higher threshold Tl(z) at a higher load.

Formally, the ADT policy is characterizedby the following rule.

De nition 4 The ADT policy with parameters Tl(l), Tl(z), and T, operates as the T1
policy with parameter T, = Tl(l) if N, T,; otherwise,it operatesas the T1 policy with
parameter T; = T2,

Figure 5(b) shows the jobs processediy sener 2 underthe ADT policy as a function of
N; and N,. At high enough”; and ,, N, usually exceedsT,, and the policy behaves
similarly to the T1 policy with T, = Tl(z). Thus, the stability condition for the ADT
policy is the sameasthat for the T1 policy when T, is replacedby Tl(z). In [6], we prove
the following theorem:

Theorem 4 The stability condition (necessaryand su cient) for the ADT policy with
parametersTl(l), Tl(z), and T, is given by the stability condition for the T1 policy with
parameter T; = T2 (Theorem 1).

Figure 6(b) illustrates the robustnessof the ADT policy, shaving the overall mean
responsetime under the ADT policy as a function of ,. It is obsened that (i) perfor-
manceat the estimatedload ( , = 0:6 in Figure 6(c)) is well characterizedby Tl(l), and
(ii) stability is characterizedby Tl(z) (recall Theorem4). Also, the ADT policy achieves
at leastas good performanceasthe better of the T1 policieswith two di erent T, values
throughout the rangeof ,. We shaw in [6] that the ADT policy is alsorobust against
changesin .

Sincethe ADT policy requires specifying three thresholds,Tl(l), Tl(z), and T,, one
might want to avoid seardiing the spaceof all possibletriples for the optimal settings.
In choosingthe thresholdsof the ADT policy in Figure 6, we have followed the following
sequetial heuristic:



1. SetT{" asthe optimal T; value for the T1 policy at the estimated load.
2. ChooseT,? sothat it achievesstability in a desiredrange of load.

3. Find T, sud that the policy provides both good performanceand stability.

We nd that the performanceat the estimatedload is relatively insensitive to Tl(z), and

hencewe can choosea high T{? to guarartee a large stability region (see[6] for details).
Also, sincethe stability regionis insensitive to T\ and T,, we can choosethesevaluesso
that the performanceat the estimated load is optimized. Determining the appropriate
T, is a nontrivial task. If T, is settoo low, the ADT policy behaveslike the T1 policy
with threshold T; = Tl(z), degradingthe performanceat the estimated load, sinceTl(Z)
is larger than the optimal T; in the T1 policy. If T, is settoo high, the ADT policy
behaveslike the T1 policy with threshold T; = T\". This worsensthe performanceat
loadshigher than the estimatedload. Although a larger stability regionis guaranteed by
setting Tl(z) higher than the optimal T, in the T1 policy, the overall meanresponsetime
at higher loads can be quite high, albeit nite. In plotting Figure 6, we nd \good" T,
valuesmanually by trying a few di erent values,which takesonly a few minutes.

4 Conclusion

In this paper, we designand evaluate various threshold-basedesourceallocation policies
in a simple model of two senersand two queues.This providesus with lessonghat are
useful in designingresourceallocation policiesin more complex systems. The study of
simple allocation policies,the T1 policy and the T2 policy, revealsthe tradeo between
good performanceat the estimated ervironmental conditions versusrobustnessagainst
changesand misprediction of the environmental conditions. For example,we have seen
that whenthe threshold value is chosenappropriately, the performanceof the T1 policy
is no worsethan or very closeto the best performanceadieved by all the other allo-
cation policies studied in this paper. Howewer, the optimal threshold value for the T1
policy dependson the ervironmental conditions, and a threshold value that works for the
current load may causeinstability under higher loads. On the other hand, the T2 policy
guararteesthe maximum stability regionand hasmorerobustnessput its performanceis
usually poor. The superiority in performanceof the T1 policy over the T2 policy brings
up another interesting point: it is better to determine when help is provided basedon
the \b ene ciary" queuelength rather than the \donor" queuelength.

An obvious\ x" for the lack of robustnessin the T1 policy is to use an additional
threshold to guarartee stability at higher load. This is the idea behind the designof the
T1T2 policy. It turns out, howewer, that the improvemern in robustnessin the T1T2
policy is marginal. This is primarily due to the fact that the T1T2 policy operateslike
the T2 policy at higherload, and the performanceof the T2 policy is typically poor at any
load. That is, letting the both queueshave cortrol (the T1T2 policy) is not much better
than letting the bene ciary queuealonehave cortrol (the T1 policy). The inadequacyof
the T1T2 policy motivatesus to proposea new allocation policy, the ADT policy.

Unlike the T1T2 policy, the ADT policy always operatesasa T1 policy, adapting its
threshold value to changesin ervironmental conditions. A dicult y in designingsud
an adaptive allocation policy is detection of changesin the environmental conditions or
preciseprediction of the environmental conditions. In our model, we are able to \detect"
the changesor misprediction in the ervironmental conditions by observingthe length of



gueue2, N,. In particular, the ADT policy usesa threshold value that is appropriate at
low load when N, is low, and it usesa threshold value that is appropriate at high load
when N is high. It turns out that the performanceof the ADT policy is better than
or very closeto the two T1 policies with di erent threshold values;that is, the ADT
policy can provide good performanceat estimated ernvironmental conditions and is also
robust. We conjecturethat a policy that usesmore thresholdson queuel and chooses
an appropriate threshold depending on N, would provide better performanceacrossa
wider range of load, at the expenseof additional complexity.

Finally, we provide someguidelinesfor designingresourceallocation policieswith good
performanceand robustnessfor more complexcomputer and comnunication systems.A
rst step would be to designan allocation policy that can provide good performanceat
the estimated environmental conditions (the T1 policy in our model). It may help to
considera simpler approximate model. A secondstep would be to nd someindicator,
within the system, of the changes/mispredictionof the ervironmental conditions (N, in
our model). If there is no sud internal indicator, we would needto designone. A last
step would be to nd an appropriate mapping from the internal state (e.g., N,) to the
parameter (e.g., T;) of the good allocation policy (e.g., the T1 policy). Towards this
end, it would be helpful to have analysistechnique (e.g., our analysistechnique in [6]
usedthroughout this paper) that allows us to evaluate the allocation policy swiftly and
accurately at various environmental conditions.
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