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Abstract

We consider the problem of scheduling a maximum profit selection of jobs onm identical
machines. Jobs arrive online one by one and each job is specified by its start and end time. The
goal is to determine a non-preemptive schedule which maximizes the profit of the scheduled
jobs, where the profit of a job is equal to its length. Upon arrival of a new job, an online
algorithm must decide whether to accept the job (“admit the job”) or not. If the job is accepted,
the online algorithm must be able to reorganize its already existing schedule such that the new
job can be processed together with all previously admitted jobs. The algorithm need not specify
on which machine the job will eventually be run.

We provide lower bounds on the competitive ratio for randomized algorithms against an
oblivious adversary and present deterministic algorithmswhich essentially match the lower
bounds.

1 Introduction

Suppose that you are given a pool of cottages which you have for rent for a given holiday period,
without loss of generality the interval[0, T ]. People make reservation requests over the phone until
a predefined deadline (which is before the holiday period starts), requesting a cottage[aj , bj ] ⊆
[0, T ]. Given a rental request one must decide without (complete) knowledge about future requests,
whether to accept this request and make a profit that is proportional to the renting durationbj − aj

or to reject it. For this cottage-rental application and similar reservation problems, it is natural that
people want an immediate answer. The setup that all requestsare known before the holiday period
starts is also reasonable for this application since for popular regions no-one would ever think about
requesting a cottage during the high-season.

The above problem is related to the seat-reservation problem (see e.g. [7, 8]), the difference
being that the specific cottage need not be fixed upon acceptance of a request. Moreover, in [7, 8]
there is a fairness restriction: it is assumed that passengers that can be accepted must be accepted.
Anyone trying to reserve a cottage for one night in the middleof the high season will find out that
cottage owners are not necessarily fair (in this sense).

The above rental problem is a special case of the job admission problem, denoted byOJA,
studied in this paper. We are givenm machines, a time horizon ofT time units, and a sequence of
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jobsσ = r1, . . . , rn, which are released one by one. Each of these jobsrj has a fixed start timeaj

and end timebj, and each job needs to be accepted or rejected before we move to the next one. We
assume that time has been scaled in such a way thatminj(bj −aj) = 1. This assumption is justified
for instance in the cottage-rental application where the minimum rental period is a single day. It
should be noted that our algorithms still work ifminj(bj − aj) or a positive lower bound for this
quantity is known in advance. The goal is to select jobs to be processed such that the sum of the
lengths of the accepted jobs is maximized and there exists a feasible non-preemptive assignment of
jobs to machines, i.e., such that at any moment in time each machine processes at most one job.

An online algorithmfor OJA must base its decision for requestrj without knowledge of re-
questsri with i > j. A standard tool to measure the quality of an online algorithm ALG is competi-
tive analysis[5, 14], where one compares for each input sequenceσ the profitALG(σ) obtained by
ALG to the optimal profit achievable on that sequence, denoted byOPT(σ).

A deterministic online algorithmALG for OJA is c-competitive, if for any request sequenceσ the
inequalityALG(σ) ≥ 1

c
· OPT(σ) holds. For randomized algorithms against an oblivious adversary

(see [5] for details), one uses the expected benefitE [ALG(σ)] instead. Thecompetitive ratioof an
algorithm is defined to be the infimum over allc such that the algorithm isc-competitive.

We note here briefly that the offline-version of theOJA (where all jobs are known in advance)
can be solved in polynomial time, e.g. by network flow techniques. A sketch is included in Section
2 for completeness.

1.1 Our Results

In Section 3 we develop a general lower bound for the competitive ratio of randomized algorithms
for the job admission problem(OJA). Specifically, we give a lower bound of12(log T + 2) on the
competitive ratio of any randomized algorithm against an oblivious adversary, whereT is the time
horizon.

In Section 4.1 we present a first simple greedy-type deterministic 2∆σ+1-competitive algorithm
GREEDY, where∆σ = maxi,j∈σ

bi−ai

bj−aj
= maxi∈σ(bi − ai) is the maximum ratio of the profit of

two jobs.1 This simple algorithm forms the basis of the improved algorithm C-GREEDY which we
present in the following Section 5.1. The main competitiveness result is given in Section 5.1, where
we give a deterministic algorithmC-GREEDY that matches our lower bound from Section 3 up to
constant factors for the casem ≥ ⌈log T ⌉. Moreover, we show that form ≤ ⌈log T ⌉ our algorithm
C-GREEDY provides a competitive ratio of2m( m

√
T +1) ≤ 2 log T ( m

√
T +1), which is also optimal

up to a constant factor.

1.2 Previous Work

Several variations on the online job admission problem studied in this paper have been considered
in the literature.OJA is related to the problem of scheduling equal-length jobs onparallel machines,
where the jobs have release times and deadlines and the goal is to maximize the number of jobs
completed. Baruah et al. [4] showed that a greedy-type algorithms is 2-competitive for this problem
(where jobs arrive over time), a lower bound of4/3 for the competitive ratio of randomized algo-
rithms was given by Goldman et al. [11]. Chrobak et al. [9] provided a barely random algorithm

1Recall that time has been scaled in such a way thatminj(bj − aj) = 1.
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with competitive ratio5/3. The corresponding offline problem can be solved in polynomial time [3]
(see also notes in [9]).

Van Stee and La Poutré [15] considered the problem of partial servicing of online jobs. Here,
jobs arrive over time to be rejected or accepted, after whichthey must start immediately. The
algorithm can choose to serve some jobs only partially, and the goal is as here to maximize the
profit. The problem is different from ours in its notion of time (new requests cannot appear in the
past) and because of the option of serving jobs partially. However, it turns out that several ideas
from [15] can be used also to give good algorithms for the current problem.

The problemOJA in this paper can also be seen as a generalized version of online interval
scheduling [13], where only one machine is available. However, in the paper [13], jobs arrive
over time instead of one by one. Also, there is no pre-specified time horizon. As mentioned at
the beginning, another similar problem which has been studied is seat reservations on trains [7, 8].
Here passengers arrive online, specifying their desired connection, and need to be assigned a seat
immediately. Differences to that paper are that in making seat reservations, it is assumed that an
algorithm is not allowed to reject any passenger for whom there is still room in the train, and
they furthermore assume that the seat (in our case: machine)has to be assigned immediately upon
request. (The paper [7] considers a slightly relaxed case where each passenger may change seats a
fixed number of times during the trip.)

Finally, OJA can also be seen as a call admission problem in an optical network [1, 10, 12]. In
our case the network is simply a line. The main difference to optical call-admission on the line is the
profit model. For call-admission one assumes that each job has a uniform value2, independent of its
length. It seems that this changes the flavor of the problem substantially, since rejecting a large job
does not lose you more than rejecting a short job, and generally short jobs are easier to schedule.

2 The offline problem

In this section we show briefly how the corresponding offline problem can be solved efficiently.
Given a set of jobsJ consider a directed graphG = (V,A) with the following nodes: a sources, a
sink t and for every jobj ∈ J two nodesuj , vj . Thus,V := ∪j∈J{uj , vj} ∪ {s, t}.

For all j ∈ J we have an arc(uj , vj) with cost−pj, and the arcs(s, uj) and(vj , t) with cost 0.
For all i, j ∈ J with bi ≤ aj we introduce an additional arc(vi, uj) with cost 0 representing the
possiblility thatj can be scheduled directly afteri on the same machine. All arcs have unit capacity.
An example for such a network can be seen in Figure 1.

The offline version of the job admission problem onm machines can be solved optimally be
solving the problem of sending a minimum cost flow of flow valuem in G from s to t. Given an
optimal integer flow, a job should be accepted if and only if the flow value on an arc(uj , vj) is one.
Since everys-t-path corresponds to a set of jobs which can be scheduled on a single machine and
since the optimal flow decomposes into at mostm disjoint paths, these paths specify an optimal
assignment of the jobs to the specific machines.

2The value may depend on the bandwidth of the call but not on itslength, which is the path used to route the call.
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Figure 1: A graphG corresponding to a set of jobsJ = {1, . . . , 4} with a1 < a2 < b2 < a3 <
b1 < a4 < b3 < b4

3 Lower Bounds

In this section we derive a lower bound of1
2(log T + 2) for randomized algorithms against an

oblivious adversary. In order to establish this bound, we make use of Yao’s principle [16]:

Theorem 1 LetG be any finite request-answer game. LetALG be any online randomized algorithm
for G and letR̄OBL(ALG) be the competitive ratio ofALG against an oblivious adversary. Letp(i)
be any probability distribution over request sequences. Then

R̄OBL(ALG) ≥ max







min
j

Ep(i) [OPT(σi)]

Ep(i) [ALGj(σi)]
,min

j

1

Ep(i)

[

ALGj(σi)
OPT(σi)

]







. (1)

Proof See [5,6]. �

Theorem 2 Any randomized algorithm forOJA has a competitive ratio at least1
2 (log T +2) against

an oblivious adversary.

Proof For i = 0, . . . , log T , consider the sequenceσi which for each0 ≤ j ≤ i containsm jobs
of length2j (thus,σi specifies a total of(i + 1)m jobs). The jobs inσi will be given in increasing
order of length, and all requests have a start time of0. Clearly, for each machine at most one of
these jobs can be contained in any schedule and we haveOPT(σi) = m2i.

We make use of the second bound in (1) to derive the lower boundon the competitive ratio of
randomized algorithms against an oblivious adversary. Specifically, we give a distributionp(i) over
the request sequencesσi such that for any deterministic algorithmALG we have

Ep(i)

[

ALG(σi)

OPT(σi)

]

≤ 2

log T + 2
.

Using Yao’s principle from Theorem 1 above then yields the desired lower bound of1/( 2
log T+2) =

1
2(log T + 2).

Let q(j) be the number of jobs of length2j accepted by a given deterministic algorithmALG,
when given any sequenceσi wherei ≥ j. Since up to this point in time all theseσi are identical,
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ALG has to make the same decision, how many of these jobs to acceptand thereforeq(j) has to be
identical for all thoseσi.

Thus, when processingσi the ratio of the profits byALG andOPT is

ALG(σi)

OPT(σi)
=

∑i
j=0 q(j) · 2j

m · 2i
. (2)

We now derive a probability distributionp over the sequencesσi such that for each deterministic
algorithmALG we have

Ep(j)

[

∑i
j=0 q(j) · 2j

m · 2i

]

≤ 2

log T + 2
.

As afore mentioned by using Yao’s principle the bound then follows.
Let p(i) to be the probability thatσi occurs. Then, the expected value of the profit ratio can be

computed by:

Ep(i)

[

ALG(σi)

OPT(σi)

]

=

log(T )
∑

i=0

p(i) · ALG(σi)

OPT(σi)
=

log T
∑

i=0

p(i) ·
∑i

j=0 q(j) · 2j

m · 2i

=

log T
∑

i=0

p(i)
i

∑

j=0

2j−i

m
· q(j) =

log T
∑

j=0

log T
∑

i=j

2j−ip(i)

m
· q(j)

Observe that, given a distributionp(i) on the instancesσi, all deterministic algorithms only
differ in the number of jobs they accept of each of the given length classes of jobs. Thus, we
can find the deterministic algorithm with the largest expected profit ratio by solving the following
integer linear program:

(IP1) max

log T
∑

j=0

log T
∑

i=j

2j−ip(i)

m
q(j)

s.t.
log T
∑

j=0

q(j) ≤ m

q(j) ≥ 0 for all j = 0, . . . , log T

To obtain an upper bound for the optimal solution of this problem it suffices to find a feasible
solution of the dual of its linear relaxation, which is givenby:

(LP1) min m · y

s.t. y ≥
log T
∑

i=j

2j−ip(i)

m
for all j = 0, . . . , log T

y ≥ 0
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The optimal solution of (LP1) can be computed by

min{my : y ≥
log T
∑

i=j

2j−ip(i)

m
, j = 0, . . . , log T}

= max
j=0,...,log T

{m ·
log T
∑

i=j

2j−ip(i)

m
} = max

j=0,...,log T
{
log T
∑

i=j

2j−ip(i)}.

The quality of the bound obtained this way depends on the applied distributionp. The distribu-
tion which yields the lowest bound can be found by solving another linear program:

(LP2) min y

s.t.
log T
∑

i=j

2j−ip(i) ≤ y for all j = 0, . . . , log T

log T
∑

i=0

p(i) = 1

p(i) ≥ 0 for all i = 0, . . . , log T

y ≥ 0

The optimum is attained forp(i) := 1
log T+2 for i = 0, . . . , log T − 1 andp(log T ) = 2

log T+2 ,
which can be easily seen by using the fundamental theorem of Linear Programming and the fact
thatp as given above is a basic solution. Thus, we have

max
j=0,...,log T

{
log T
∑

i=j

2j−ip(i)} = max
j=0,...,log T

{
( log T

∑

i=j

2j−i

log T + 2

)

+
2j−log T

log T + 2
}

= max
j=0,...,log T

{ 1

log T + 2

(

2j

T
+

log T
∑

i=j

2j−i

)

}

= max
j=0,...,log T

{ 1

log T + 2

(

2j

T
+ 2j

log T
∑

i=j

1

2i

)

}

= max
j=0,...,log T

{ 1

log T + 2

(

2j

T
+ 2j · 2 ·

(

1

2j
− 1

2log T+1

))

}

= max
j=0,...,log T

{ 1

log T + 2

(

2j

T
+ 2 − 2j

T

)

} =
2

log T + 2

This completes the proof. �

4 Competitive Algorithms

In this section we present our competitive algorithms for the OJA.
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4.1 A greedy-type deterministic Algorithm

The basis of our algorithms is provided by a simple algorithm. Let GREEDY be the algorithm,
which accepts a new jobrj as long as there exists a schedule which contains all previously accepted
jobs andrj . For a given input sequenceσ, define itslength ratio as∆σ := maxi,j∈σ

bi−ai

bj−aj
=

maxi∈σ(bi − ai), i.e., the maximum ratio of two job durations inσ. The algorithmGREEDY does
not require thatminj(bj−aj) = 1. Our first goal is to establish thatGREEDY is2∆σ+1-competitive.
In the remainder of this section, we will consider a fixed input sequenceσ and simply write∆ for
∆σ.

Let σG be the set of jobs, which are accepted byGREEDY andσOPT be the set of jobs, which are
accepted by an optimal offline algorithm. We denote byX := σG ∩ σOPT be the set of jobs which
are accepted by both of these algorithms,Y := σG \σOPT be the set of all the jobs accepted only by
GREEDY andZ := σOPT \ σG the set of jobs only accepted by the optimal offline-algorithm.

Consider the schedule thatGREEDY outputs. Consider the machines one by one, and on each
machine, consider the jobs on it from left to right. Denote the jobs on machinej by 1, . . . , ij , their
start times byai and finish times bybi (i = 1, . . . , ij). Wheneverai+1 − bi > 2∆, we say that the
interval [bi + ∆, ai+1 − ∆] is agap. If this happens on machinej, we say that the gap is of typej.

Lemma 4.1 Every job inZ has an empty intersection with every gap.

Proof Suppose there is a job inZ that has nonzero intersection with some gap of typej. This job
could be placed entirely on the machinej, without overlapping the existing jobs on that machine,
by the definition of a gap (since its length is at most∆). SoGREEDY would have accepted this job,
a contradiction. �

Theorem 3 For an input sequenceσ with length ratio∆, GREEDY has a competitive ratio of2∆+
1.

Proof Take a machinej. Consider an interval between two gaps of typej (or an interval until the
first gap / after the last gap / the entire interval[0, T ], if there are no gaps on machinej). Call such
an interval a non-gap-interval. On machinej, there can be at most∆ idle time at the start and at the
end of a non-gap-interval. If this is not true, the gap would have been defined differently. Thus on
machinej, some job starts within time∆ of any gap, and after that job finishes, each time within
time 2∆ a new job starts, until the next gap appears (at most∆ after the last job completes) or the
end of the schedule is reached. Since each job has length at least 1, this means that on machinej,
within each non-gap-interval, at least1/(1+ 2∆) of the time some job is running in the schedule of
GREEDY. This reasoning holds for any machinej = 1, . . . ,m. For future calculations, we now say
simply thatGREEDY is running a job of density (“height”)1/(1+2∆) at all timeswithin each non-
gap-interval. This does not increase the overall profit ofGREEDY and simplifies the comparison to
OPT.

On the other hand, in an optimal solution, by Lemma 4.1 no jobsin Z can be running at any time
during gaps. Now consider the intervals between two gaps ofanytype in order of increasing starting
time. Call these intervals “allowed intervals”. We find thatall jobs inZ are run only during allowed
intervals. However, on each machine, an allowed intervalI is a subinterval of a non-gap-interval,
so on each machineGREEDY earns (running this job of density1/(1 + 2∆)) at least1/(1 + 2∆)
of the length ofI. So in total, duringI it earns at leastm/(1 + 2∆) times the length ofI, and of
courseOPT earns at mostm times the length ofI duringI.
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Figure 2: An example schedule ofGREEDY for an input where∆ = 3. There are five machines,
time is on the horizontal axis. All the jobs served byOPT that GREEDY does not serve must be
within the shaded areas. Since there is a gap on machine 4, thejobs between the large shaded areas
are either both served byGREEDY andOPT, or only byGREEDY.

Finally, consider a gapG. The only jobs thatOPT has accepted and that overlap (partially) with
G are the jobs inX that GREEDY is also running, by Lemma 4.1. However, we have modified the
GREEDY-schedule by spreading each job out over a non-gap-interval. Thus for a job that runs fort
units of time during a gapG, we have thatGREEDY earns at leastt/(1 + 2∆) duringG, andOPT

clearly earns at mostt duringG.
This concludes the proof. An illustration is given in Figure2. �

5 An Algorithm Based on Classify and Randomly Select

Assume now that the minimum length of an interval isminj(bj − aj) = 1. We divide the possible
input requests intoN := ⌈log T ⌉ disjoint classesC1, . . . , CN , with j ∈ Ci if and only if 2i−1 ≤
bj − aj < 2i. The algorithmCRS-GREEDY chooses classCi with probability 1

N
Then, when

processing a sequenceσ the algorithm ignores all requests not in classCi and usesGREEDY to
process the requests in classCi.

Fori = 1, . . . , N let σi := σ∩Ci andOPTi denote the total profit of jobs from classCi accepted
by OPT. If GREEDY processesσi for somei, it achieves a competitive ratio of5, since∆σi

≤ 2i

2i−1 =

2. Since there is a probability of1
N

that the algorithm picks the class which contributes the biggest
part to the optimal solution we can estimate the expected value of the machine time obtained by
CRS-GREEDY as follows:

E [CRS-GREEDY(σ)] =

N
∑

i=1

1

N
· GREEDY(σi) ≥

1

N

N
∑

i=1

1

2∆σi
+ 1

OPT(σi)

≥ 1

5N

N
∑

i=1

OPT(σi) ≥
1

5N

N
∑

i=1

OPTi =
1

5N
OPT(σ).

Thus,CRS-GREEDY achieves a competitive ratio of5N = 5⌈log T ⌉.
We remark here that the above algorithm can be modified easilyfor the case thatminj(bj−aj) =

ε 6= 1 is known in advance and then provides a competitive ratio of5⌈log T/ε⌉.

5.1 An Improved Deterministic Algorithm

We note briefly that theGREEDY algorithm from above can be used to obtain a randomized al-
gorithm CRS-GREEDY with competitive ratio5⌈log(T )⌉ by applying the classify and randomly
select-paradigm [2]. Assume that the minimum length of an interval isminj(bj − aj) = 1. We
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divide the possible input requests intoN := ⌈log T ⌉ disjoint classesC1, . . . , CN , with j ∈ Ci if
and only if 2i−1 ≤ bj − aj < 2i. The algorithmCRS-GREEDY chooses classCi with probabil-
ity 1

N
Then, when processing a sequenceσ the algorithm ignores all requests not in classCi and

usesGREEDY to process the requests in classCi. A proof of the competitiveness is included in
Appendix 5.

We will now useGREEDY and ideas from the classify-and-select paradigm to obtain adetermin-
istic algorithm which achieves an improved competitiveness.

Lemma 5.1 Suppose that we are given a sequence of jobsσ. For 1 ≤ k ≤ m let OPT(k)(σ) denote
the optimal offline profit achievable usingk machines (so thatOPT(σ) = OPT(m)(σ)). Then,

k

m
· OPT(m)(σ) ≤ OPT(k)(σ) ≤ OPT(m)(σ).

Proof Given an optimal solution form machines, a feasible solution can be obtained by accepting
the jobs scheduled on thek machines with the highest profits. Thus,OPT(k)(σ) ≥ k

m
OPT(m)(σ).

The second inequality is trivial. �

Similar to the randomized algorithmCRS-GREEDY, the improved deterministic algorithmC-
GREEDY divides the jobs into classes. How this is done, depends on the specific relation between
the numberm of machines and the time horizonT .

5.1.1 Instances withm ≥ ⌈log T ⌉

In order to simplify the presentation, we first assume that the time horizonT = 2k is a power of
two. In this case,C-GREEDY reserves exactly⌊m/ log T ⌋ machines for each of the classesCi. For
each of thek = log T classes it uses an instantiation ofGREEDY to process the jobs.

Lemma 5.2 If T = 2k andm = k · t for somek, t ∈ Z
+, thenC-GREEDY is 5 log T competitive.

Proof Similar as in Lemma 5.1 letOPT(t) and GREEDY(t) be the respective algorithms which
schedule jobs ont = m/ log T machines instead of onm machines. LetOPTi be the profit ofOPT

obtained by jobs in classCi. Then

OPT(σ) =

log T
∑

i=1

OPTi ≤
log T
∑

i=1

OPT(m)(σi)

Lemma 5.1
≤

log T
∑

i=1

log T · OPT(t)(σi) (3)

Theorem 3
≤ log T

log T
∑

i=1

(2∆Ji
+ 1)GREEDY(t)(σi)

∆Ci
≤2

≤ 5 log T

log T
∑

i=1

GREEDY(t)(σi) = 5 log T · C-GREEDY(σ).

�

Lemma 5.3 If T = 2k andm ≥ log T for somek ∈ Z
+, thenC-GREEDY is 10 log T competitive.
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Proof Form ≥ log T we have2⌊ m
log T

⌋ ≥ m
log T

. Thus, we get

OPT(σi) ≤
m

⌊ m
log T

⌋OPT(t)(σi) ≤ 2 log T · OPT(t)(σi). (4)

Using the computation from Lemma 5.2, but applying (4) instead of Lemma 5.1 in (3) gives the
desired bound on the competitive ratio. �

We finally extend our result to the general case whereT is not a power of two andm is not an
integer multiple oflog T .

If T is not a power of two, thenC-GREEDY simply rounds upT to the next power2k ≥ T of
two, so that2k−1 ≤ T < 2k. Since every instance with givenT can be seen as an instance with
time horizon2k we obtain the following result by applying Lemma 5.3:

Theorem 4 For m ≥ ⌈log T ⌉, the algorithmC-GREEDY is10(⌈log T ⌉) ≤ 10(log T+1)-competitive. 2

5.1.2 Instances withm < ⌈log T ⌉

If m < ⌈log T ⌉, then C-GREEDY uses a different partition of the machines by using a different
classification of the jobs. Forj = 1, . . . ,m machinej is only allowed to accept jobs with length

betweenT
j−1

m andT
j

m . This way we obtainm classes where for each classi the ratio of the longest
and the smallest possible jobs is∆i = m

√
T .

Theorem 5 For m ≤ ⌈log T ⌉, C-GREEDY has a competitive ratio of2m( m
√

T + 1).

Proof Analogously to the two preceding proofs, we can upper bound the optimal offline profit as:

OPT(σ) ≤
m

∑

i=1

OPT(m)(σi)

Lemma 5.1
≤ m

m
∑

i=1

OPT(1)(σi)

Theorem 3
≤ m

m
∑

i=1

2(∆i + 1)GREEDY(1)(σi)

∆
i
≤ m

√
T

≤ m · 2( m
√

T + 1)

m
∑

i=1

GREEDY(1)(σi)

= m · 2( m
√

T + 1) · C-GREEDY(σ).

�

The input sequence from Lemma 4 of [15] can be adapted for the current problem by letting all
jobs have the same starting time (since jobs no longer arriveover time but in a list). This gives a
lower bound ofm( m

√
T − 1) for any online algorithm. This means that the algorithmC-GREEDY is

optimal up to a factor of slightly more than 2. We note that thedeterministic algorithmC-GREEDY

can be modified to handle that case thatminj(bj − aj) = ε 6= 1 but this quantity (or a lower bound
on it) is known in advance. In this case for all competitiveness boundsT is replaced byT/ε in the
expressions.

10



References

[1] B. Awerbuch, Y. Azar, A. Fiat, S. Leonardi, and A. Rosén,On-line competitive algorithms for
call admission in optical networks, Algorithmica31 (2001), 29–43.

[2] B. Awerbuch, Y.Bartal, A. Fiat, and A. Rosén,Competitive non-preemptive call control, Pro-
ceedings of the 5th Annual ACM-SIAM Symposium on Discrete Algorithms, 1994, pp. 312–
320.

[3] P. Baptiste,Polynomial time algorithms for minimizing the weighted number of late jobs on a
single machine with equal processing times, Journal of Scheduling2 (1999), 245–252.

[4] S. K. Baruah, J. Haritsa, and N. Sharma,On-line scheduling to maximize task completions,
Journal of Combinatorial Mathematics and Combinatorial Computing39 (2001), 65–78.

[5] A. Borodin and R. El-Yaniv,Online computation and competitive analysis, Cambridge Uni-
versity Press, 1998.

[6] , On randomization in on-line computation, Information and Computation150(1999),
no. 2, 244–267.

[7] J. Boyar, S. Krarup, and M.N. Nielsen,Seat reservation allowing seat changes, Journal of
Algorithms52 (2004), 169–192.

[8] J. Boyar and K. S. Larsen,The seat reservation problem, Algorithmica25 (1999), 403–417.

[9] M. Chrobak, W. Jawor, J. Sgall, and T. Tichy,Online scheduling of equal-length jobs: Ran-
domization and restarts help, Proceedings of the 31st International Colloquium on Automata,
Languages and Programming, Lecture Notes in Computer Science, vol. 3142, Springer, 2004,
pp. 358–370.

[10] E. Gassner and S. O. Krumke,Deterministic online optical call admission revisited, Proceed-
ings of the 3rd Workshop on on Approximation and Online Algorithms, Lecture Notes in
Computer Science, Springer, 2005, To appear.

[11] S. A. Goldman, J. Parwatikar, and S. Suri,Online scheduling with hard deadlines, Journal of
Algorithms34 (2000), 370–389.

[12] S. O. Krumke and D. Poensgen,Online call admission in optical networks with larger wave-
length demands, Proceedings of the 28th International Workshop on Graph-Theoretic Con-
cepts in Computer Science, Lecture Notes in Computer Science, vol. 2573, Springer, 2002,
pp. 333–344.

[13] R. J. Lipton and A. Tomkins,Online interval scheduling, Proceedings of the 5th Annual ACM-
SIAM Symposium on Discrete Algorithms, 1994, pp. 302–311.

[14] D. D. Sleator and R. E. Tarjan,Amortized efficiency of list update and paging rules, Commu-
nications of the ACM28 (1985), no. 2, 202–208.
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